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Abstract 

The cognitive phenomenon, known as task-unrelated thought, reflects the atten-

tion shift of one’s mind away from the task at hand. Evidence suggests that task-

unrelated thought occurs in 30–50% of people’s waking time. Previous research 

using the metronome response task shows that task-unrelated thought is related to 

variability in response time magnitude. However, those studies did not account for the 

time varying characteristics of an individual’s tapping behavior. In the current study, 

three research questions were investigated: (1) What is the relationship between 

task-unrelated thought and movement dynamics (finger tapping dynamics)? (2) How 

does the statistical structure of external stimuli influence task-unrelated thought? (3) 

Does this structure moderate the relationship between task-unrelated thought and 

finger tapping dynamics? Participants performed the metronome response task under 

four different metronome structures: NoTone, Persistent, Periodic, and Random. 

Participants synchronized their finger to the metronome tone for each condition and 

self-reported the occurrence of task-unrelated thought. Overall, an increase of the 

Hurst exponent resulted in a decrease of task-unrelated thought probability. The find-

ings have implications that behavioral variability has value in detecting task-unrelated 

thought. Additionally, studies using the metronome response task should account 

for the impact of the tone structure being used. Future research is warranted in this 

field to truly understand the mechanism behind task-unrelated thought and its link to 

human movement variability.
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Introduction

It is common for people to dissociate their thoughts from their ongoing tasks, even 
though to an observer they may seem to be fully engaged. This phenomenon 
is referred to as task-unrelated thought (TUT), also commonly known as “mind-
wandering” [1]. TUT occurs when thoughts drift away from the task at hand and is 
estimated to occur nearly 30–50% of the time we are awake [2–4]. To date, research 
suggests that TUT plays an important role in many facets of our lives, having either a 
positive or negative impact [5–9]. On one hand, TUT has been shown to contribute to 
solving complex problems (i.e., insightful thought can lead to “eureka” moments) [5]. 
On the other, TUT has also been related with a decrease in cognitive and motor per-
formance across a variety of tasks, presented as slower reaction times, lower scores 
in task accuracy, and decreased reading comprehension [1,7,8,10–14]. However, our 
understanding of how TUT affects motor task performance, specifically, is limited. Of 
particular interest is how subtle, variable patterns in movement sequences map onto 
the wandering mind.

Repetition is a fundamental feature for any number of human behaviors, such as 
gait cycles [15–20], finger taps [21–22], reaction times [23], and time estimation [24]. 
Repetitions of these actions have an average duration, but small temporal fluctua-
tions are present from one action to the next, such that two consecutive actions are 
never identical. Such fluctuations are not limited to intentional actions [16,25–27]. An 
example can be seen in human heartbeats which are assumed by many laypeople 
as being somewhat regular, with a healthy resting heart rate around 60 beats per 
minute; however, heart rate tends to vary considerably throughout the day [28–30]. 
Across both behavioral and physiological domains, fluctuations are thought to reveal 
important information about the health and adaptability of the system that generates 
them [19,20,31]. Because TUT also displays a pattern of fluctuating repetition, as it 
varies intermittently from one moment to the next and from an attentive state to an 
inattentive state [12,32], a question is raised: can behavioral fluctuations also reveal 
whether our mind has drifted off-task? In other words, are our cognitive and motor 
systems interconnected in the sense that failure in one leads to failure in another.

Research work using the metronome response task suggested that TUT could 
be related to movement variability [12,33–36]. In this task, participants listened to 
a steady beat (metronome) and were asked to make a key response whenever a 
tone was heard. Participants were probed for TUT periodically in between tapping 
intervals. The key metric regarding movement was the amount of variability in finger 
tapping, which was simply assessed via the standard deviation of the response times 
relative to the tones. In the previous studies, increased rates of TUT were associ-
ated with increased amounts of variability in response to the tone [12,36]. According 
to the executive failure hypothesis, the variation in response times may represent 
failures in the allocation of executive control resources to the task (i.e., TUT), thus 
disrupting optimal motor responses [6,32]. However, a potential limitation of these 
previous studies was that variability was measured in terms of standard deviation. 
Standard deviation is a basic summary statistic that does not inherently capture the 
time-varying relationship among subsequent actions; the standard deviation simply 
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represents an average of distances of the distribution values from the mean, thus estimating the amount of variability. 
However, research has shown that the rate of TUT can change due to temporal factors [37], and therefore it may not 
capture the whole picture. To capture the fluctuations that occur over time and across multiple repetitions of a task, or the 
temporal structure of variability, a different class of metrics is needed [19]. One such group of metrics is referred to as 
fractal analysis and has been widely deployed to study fluctuations in numerous physiological and movement contexts 
[17,28,30]. Fractal analysis has also been used in previous work to distinguish subtle temporal changes in healthy behav-
ior from pathological patterns in a variety of situations when linear metrics such as standard deviations have shown to be 
inadequate [20,28,30,38]. The current study thus leverages fractal analysis to investigate if there is a link between move-
ment variability (structure) and TUT by examining the temporal relationships between movement dynamics and instances 
when a person’s thoughts drift off-task.

One way to implement fractal analysis is through the examination of long-range correlations (LRC), which implies that a 
behavior observed at one point in time relates to many successive repetitions of that same behavior. For example, fractal 
analysis has been used to identify if neurophysiological and behavioral time series exhibit the presence of LRC (i.e., heart 
rate, neural activity, human walking) [16,23,28,39–44]. LRC can be captured by what is known as the Hurst exponent 
(H), a parameter referring to the tendency that an event in a time series is followed by a similar event [30,43,45,46]. Fig 
1 depicts several time series with different H exponents. Note that all the time series have the same mean and standard 
deviation but differ in terms of their temporal structure. When H = 0.5, the observations are not correlated, meaning they 
are independent from one point in time to the next (Fig 1B). Deviations from H = 0.5 can either tend toward 0 or 1. In the 
case where H ranges from 0 to 0.5, the time series is characterized as anti-persistent (Fig 1A); and when H ranges from 
0.5 to 1, the time series is referred to as persistent (Fig 1C). Anti-persistent simply means that successive values are 
statistically more likely to be followed by values of the opposite sign, while persistent means that successive values are 

Fig 1.  Example time series with different Hurst exponents. Note: The time series have the same mean and standard deviation but different temporal 
structures. Panel (a) is an antipersistent time series with H = 0.1, while panels (b) and (c) reflect random and persistent processes with H = 0.5 and 
H = 0.9, respectively.

https://doi.org/10.1371/journal.pone.0341902.g001

https://doi.org/10.1371/journal.pone.0341902.g001
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statistically more likely to be followed by values of the same sign. Ubiquitous in all biological systems, the presence of per-
sistent values is thought to be a prime characteristic of healthy and adaptive behavior [30,31,44,47]. As such, any differen-
tiation from this type of a temporal structure can potentially be used as a marker to detect abnormality in the system.

There are many reasons to believe that persistent values (0.5 < H < 1) in motor behavior may be related to TUT. This 
argument is based on recent literature from several disciplines and medical areas, including brain function and disease 
dynamics, which have shown that many apparently “noisy” phenomena are the result of nonlinear interactions and have 
deterministic origins [48–56]. Based on this information, the optimal movement variability hypothesis (OMVH) was pro-
posed which posits that the natural fluctuations that are present in normal motor tasks (i.e., the temporal structure of vari-
ability) are characterized by an appropriate or optimal state of variability [20,31,47]. Optimal variability is associated with 
complex interactions across multiple control systems, feedback loops, and regulatory processes that enable an organism 
to function and adapt to the demands of everyday life [20,31,47]. This physiological complexity is recognized as an inher-
ent attribute of healthy biological systems, whereas the loss of complexity with aging and disease is thought to reduce 
the adaptive capabilities of the individual [15,25,28]. A loss of complexity can refer to either an overly constrained, peri-
odic system, or an overly random, incoherent system. Complexity can be estimated by examining the H exponent of the 
fluctuations that are present in the task under investigation linking it to persistence [57–58]. Optimal movement patterns 
typically produce H close to 1. In contrast, deviation away from the optimal movement patterns tend towards 0.5. In sup-
port of this hypothesis, research has shown that healthy motor behavior presents such values [17,22,33,49]. Other studies 
showed that people recover faster from mechanical disturbances when they walk with stride-to-stride fluctuations that 
exhibit values of H closer to 1 [59–60]. Moreover, evidence strongly suggests that similar values of H are present in the 
interface between healthy human cognition and physiological processes, reflecting a possible interaction between mind 
and body [40,61–72]. For example, such values have been found in upper limb movements as related to task engagement 
in tasks like driving [73]. These findings suggested that there could be a connection between the temporal relationships of 
movement dynamics and instances when a person’s thoughts drift off-task. Possibly, if a decrease in task performance, 
such as a slower reaction time or a decrease in task accuracy has been related with TUT [8,74,75], then we can hypoth-
esize that deviations from optimal movement patterns would likewise suggest a lack of attention due to TUT. This would 
suggest that the two systems are interconnected and could have implications for how the occurrence of TUT is related to 
other physiological processes.

In addition to the overall relationship between TUT and movement variability, we expect that TUT is likely to be task 
sensitive. This prediction builds from previous work suggesting that the frequency of TUT tends to be modulated by task 
difficulty, as more attentional control is required during challenging tasks, thus “allowing” for less TUT to occur [6,32,76]. 
This finding has implications for tasks in which we want to study human movement variability while our minds also have the 
potential to wander, e.g., walking. In prior studies that used the metronome response task, the same metronome frequency 
was used across all participants [12,33]. Thus, the individual’s natural variability patterns were not considered in the devel-
opment of the metronome, i.e., the difference between the metronome and a participant’s natural tapping pattern would 
affect how much executive control is required. Here, we also wanted to investigate how this potential limitation may have 
affected previous results. We thus developed an experimental paradigm, inspired by studies in gait variability, that takes 
into account the effect of the temporal structure of the metronomic apparatus on the frequency of TUT [21,66,77–80].  
In our experimental paradigm and according to the OMVH, natural tapping patterns should be disturbed by classic met-
ronomes with isochronous, periodic inter-beat time intervals or variable metronomes that exhibit random inter-beat time 
intervals. From this perspective, tapping to such “unnatural” metronomes might be perceived as more difficult to sustain, 
requiring more attentional control, and allowing less TUT to occur.

Therefore, in the present study we raised three research questions: (1) What is the relationship between TUT and 
movement dynamics in terms of finger tapping dynamics? (2) How does the temporal structure of the variability in the 
external stimuli influence TUT? (3) Does the temporal structure of the variability in the external stimuli modulate the 
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relationship between TUT and finger tapping dynamics? To answer these questions, participants performed the metro-
nome response task under four different conditions: NoTone, Periodic, Persistent, and Random. In the NoTone condition, 
participants tapped their finger at their own pace. For the other conditions, the frequency content of a metronome was 
calibrated to the participant’s natural tapping frequency with temporal fluctuations implemented in the inter-beat intervals 
based on certain time series. Essentially, participants were instructed to synchronize their tapping to the metronome beats 
in which each condition differed in terms of its temporal structure. For the Periodic condition, participants synchronized 
their tapping to an isochronous or invariant beat time series. For the Persistent condition, participants synchronized their 
tapping to a variable and structured beat time series that exhibited high complexity as defined with an H close to 1. For the 
Random condition, participants synchronized their tapping to a random (non-correlated) beat time series as defined with 
an H equal to 0.5. Participants also self-reported TUT instances to examine how TUT’s occurrence relates to the different 
metronome structures.

Based on the executive failure hypothesis, we hypothesized that TUT will be more likely to occur when tapping behav-
ior is closer to a participant’s natural tapping pattern due to less need for executive control to maintain the tapping behav-
ior. Additionally, we hypothesize that TUT will be more likely to occur when tapping in the NoTone condition (the natural 
frequency) and/or the Persistent condition in which tapping occurs to a stimulus that exhibits high complexity. That is 
because in those conditions, participants will be tapping in either their natural frequency pattern or one that is preferred 
due to its high complexity. Therefore, less executive control will be needed to perform the task increasing the likelihood of 
TUT. In contrast, we also hypothesized that TUT will be less likely to occur when the temporal structure of the metronome 
is either periodic or random. The rationale is that in those conditions, participants will have to adapt their tapping pattern to 
unnatural patterns. Thus, more executive control will be needed to perform the task, reducing the likelihood of TUT. Lastly, 
we hypothesized that we would observe an effect of the metronome condition on the relationship between TUT and finger 
tapping dynamics. More specifically, when synchronizing motor behavior to an external stimulus, individuals tend to exhibit 
the same temporal structure that was embedded in the given stimuli [66,77,81,82]. Therefore, we hypothesized that the 
temporal structure of the metronomes will simultaneously influence finger tapping and the probability of TUT.

Methods

Participants

One hundred and twenty undergraduates with normal and assisted hearing were recruited from the University of New 
Hampshire. All participants completed an informed, written consent electronically and were compensated with course 
credit. The study was approved by the Institutional Review Board at the University of New Hampshire and determined to 
be exempt in accordance with relevant federal guidelines.

Procedure

The experiment was conducted online with a single within-subjects manipulation. Upon signing the informed consent, 
participants completed a finger tapping task to determine participants’ baseline tapping rate. Participants were instructed 
to press the letter “M” at a self-selected pace that they could easily maintain. The finger tapping task lasted for 1 minute. 
The mean and standard deviation of finger tapping rate was calculated and used to calibrate the metronome pace in the 
metronome conditions for each participant. Participants then completed a sound check in which a sample tone was played 
to allow participants to adjust the sound of their audio to a comfortable level.

Next, participants performed the metronome response task under four conditions each lasting 8 minutes: three 
metronome conditions, Periodic, Persistent, and Random, and one without a metronome, NoTone. For the metronome 
conditions, participants were instructed to synchronize their finger taps to the given metronome by pressing the letter 
“M’‘ whenever they heard a tone. For the Periodic condition, participants synchronized their taps to an invariant metro-
nome (i.e., traditional metronome). For the Persistent condition, participants synchronized their tapping to a variable and 
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temporally structured metronome, a tone’s time series exhibiting a positive correlation (H = 1.0). For the Random condi-
tion, participants synchronized their tapping to a non-correlated series of tones (H = 0.5). The Hurst exponents for the Per-
sistent and Random condition have been used in prior research synchronizing motor movements with different metronome 
structures [59, 66, 81-82]. Lastly, during the NoTone condition participants did not hear a metronome and were instructed 
to press the letter “M” at a self-selected pace, similar to the initial finger tapping baseline task. The order of the conditions 
was counterbalanced using a Latin square design.

For all the conditions, participants were also instructed to press the letter “Z” on the same keyboard every time they 
experienced having any task-unrelated thoughts (e.g., plans for the weekend, a discussion with a friend or family, etc.) 
(See Fig 2). This self-caught method for assessing TUT is common in the literature and has been found to be a reliable 
way to assess TUT [83]. Upon completing the task, participants completed a demographic survey. The duration of the 
entire experiment lasted 35–45 minutes.

Time series and statistical analysis

The three metronomes used in the metronome response task were created and calibrated based on each participant’s 
baseline tapping rate. The Periodic metronome was scaled using the participant’s inter-taps mean with a standard devi-
ation of zero. The Persistent and Random tones were scaled from a preconstructed, normalized base structure as has 
been done in prior studies [59]. For the Persistent condition (H = 1.0), the metronome was scaled using the inter-taps 
mean and standard deviation of the participant’s baseline taps. Finally, for the Random condition (H = 0.5), the metronome 
was scaled based on the participant’s inter-taps mean and a random standard deviation generated using a Gaussian 
normal distribution.

As a compliance check, the number of taps was compared to the expected number of taps (number of tones) to ensure 
that the metronome response task was performed correctly. For each condition with a metronome, the tapping trial was 
considered to be valid if the number of taps was within 10% of the expected taps. If the number of taps fell outside the 
10% confidence interval, the trial was excluded for statistical analysis. Based on the exclusion criterion, 66 Periodic, 64 
Persistent, and 67 Random trials were included in the statistical analysis. Trials in the NoTone condition were not held to 

Fig 2.  Metronome response task setup. Note: Participants completed the experiment on their personal computer. While participants did the task, 
keypress instructions were displayed on the screen. Participants pressed ‘M’ in response to a tone and ‘Z’ whenever they found themselves having 
task-unrelated thoughts. Participants completed the task under all four metronome conditions.

https://doi.org/10.1371/journal.pone.0341902.g002

https://doi.org/10.1371/journal.pone.0341902.g002


PLOS One | https://doi.org/10.1371/journal.pone.0341902  January 28, 2026 7 / 17

the same criterion as participants may naturally deviate from their initial tapping behavior without a metronome to keep the 
same pace. However, 29 trials were excluded due to not performing the task correctly (e.g., long periods of time without 
a response). After applying the exclusion criteria, a total of 66 Periodic, 64 Persistent, 67 Random, and 91 NoTone trials 
were included in the analyses.

The first 455 seconds (out of the total 480 seconds) of each trial was divided into 7 periods of 65 second intervals. Prior 
research using the Metronome Response Task has shown that this is a sufficient time window for TUT to occur [36,84]. 
Traditionally, Detrended Fluctuations Analysis (DFA) has been the gold standard to measure statistical persistence in 
human movement and cognitive sciences [32,85]. However, DFA has some limitations. Best practices suggest that DFA 
requires at least 500 points for the results to be reliable [42,48,86,87]. In this study the tapping time series was infe-
rior to 500 points, therefore to overcome this limitation, we used the Bayesian approach by [85] to compute the Hurst-
Kolmogorov Process (HKprocess). Commonly used in other research areas, the HKprocess is a posterior distribution of 
the ϕ parameter of the autoregression process using a Bayesian approach and has shown reliable performance on shorter 
time series (n < 500) [88–91]. Upon sectioning the time series in 7 periods, the temporal structure of individuals’ tapping 
performance was evaluated within each period.

To answer the research questions, statistical analyses were performed with logistic linear mixed effects models using 
template model builder from the glmmTMB package in R [88]. The dependent variable, TUT, was treated as a binary 
variable with occurrence depending on if any TUT event was reported within a time period (presence of TUT = 1; absence 
of TUT = 0). The Hurst exponent of tapping behavior was treated as a continuous fixed effect and was z-scored across 
participants. For analyses that used metronome condition as a moderator, metronome condition was treated as a discrete 
fixed effect. For comparisons between conditions, the NoTone condition was treated as the reference condition. Although 
no predictions about the effects of time were made, linear and quadratic terms for period number were also included as 
continuous covariates (fixed effects) to control for time effects—prior research has shown that TUT likelihood increases 
along with task duration [14]. Random intercepts for participant and random slopes for metronome condition within partici-
pant were also included.

Results

What is the effect of metronome condition on movement dynamics (finger-tapping dynamic)?

As a manipulation check, we first investigated the effect of the metronome condition on the tapping behavior as this 
pattern should align with previous studies (see Table 1). A linear mixed effect model was performed with Hurst as the 
dependent variable, metronome condition as a discrete, fixed effect, and participant as a random effect. NoTone had a 
lower H than Persistent, β = −.16, SE = .05, p = .02, but had a higher H than Random, β = .56, SE = .05, p < .001, and Peri-
odic, β = 1.20, SE = .05, p < .001. Persistent had a higher H than Random, β = .72, SE = .06, p < .001, and Periodic, β = 1.36, 
SE = .06, p < .001. Random had a higher H than Periodic, β = 0.64, SE = .05, p < .001. Although the H exponents are, on 

Table 1.  Average Hurst exponent and TUT binary responses by condition.

H TUT

Condition M SD M SD

NoTone 0.58 0.14 0.64 0.48

Persistent 0.61 0.15 0.73 0.44

Periodic 0.36 0.19 0.68 0.47

Random 0.48 0.14 0.68 0.47

Note: Hurst exponent ranges from 0 to 1 and TUT probability ranges from 0 to 1.

https://doi.org/10.1371/journal.pone.0341902.t001

https://doi.org/10.1371/journal.pone.0341902.t001
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average, slightly lower than those often observed in previous work [77–78] the general trends supported by significant 
differences among conditions suggest that the metronome manipulation was successful.

Main analysis

In order to examine the three research questions, the model contained linear and quadratic effects of time, metronome 
condition, H, and the interaction between metronome condition and H. All reported results are based on the final model. 
Though it was not key to the experiment, we first note that period number was predictive of TUT, with both the linear and 
quadratic terms being related. More specifically, the linear term suggested that a one-unit change in period number is 
expected to increase the log-odds of a TUT event by 0.45 (β = 0.45, SE = 0.16, p = .004). The quadratic term suggests a 
concave-down curvilinear change in the log-odds of TUT (β = −0.06, SE = 0.02, p = .004). This finding is consistent with 
prior research demonstrating a general trend of TUT over time [14].

What is the relationship between TUT and movement dynamics (finger-tapping dynamics)?

Fig 3 shows TUT responses and finger-tapping responses by metronome condition. Early model building steps suggested 
a one SD increase in H of tapping behavior is expected to decrease the log-odds of a TUT event by 0.39 (β = −0.39, 
SE = 0.17, p = .023). In other words, deviations away from the optimal form of variability decrease the tendency for TUT.

How does the temporal structure of the external stimuli influence TUT?

Table 1 shows TUT rates by metronome condition. Results suggested that, on average, the Persistent condition increased 
the log-odds of TUT events by 0.75 when compared to the NoTone condition (β = 0.75, SE = 0.34, p = .028). However, 
TUT likelihood did not significantly differ between the NoTone and Random conditions (β = −0.01, SE = 0.27, p = .963), nor 
between the NoTone and Periodic condition (β = 0.06, SE = 0.31, p = .850).

Does the temporal structure of external stimuli moderate the relationship between TUT and finger-tapping 
dynamics?

The interaction between the structure of tapping behavior (H) and the metronome conditions was examined to determine if 
the temporal structure of the metronome tone was a moderator of the relationship between metronome condition and TUT. 

Fig 3.  TUT responses and finger tapping responses by condition.

https://doi.org/10.1371/journal.pone.0341902.g003

https://doi.org/10.1371/journal.pone.0341902.g003
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Simple slopes analyses were performed to examine the interaction. Fig 4 shows the relationship between TUT and H by 
condition. The NoTone condition did not differ in the relationship between H and TUT with the Periodic condition, β = −0.49, 
SE = 0.23, p = .147, the Persistent condition, β = 0.09, SE = 0.28, p = .990, or the Random condition, β = −0.13, SE = 0.27, 
p = .961. The relationship between H and TUT did not differ between the Periodic condition and the Persistent condition, 
β = 0.57, SE = 0.27, p = .153, or the Random condition, β = 0.35, SE = 0.26, p = .530. No difference was observed between 
the Persistent condition and the Random condition, β = −0.22, SE = 0.30, p = .879. Though no comparisons were signif-
icant, the Periodic condition had a positive relationship between H and TUT (β = 0.09, SE = 0.15), while the Persistent, 
(β = −0.48, SE = 0.22), Random, (β = −0.26, SE = 0.21), and NoTone, (β = −0.39, SE = 0.15), conditions had a negative 
relationship.

Additional analyses

The current study examined the relationship between the structure of variability and TUT while prior studies have used the 
magnitude of variability. Because both are measures of variability, it is possible that the structure of variability is a more 
calculation-intensive version of the magnitude of variability. In this case, it would be simpler to use magnitude of variability 
instead. An additional analysis was run to examine if the two measurements independently predict TUT. Because of how 
the metronomes were constructed in the current study, the magnitude of variability could not be calculated in the same 
way as previous studies. Prior research using the metronome response task have used consistent inter-tone intervals of 
1300 ms. In the current study, the average baseline tapping rate was ~ 850 ms and the interval would vary in the Per-
sistent and Random metronomes. Therefore, participants could fail to respond to a tone or make multiple responses to a 
tone making it difficult to determine a 1–1 mapping of taps to tones which is required to calculate prior studies’ magnitude 
of variability. As an alternative, magnitude of variability was calculated as the standard deviation of the inter tap intervals.

Magnitude of variability was added to the main model as a fixed effect and allowed to interact with metronome condition 
and H. Magnitude of variability was not predictive of TUT, (β = 0.01, SE = 0.01, p = .486), and no interactions involving mag-
nitude of variability were significant. Additionally, all previous significant results were still significant. This suggests that the 
structure of variability is a different construct than the magnitude of variability and is related to TUT differently.

Fig 4.  TUT probability as a function of the Hurst exponent by condition. Note: Regression lines were obtained from the linear mixed effect model.

https://doi.org/10.1371/journal.pone.0341902.g004

https://doi.org/10.1371/journal.pone.0341902.g004
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Discussion

In the current study, the metronome response task was used to investigate the relationship between the temporal 
structure of finger-tapping and TUT. We performed a within-subjects experimental design in which participants were 
asked to synchronize their finger taps to three metronome conditions: Periodic, Persistent, and Random. In a fourth 
condition (NoTone), participants performed a self-selected pace tapping condition (no metronome). A self-caught 
method was used to assess TUT during all conditions. Unlike previous studies focusing on finger-tapping variability 
(standard deviations) within the tapping task [12,33,35], the current study investigated the nature of the relationship 
between the temporal structure of finger-tapping and TUT events using fractal analysis. The current study aimed to 
address the following questions: (1) What is the relationship between TUT and movement dynamics in terms of finger 
tapping dynamics? (2) How does the temporal structure of the variability in the external stimuli influence TUT? (3) 
Does the temporal structure of the variability in the external stimuli modulate the relationship between TUT and finger 
tapping dynamics? Answering those questions requires a matter of care because the picture painted from our model-
ing results suggest that the answers are not independent of one another. In this discussion, we synthesize answers to 
those questions that acknowledge that interdependency.

Tapping variability and metronome structure jointly influence TUT

Previous research found that TUT increases with increasing magnitude of tapping variability [12,33,35]. Our 
main goal in this study was to complete the story by considering a second aspect of variability—its structure—as 
it relates to TUT. As a general note, our results echo those from the larger motor control literature showing that 
unconstrained tapping variability produces patterns consistent with long range correlations, as seen in gait as well 
as other cognitive behaviors [24,41,63,64,66,70,74,78,81,82,89]. Furthermore, our manipulation check supported 
the idea that tapping variability is also amenable to experimental manipulation with metronomes. Indeed, the Peri-
odic and Random conditions weakened or eliminated tap to tap correlations, as expected. Given that our manipu-
lations were successful in modifying tapping variability, the main lingering issues concern how those manipulations 
influenced TUT.

Overall, there was a negative relationship between H and TUT. This was observed in three conditions (NoTone, Per-
sistent, and Random), as increasing tapping structure (i.e., increasing H) tended to reduce TUT. In those conditions, 
participants were less likely to experience TUT when tapping behavior was more like patterns observed in unconstrained 
repetitive movements [30,31,39,43,44,47]. However, in the Periodic metronome an increase in tapping structure was 
associated with a decrease in TUT, that effect clearly depended on the resultant H derived from the tapping series. 
Though the interaction between the structure of tapping behavior (H) and tapping conditions on TUT was not significant, 
the trends suggest Periodic metronomes could potentially affect behavior differently and is worth future exploration. Disen-
tangling that difference between the Periodic and all other conditions may benefit from consideration of the gait literature 
that has used similar metronomes.

Two recent studies investigated how gait is influenced by two components of variability, the autocorrelation (as in the 
present study) and the probability distribution function (PDF) of the inter-beat intervals [66,89]. Specifically, the H of the 
metronome was manipulated to be either 0.5 (random metronome) or 1 (persistent). As predicted, gait paced by a per-
sistent metronome produced persistent inter-stride intervals that were essentially indistinguishable from unpaced walking. 
Furthermore, gait paced by a random metronome tended to become random itself. Additionally, metronomes constructed 
to have a uniform PDF were more disruptive when compared to metronomes constructed to have a normal (Gaussian) 
distribution. This is relevant because unpaced inter-stride intervals tend to be normally distributed with a persistent struc-
ture, and metronomes that deviated the most from typical unpaced walking patterns exerted the greatest influence on 
gait. The results from those studies, and others like them, seem to imply that the sensorimotor system has an affinity for 
normally distributed variability with a persistent structure.
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In the present study, although the Persistent condition tended to increase TUT relative to the NoTone condition, the 
H-TUT relationship was similarly negative across all conditions except the Periodic condition. In that sense, there seems 
to be a parallel between the present results and the gait results reported in the previous paragraph [66,89]. Although their 
autocorrelation functions clearly differ, the Random and the Persistent conditions have in common a normal distribution. 
That means that, in some sense, the Periodic condition, with its unchanging interbeat intervals, differs most from the other 
conditions. Hence, the flattening of the H-TUT relationship in that condition could be explained on similar grounds. The 
disruption to the H-TUT relationship could result from the Periodic condition’s greater deviation from patterns of variability 
for which the sensorimotor system has a stronger affinity, as evident from the distinct H-TUT relationship in that condition. 
However, additional research is needed to test this explanation.

The role of tapping variability in TUT

The present findings complement previous results suggesting that an increase in behavioral variability tends to be asso-
ciated with an increase in TUT [33–36,92]. Recall that the distinction between those studies and the present work is that 
those studies focused on magnitude of variability and its relationship to TUT, whereas the current study is concerned with 
the implication the structure of variability has for TUT. Although the approaches to variability are distinct, when considered 
together, the pattern of results across methodologies has an analogue in the motor control literature [39,90].

As noted in the introduction, the historical and even contemporary motor control literature often refers to variability 
as originating from error or noise [27,90]. As such, variability in human movements such as gait were first understood 
from that perspective and provided a wealth of information about how the magnitude of variability changes as a func-
tion of practice and learning [90,93,94]. Later studies also showed that the magnitude of variability also surfaces as an 
important indicator of motor problems that emerge due to neurodegenerative diseases and the natural course of aging 
[95–99]. The general pattern of results is that variability tends to decrease as we hone skills through learning and practice 
[23,39,97,99,100]. Moreover, older adults and those with neurological and physical impairments tend to be more variable 
than their younger, healthier counterparts [96–98,101]. Thus, there seems to be an inverse relationship between those 
trends and the ones discussed in the introduction concerning the structure of variability and its relationship to health and 
disease. While magnitude of variability is greater for novices and those with sensorimotor problems, the opposite is true 
for structure, with experts and healthy young adults producing the most structured variability [20,42,47,50,81,82,102,103].

Those comparisons parallel the current findings when considered in the context of the larger literature [12,33,34]. 
Increases in TUT seem to be accompanied by increases in the magnitude of variability while the structure of variability 
decreases. What emerges is a view with two types of variability, both important for understanding human behavior [104]. 
From the magnitude perspective, as attention to task waxes and wanes throughout a task’s duration, more frequent and 
potentially longer bouts of TUT emerge [14,32,34,92]. Indeed, our modeling results show that TUT tends to increase over 
time, even after accounting for the effects of tapping condition. The consequence is an ever-broadening distribution of 
inter-tap intervals. From the structural perspective, at the heart of this work, TUT seems to decrease as the structure of 
variability tends towards its theoretical maximum (i.e., H = 1) but increases as that temporal structure degrades. The ebb 
and flow of task-related and task-unrelated thought leads to one of two potential outcomes in terms of temporal structure. 
Fleeting attention could lead to a completely incoherent sequence of interbeat intervals as the participant pecks randomly 
from one tap to the next. Intermittent attention could also lead to an antipersistent regime, which is often interpreted as 
evidence of a corrective process [105–107]. Both of those possibilities were realized in our experimental data.

The current results, accompanied by the larger literature, suggest that both the magnitude and the structure of vari-
ability hold value in detecting TUT but reveal different characteristics. Measures of magnitude that are clearly important 
are, by definition, unable to resolve changes in temporal structure that may likewise be strong indicators of a wandering 
mind. The addition of time series methods designed to capture such changes enhances the value of tapping variability in 
assessing TUT.
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The structure of stimuli in tapping paradigms

On a more methodological note, the current results suggest that selection of cues in tapping paradigms is not a trivial 
matter. Our results clearly demonstrate that the structure of the underlying metronome influences the structure of tapping 
time series while simultaneously influencing TUT. The Persistent condition increased the likelihood of TUT relative to the 
NoTone condition and across most conditions, H decreased as TUT increased, although that was not always the case. 
The finding showing that the H-TUT behavior differs in the Periodic condition relative to the others has important implica-
tions, because prior studies have only used a standard (Periodic) metronome which could be an issue of generalizability 
to a person’s everyday behavior [12–33].

Potential limitations

There are some limitations to the current study. First, because of the variable timing in between tones, we were unable 
to determine how well participants followed the metronome tones and consequently magnitude of variability. Though 
only trials within 10% of the expected taps were used in the analyses, the possibility that a participant was not following 
the metronome structure remains. Future research should examine how the magnitude and structure of variability inde-
pendently affect TUT.

Second, the possibility exists that the tapping behavior during the initial baseline period and NoTone condition were 
different (different means and standard deviations for the interval between taps). In our study, the Persistent, Periodic, 
and Random conditions were constructed based on tapping behavior during the baseline period. Previous research has 
shown that human movement variability (structure) changes over time [25,29,30,69], that is, it is possible that the tapping 
behavior displayed during the 1-minute baseline period might differ from the tapping behavior during the 8 minutes in the 
NoTone condition. Therefore, the Persistent, Periodic, and Random conditions may not actually be based on a partici-
pant’s natural tapping behavior.

Third, the current study used self-caught measures for TUT. Another common method for capturing TUT is using 
probes [108]. The current study used self-caught measures because probes would interfere with the metronome structure 
by introducing pauses in order to collect responses. Unlike probe-caught, self-caught measures require meta-awareness 
as participants must be aware that they are experiencing TUT before a response can be made. Therefore, participants 
may have underreported instances of TUT due to the added requirement. However, the advantage of self-caught mea-
sures over probe-caught measures is that participants are able to report multiple TUT events within one probe period. 
Future research should examine if the same results are observed with probe-caught measures.

Lastly, this study was conducted online due to the COVID-19 pandemic. Most studies in the field using the metronome 
response task, are performed in-person. Hence, it is possible that variation in computers and input devices used in the 
study could have inflated noise in the data. In fact, this could be one explanation as to why the H values we observed 
were lower than those typically observed in repetitive human actions.

Conclusion

In summary, the present experiment investigated the relationship between tapping structure variability and task-unrelated 
thought. In doing so, there were several notable trends. First, the metronome response task produced inter-beat interval 
patterns similar to patterns observed in the study of gait and other intentional behaviors [24,44,64,70,74,78,81,89]. Sec-
ond, TUT generally increased with decreases in the temporal structure of tapping sequences. This finding was not univer-
sal, however, as this trend was not observed when tapping was paced by a Periodic metronome, though the difference 
in the relationship compared to the other metronome conditions was not significant. That last point has important conse-
quences for the generality of the metronome response task when used with a Periodic metronome given that the structure 
of variability and the rate of TUT may not be representative of everyday life. In addition, we note that there seems to be a 
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strong correspondence between variability (both magnitude and structure) observed in the presence of TUT and variability 
observed in human movement science, more generally. As such, the current results suggest a number of research ideas 
related to TUT as an explanatory device understanding variability in critical processes such as walking and running.

Author contributions

Conceptualization: Aaron Y. Wong, Anaëlle E. Charles, Caitlin Mills, Nick Stergiou, Aaron D. Likens.

Formal analysis: Aaron Y. Wong, Anaëlle E. Charles, Aaron D. Likens.

Methodology: Aaron Y. Wong, Anaëlle E. Charles.

Writing – original draft: Aaron Y. Wong, Anaëlle E. Charles.

Writing – review & editing: Aaron Y. Wong, Anaëlle E. Charles, Caitlin Mills, Nick Stergiou, Aaron D. Likens.

References
	 1.	 Smallwood J, Schooler JW. The restless mind. Psychol Bull. 2006;132(6):946–58. https://doi.org/10.1037/0033-2909.132.6.946 PMID: 17073528

	 2.	 Killingsworth MA, Gilbert DT. A wandering mind is an unhappy mind. Science. 2010;330(6006):932. https://doi.org/10.1126/science.1192439 PMID: 
21071660

	 3.	 Mills C, Raffaelli Q, Irving ZC, Stan D, Christoff K. Is an off-task mind a freely-moving mind? Examining the relationship between different dimen-
sions of thought. Conscious Cogn. 2018;58:20–33. https://doi.org/10.1016/j.concog.2017.10.003 PMID: 29107470

	 4.	 Smith GK, Mills C, Paxton A, Christoff K. Mind-wandering rates fluctuate across the day: evidence from an experience-sampling study. Cogn Res 
Princ Implic. 2018;3(1):54. https://doi.org/10.1186/s41235-018-0141-4 PMID: 30594969

	 5.	 Hasenkamp W, Wilson-Mendenhall CD, Duncan E, Barsalou LW. Mind wandering and attention during focused meditation: a fine-grained temporal 
analysis of fluctuating cognitive states. Neuroimage. 2012;59(1):750–60. https://doi.org/10.1016/j.neuroimage.2011.07.008 PMID: 21782031

	 6.	 McVay JC, Kane MJ. Conducting the train of thought: working memory capacity, goal neglect, and mind wandering in an executive-control task. J 
Exp Psychol Learn Mem Cogn. 2009;35(1):196–204. https://doi.org/10.1037/a0014104 PMID: 19210090

	 7.	 Mills C, Graesser A, Risko EF, D’Mello SK. Cognitive coupling during reading. J Exp Psychol Gen. 2017;146(6):872–83. https://doi.org/10.1037/
xge0000309 PMID: 28447842

	 8.	 Randall JG, Oswald FL, Beier ME. Mind-wandering, cognition, and performance: a theory-driven meta-analysis of attention regulation. Psychol 
Bull. 2014;140(6):1411–31. https://doi.org/10.1037/a0037428 PMID: 25089941

	 9.	 Unsworth N, Robison MK. The influence of lapses of attention on working memory capacity. Mem Cognit. 2016;44(2):188–96. https://doi.
org/10.3758/s13421-015-0560-0 PMID: 26450588

	10.	 Baldwin CL, Roberts DM, Barragan D, Lee JD, Lerner N, Higgins JS. Detecting and Quantifying Mind Wandering during Simulated Driving. Front 
Hum Neurosci. 2017;11:406. https://doi.org/10.3389/fnhum.2017.00406 PMID: 28848414

	11.	 Dias da Silva MR, Postma M. Straying Off Course: The Negative Impact of Mind Wandering on Fine Motor Movements. J Mot Behav. 
2022;54(2):186–202. https://doi.org/10.1080/00222895.2021.1937032 PMID: 34346297

	12.	 Seli P, Cheyne JA, Smilek D. Wandering minds and wavering rhythms: linking mind wandering and behavioral variability. J Exp Psychol Hum Per-
cept Perform. 2013;39(1):1–5. https://doi.org/10.1037/a0030954 PMID: 23244046

	13.	 Smallwood J. Mind‐wandering While Reading: Attentional Decoupling, Mindless Reading and the Cascade Model of Inattention. Language and 
Linguist Compass. 2011;5(2):63–77. https://doi.org/10.1111/j.1749-818x.2010.00263.x

	14.	 Thomson DR, Seli P, Besner D, Smilek D. On the link between mind wandering and task performance over time. Conscious Cogn. 2014;27:14–26. 
https://doi.org/10.1016/j.concog.2014.04.001 PMID: 24780348

	15.	 Buzzi UH, Stergiou N, Kurz MJ, Hageman PA, Heidel J. Nonlinear dynamics indicates aging affects variability during gait. Clin Biomech (Bristol). 
2003;18(5):435–43. https://doi.org/10.1016/s0268-0033(03)00029-9 PMID: 12763440

	16.	 Hausdorff JM. Gait dynamics, fractals and falls: finding meaning in the stride-to-stride fluctuations of human walking. Hum Mov Sci. 
2007;26(4):555–89. https://doi.org/10.1016/j.humov.2007.05.003 PMID: 17618701

	17.	 Hausdorff J, Peng C. Multiscaled randomness: A possible source of 1/f noise in biology. Phys Rev E Stat Phys Plasmas Fluids Relat Interdiscip 
Topics. 1996;54(2):2154–7. https://doi.org/10.1103/physreve.54.2154 PMID: 9965304

	18.	 Lajoie Y, Gallagher SP. Predicting falls within the elderly community: comparison of postural sway, reaction time, the Berg balance scale and the 
Activities-specific Balance Confidence (ABC) scale for comparing fallers and non-fallers. Arch Gerontol Geriatr. 2004;38(1):11–26. https://doi.
org/10.1016/s0167-4943(03)00082-7 PMID: 14599700

	19.	 Stergiou N. Nonlinear analysis for human movement variability. Boca Raton: CRC Press. 2018.

https://doi.org/10.1037/0033-2909.132.6.946
http://www.ncbi.nlm.nih.gov/pubmed/17073528
https://doi.org/10.1126/science.1192439
http://www.ncbi.nlm.nih.gov/pubmed/21071660
https://doi.org/10.1016/j.concog.2017.10.003
http://www.ncbi.nlm.nih.gov/pubmed/29107470
https://doi.org/10.1186/s41235-018-0141-4
http://www.ncbi.nlm.nih.gov/pubmed/30594969
https://doi.org/10.1016/j.neuroimage.2011.07.008
http://www.ncbi.nlm.nih.gov/pubmed/21782031
https://doi.org/10.1037/a0014104
http://www.ncbi.nlm.nih.gov/pubmed/19210090
https://doi.org/10.1037/xge0000309
https://doi.org/10.1037/xge0000309
http://www.ncbi.nlm.nih.gov/pubmed/28447842
https://doi.org/10.1037/a0037428
http://www.ncbi.nlm.nih.gov/pubmed/25089941
https://doi.org/10.3758/s13421-015-0560-0
https://doi.org/10.3758/s13421-015-0560-0
http://www.ncbi.nlm.nih.gov/pubmed/26450588
https://doi.org/10.3389/fnhum.2017.00406
http://www.ncbi.nlm.nih.gov/pubmed/28848414
https://doi.org/10.1080/00222895.2021.1937032
http://www.ncbi.nlm.nih.gov/pubmed/34346297
https://doi.org/10.1037/a0030954
http://www.ncbi.nlm.nih.gov/pubmed/23244046
https://doi.org/10.1111/j.1749-818x.2010.00263.x
https://doi.org/10.1016/j.concog.2014.04.001
http://www.ncbi.nlm.nih.gov/pubmed/24780348
https://doi.org/10.1016/s0268-0033(03)00029-9
http://www.ncbi.nlm.nih.gov/pubmed/12763440
https://doi.org/10.1016/j.humov.2007.05.003
http://www.ncbi.nlm.nih.gov/pubmed/17618701
https://doi.org/10.1103/physreve.54.2154
http://www.ncbi.nlm.nih.gov/pubmed/9965304
https://doi.org/10.1016/s0167-4943(03)00082-7
https://doi.org/10.1016/s0167-4943(03)00082-7
http://www.ncbi.nlm.nih.gov/pubmed/14599700


PLOS One | https://doi.org/10.1371/journal.pone.0341902  January 28, 2026 14 / 17

	20.	 Stergiou N, Decker LM. Human movement variability, nonlinear dynamics, and pathology: is there a connection?. Hum Mov Sci. 2011;30(5):869–
88. https://doi.org/10.1016/j.humov.2011.06.002 PMID: 21802756

	21.	 Harrison SJ, Hough M, Schmid K, Groff BR, Stergiou N. When Coordinating Finger Tapping to a Variable Beat the Variability Scaling Structure of 
the Movement and the Cortical BOLD Signal are Both Entrained to the Auditory Stimuli. Neuroscience. 2018;392:203–18. https://doi.org/10.1016/j.
neuroscience.2018.06.025 PMID: 29958941

	22.	 Kadota H, Kudo K, Ohtsuki T. Time-series pattern changes related to movement rate in synchronized human tapping. Neurosci Lett. 2004;370(2–
3):97–101. https://doi.org/10.1016/j.neulet.2004.08.004 PMID: 15488302

	23.	 Beauchet O, Dubost V, Herrmann FR, Kressig RW. Stride-to-stride variability while backward counting among healthy young adults. J Neuroeng 
Rehabil. 2005;2:26. https://doi.org/10.1186/1743-0003-2-26 PMID: 16095533

	24.	 Wagenmakers E-J, Farrell S, Ratcliff R. Estimation and interpretation of 1/falpha noise in human cognition. Psychon Bull Rev. 2004;11(4):579–615. 
https://doi.org/10.3758/bf03196615 PMID: 15581115

	25.	 Goldberger AL. Heartbeats, hormones, and health: is variability the spice of life?. Am J Respir Crit Care Med. 2001;163(6):1289–90. https://doi.
org/10.1164/ajrccm.163.6.ed1801a PMID: 11371381

	26.	 Musha T, Yamamoto M. 1/f fluctuations in biological systems. In: Proceedings of the 19th Annual International Conference of the IEEE Engineering 
in Medicine and Biology Society, 1997. 2692–7.

	27.	 Sejdić E, Lipsitz LA. Necessity of noise in physiology and medicine. Comput Methods Programs Biomed. 2013;111(2):459–70. https://doi.
org/10.1016/j.cmpb.2013.03.014 PMID: 23639753

	28.	 Goldberger AL, Amaral LAN, Hausdorff JM, Ivanov PC, Peng C-K, Stanley HE. Fractal dynamics in physiology: alterations with disease and aging. 
Proc Natl Acad Sci U S A. 2002;99 Suppl 1(Suppl 1):2466–72. https://doi.org/10.1073/pnas.012579499 PMID: 11875196

	29.	 Ivanov PCh, Nunes Amaral LA, Goldberger AL, Havlin S, Rosenblum MG, Stanley HE, et al. From 1/f noise to multifractal cascades in heartbeat 
dynamics. Chaos. 2001;11(3):641–52. https://doi.org/10.1063/1.1395631 PMID: 12779503

	30.	 Peng CK, Havlin S, Hausdorff JM, Mietus JE, Stanley HE, Goldberger AL. Fractal mechanisms and heart rate dynamics. J Electrocardiol. 
1995;28:59–65.

	31.	 Harrison SJ, Stergiou N. Complex Adaptive Behavior and Dexterous Action. Nonlinear Dynamics Psychol Life Sci. 2015;19(4):345–94. PMID: 
26375932

	32.	 McVay JC, Kane MJ. Drifting from slow to “D’oh!”: working memory capacity and mind wandering predict extreme reaction times and executive 
control errors. J Exp Psychol Learn Mem Cogn. 2012;38(3):525–49. https://doi.org/10.1037/a0025896 PMID: 22004270

	33.	 Anderson T, Petranker R, Lin H, Farb NAS. The metronome response task for measuring mind wandering: Replication attempt and extension of 
three studies by Seli et al. Atten Percept Psychophys. 2021;83(1):315–30. https://doi.org/10.3758/s13414-020-02131-x PMID: 33000436

	34.	 Boayue NM, Csifcsák G, Kreis IV, Schmidt C, Finn I, Hovde Vollsund AE, et al. The interplay between executive control, behavioural variability 
and mind wandering: Insights from a high-definition transcranial direct-current stimulation study. Eur J Neurosci. 2021;53(5):1498–516. https://doi.
org/10.1111/ejn.15049 PMID: 33220131

	35.	 Groot JM, Csifcsák G, Wientjes S, Forstmann BU, Mittner M. Catching wandering minds with tapping fingers: neural and behavioral insights into 
task-unrelated cognition. Cereb Cortex. 2022;32(20):4447–63. https://doi.org/10.1093/cercor/bhab494 PMID: 35034114

	36.	 Laflamme P, Seli P, Smilek D. Validating a visual version of the metronome response task. Behav Res Methods. 2018;50(4):1503–14. https://doi.
org/10.3758/s13428-018-1020-0 PMID: 29435913

	37.	 Zanesco AP, Denkova E, Jha AP. Mind-wandering increases in frequency over time during task performance: An individual-participant meta-
analytic review. Psychol Bull. 2025;151(2):217–39. https://doi.org/10.1037/bul0000424 PMID: 38421788

	38.	 Deffeyes JE, Harbourne RT, Kyvelidou A, Stuberg WA, Stergiou N. Nonlinear analysis of sitting postural sway indicates developmental delay in 
infants. Clin Biomech (Bristol). 2009;24(7):564–70. https://doi.org/10.1016/j.clinbiomech.2009.05.004 PMID: 19493596

	39.	 Caballero C, Davids K, Heller B, Wheat J, Moreno FJ. Movement variability emerges in gait as adaptation to task constraints in dynamic environ-
ments. Gait Posture. 2019;70:1–5. https://doi.org/10.1016/j.gaitpost.2019.02.002 PMID: 30771594

	40.	 Delignières D, Torre K. Fractal dynamics of human gait: a reassessment of the 1996 data of Hausdorff et al. J Appl Physiol (1985). 
2009;106(4):1272–9. https://doi.org/10.1152/japplphysiol.90757.2008 PMID: 19228991

	41.	 Gilden DL. Cognitive emissions of 1/f noise. Psychol Rev. 2001;108(1):33–56. https://doi.org/10.1037/0033-295x.108.1.33 PMID: 11212631

	42.	 Hausdorff JM. Gait dynamics in Parkinson’s disease: common and distinct behavior among stride length, gait variability, and fractal-like scaling. 
Chaos. 2009;19(2):026113. https://doi.org/10.1063/1.3147408 PMID: 19566273

	43.	 Hausdorff JM, Peng CK, Ladin Z, Wei JY, Goldberger AL. Is walking a random walk? Evidence for long-range correlations in stride interval of 
human gait. J Appl Physiol (1985). 1995;78(1):349–58. https://doi.org/10.1152/jappl.1995.78.1.349 PMID: 7713836

	44.	 Hausdorff JM, Purdon PL, Peng CK, Ladin Z, Wei JY, Goldberger AL. Fractal dynamics of human gait: stability of long-range correlations in stride 
interval fluctuations. J Appl Physiol (1985). 1996;80(5):1448–57. https://doi.org/10.1152/jappl.1996.80.5.1448 PMID: 8727526

	45.	 Stergiou N. Biomechanics and gait analysis. Academic Press; 2020.

	46.	 Stroe-Kunold E, Stadnytska T, Werner J, Braun S. Estimating long-range dependence in time series: an evaluation of estimators implemented in R. 
Behav Res Methods. 2009;41(3):909–23. https://doi.org/10.3758/BRM.41.3.909 PMID: 19587208

https://doi.org/10.1016/j.humov.2011.06.002
http://www.ncbi.nlm.nih.gov/pubmed/21802756
https://doi.org/10.1016/j.neuroscience.2018.06.025
https://doi.org/10.1016/j.neuroscience.2018.06.025
http://www.ncbi.nlm.nih.gov/pubmed/29958941
https://doi.org/10.1016/j.neulet.2004.08.004
http://www.ncbi.nlm.nih.gov/pubmed/15488302
https://doi.org/10.1186/1743-0003-2-26
http://www.ncbi.nlm.nih.gov/pubmed/16095533
https://doi.org/10.3758/bf03196615
http://www.ncbi.nlm.nih.gov/pubmed/15581115
https://doi.org/10.1164/ajrccm.163.6.ed1801a
https://doi.org/10.1164/ajrccm.163.6.ed1801a
http://www.ncbi.nlm.nih.gov/pubmed/11371381
https://doi.org/10.1016/j.cmpb.2013.03.014
https://doi.org/10.1016/j.cmpb.2013.03.014
http://www.ncbi.nlm.nih.gov/pubmed/23639753
https://doi.org/10.1073/pnas.012579499
http://www.ncbi.nlm.nih.gov/pubmed/11875196
https://doi.org/10.1063/1.1395631
http://www.ncbi.nlm.nih.gov/pubmed/12779503
http://www.ncbi.nlm.nih.gov/pubmed/26375932
https://doi.org/10.1037/a0025896
http://www.ncbi.nlm.nih.gov/pubmed/22004270
https://doi.org/10.3758/s13414-020-02131-x
http://www.ncbi.nlm.nih.gov/pubmed/33000436
https://doi.org/10.1111/ejn.15049
https://doi.org/10.1111/ejn.15049
http://www.ncbi.nlm.nih.gov/pubmed/33220131
https://doi.org/10.1093/cercor/bhab494
http://www.ncbi.nlm.nih.gov/pubmed/35034114
https://doi.org/10.3758/s13428-018-1020-0
https://doi.org/10.3758/s13428-018-1020-0
http://www.ncbi.nlm.nih.gov/pubmed/29435913
https://doi.org/10.1037/bul0000424
http://www.ncbi.nlm.nih.gov/pubmed/38421788
https://doi.org/10.1016/j.clinbiomech.2009.05.004
http://www.ncbi.nlm.nih.gov/pubmed/19493596
https://doi.org/10.1016/j.gaitpost.2019.02.002
http://www.ncbi.nlm.nih.gov/pubmed/30771594
https://doi.org/10.1152/japplphysiol.90757.2008
http://www.ncbi.nlm.nih.gov/pubmed/19228991
https://doi.org/10.1037/0033-295x.108.1.33
http://www.ncbi.nlm.nih.gov/pubmed/11212631
https://doi.org/10.1063/1.3147408
http://www.ncbi.nlm.nih.gov/pubmed/19566273
https://doi.org/10.1152/jappl.1995.78.1.349
http://www.ncbi.nlm.nih.gov/pubmed/7713836
https://doi.org/10.1152/jappl.1996.80.5.1448
http://www.ncbi.nlm.nih.gov/pubmed/8727526
https://doi.org/10.3758/BRM.41.3.909
http://www.ncbi.nlm.nih.gov/pubmed/19587208


PLOS One | https://doi.org/10.1371/journal.pone.0341902  January 28, 2026 15 / 17

	47.	 Stergiou N, Harbourne R, Cavanaugh J. Optimal movement variability: a new theoretical perspective for neurologic physical therapy. J Neurol Phys 
Ther. 2006;30(3):120–9. https://doi.org/10.1097/01.npt.0000281949.48193.d9 PMID: 17029655

	48.	 Amato I. Chaos breaks out at NIH, but order may come of it. Science. 1992;256(5065):1763–4. https://doi.org/10.1126/science.1615321 PMID: 
1615321

	49.	 Buchman TG, Cobb JP, Lapedes AS, Kepler TB. Complex systems analysis: a tool for shock research. Shock. 2001;16(4):248–51. https://doi.
org/10.1097/00024382-200116040-00002 PMID: 11580104

	50.	 Cavanaugh JT, Kochi N, Stergiou N. Nonlinear analysis of ambulatory activity patterns in community-dwelling older adults. J Gerontol A Biol Sci 
Med Sci. 2010;65(2):197–203. https://doi.org/10.1093/gerona/glp144 PMID: 19822625

	51.	 Garfinkel A, Spano ML, Ditto WL, Weiss JN. Controlling cardiac chaos. Science. 1992;257(5074):1230–5. https://doi.org/10.1126/science.1519060 
PMID: 1519060

	52.	 Goldstein B, Toweill D, Lai S, Sonnenthal K, Kimberly B. Uncoupling of the autonomic and cardiovascular systems in acute brain injury. Am J 
Physiol. 1998;275(4):R1287-92. https://doi.org/10.1152/ajpregu.1998.275.4.R1287 PMID: 9756562

	53.	 Orsucci FF. The paradigm of complexity in clinical neurocognitive science. Neuroscientist. 2006;12(5):390–7. https://doi.
org/10.1177/1073858406290266 PMID: 16957001

	54.	 Slutzky MW, Cvitanović P, Mogul DJ. Deterministic chaos and noise in three in vitro hippocampal models of epilepsy. Ann Biomed Eng. 
2001;29(7):607–18. https://doi.org/10.1114/1.1380419 PMID: 11501625

	55.	 Toweill DL, Goldstein B. Linear and nonlinear dynamics and the pathophysiology of shock. New Horiz. 1998;6(2):155–68. PMID: 9654323

	56.	 Wagner CD, Nafz B, Persson PB. Chaos in blood pressure control. Cardiovasc Res. 1996;31(3):380–7. https://doi.org/10.1016/s0008-
6363(96)00007-7 PMID: 8681325

	57.	 Likens AD, Mangalam M, Wong AY, Charles AC, Mills C. Better than DFA? A Bayesian method for estimating the Hurst exponent in behavioral 
sciences. ArXiv. 2023. https://doi.org/arXiv:2301.11262v1

	58.	 Tyralis H, Koutsoyiannis D. Simultaneous estimation of the parameters of the Hurst–Kolmogorov stochastic process. Stoch Environ Res Risk 
Assess. 2010;25(1):21–33. https://doi.org/10.1007/s00477-010-0408-x

	59.	 Likens AD, Mastorakis S, Skiadopoulos A, Kent JA, Al Azad MW, Stergiou N. Irregular Metronomes as Assistive Devices to Promote Healthy Gait 
Patterns. IEEE Consum Commun Netw Conf. 2021;2021:10.1109/ccnc49032.2021.9369490. https://doi.org/10.1109/ccnc49032.2021.9369490 
PMID: 34368399

	60.	 Ravi DK, Bartholet M, Skiadopoulos A, Kent JA, Wickstrom J, Taylor WR, et al. Rhythmic auditory stimuli modulate movement recovery in response 
to perturbation during locomotion. J Exp Biol. 2021;224(Pt 5):jeb237073. https://doi.org/10.1242/jeb.237073 PMID: 33536309

	61.	 Anastas JR, Kelty-Stephen DG, Dixon JA. Executive function as an interaction-dominant process. Ecol Psychol. 2014;26(4):262–82.

	62.	 Fine JM, Likens AD, Amazeen EL, Amazeen PG. Emergent complexity matching in interpersonal coordination: Local dynamics and global variabil-
ity. J Exp Psychol Hum Percept Perform. 2015;41(3):723–37. https://doi.org/10.1037/xhp0000046 PMID: 25798782

	63.	 Ihlen EAF, Vereijken B. Interaction-dominant dynamics in human cognition: beyond 1/f(alpha) fluctuation. J Exp Psychol Gen. 2010;139(3):436–63. 
https://doi.org/10.1037/a0019098 PMID: 20677894

	64.	 Kiefer AW, Riley MA, Shockley K, Villard S, Van Orden GC. Walking changes the dynamics of cognitive estimates of time intervals. J Exp Psychol 
Hum Percept Perform. 2009;35(5):1532–41. https://doi.org/10.1037/a0013546 PMID: 19803654

	65.	 Klotz JM, Johnson MD, Wu SW, Isaacs KM, Gilbert DL. Relationship between reaction time variability and motor skill development in ADHD. Child 
Neuropsychol. 2012;18(6):576–85. https://doi.org/10.1080/09297049.2011.625356 PMID: 22111593

	66.	 Raffalt PC, Stergiou N, Sommerfeld JH, Likens AD. The temporal pattern and the probability distribution of visual cueing can alter the structure of 
stride-to-stride variability. Neurosci Lett. 2021;763:136193. https://doi.org/10.1016/j.neulet.2021.136193 PMID: 34433099

	67.	 Stephen DG, Anastas J. Fractal fluctuations in gaze speed visual search. Atten Percept Psychophys. 2011;73(3):666–77. https://doi.org/10.3758/
s13414-010-0069-3 PMID: 21264695

	68.	 Stephen DG, Mirman D. Interactions dominate the dynamics of visual cognition. Cognition. 2010;115(1):154–65. https://doi.org/10.1016/j.cogni-
tion.2009.12.010 PMID: 20070957

	69.	 Van Orden GC, Holden JG, Turvey MT. Self-organization of cognitive performance. J Exp Psychol Gen. 2003;132(3):331–50. https://doi.
org/10.1037/0096-3445.132.3.331 PMID: 13678372

	70.	 Van Orden GC, Holden JG, Turvey MT. Human cognition and 1/f scaling. J Exp Psychol Gen. 2005;134(1):117–23. https://doi.org/10.1037/0096-
3445.134.1.117 PMID: 15702967

	71.	 Wallot S, Kelty-Stephen DG. Interaction-Dominant Causation in Mind and Brain, and Its Implication for Questions of Generalization and Replica-
tion. Minds & Machines. 2017;28(2):353–74. https://doi.org/10.1007/s11023-017-9455-0

	72.	 Woods DL, Wyma JM, Yund EW, Herron TJ, Reed B. Factors influencing the latency of simple reaction time. Front Hum Neurosci. 2015;9:131. 
https://doi.org/10.3389/fnhum.2015.00131 PMID: 25859198

	73.	 Likens AD, Fine JM, Amazeen EL, Amazeen PG. Experimental control of scaling behavior: what is not fractal?. Exp Brain Res. 2015;233(10):2813–
21. https://doi.org/10.1007/s00221-015-4351-4 PMID: 26070902

https://doi.org/10.1097/01.npt.0000281949.48193.d9
http://www.ncbi.nlm.nih.gov/pubmed/17029655
https://doi.org/10.1126/science.1615321
http://www.ncbi.nlm.nih.gov/pubmed/1615321
https://doi.org/10.1097/00024382-200116040-00002
https://doi.org/10.1097/00024382-200116040-00002
http://www.ncbi.nlm.nih.gov/pubmed/11580104
https://doi.org/10.1093/gerona/glp144
http://www.ncbi.nlm.nih.gov/pubmed/19822625
https://doi.org/10.1126/science.1519060
http://www.ncbi.nlm.nih.gov/pubmed/1519060
https://doi.org/10.1152/ajpregu.1998.275.4.R1287
http://www.ncbi.nlm.nih.gov/pubmed/9756562
https://doi.org/10.1177/1073858406290266
https://doi.org/10.1177/1073858406290266
http://www.ncbi.nlm.nih.gov/pubmed/16957001
https://doi.org/10.1114/1.1380419
http://www.ncbi.nlm.nih.gov/pubmed/11501625
http://www.ncbi.nlm.nih.gov/pubmed/9654323
https://doi.org/10.1016/s0008-6363(96)00007-7
https://doi.org/10.1016/s0008-6363(96)00007-7
http://www.ncbi.nlm.nih.gov/pubmed/8681325
https://doi.org/arXiv:2301.11262v1
https://doi.org/10.1007/s00477-010-0408-x
https://doi.org/10.1109/ccnc49032.2021.9369490
http://www.ncbi.nlm.nih.gov/pubmed/34368399
https://doi.org/10.1242/jeb.237073
http://www.ncbi.nlm.nih.gov/pubmed/33536309
https://doi.org/10.1037/xhp0000046
http://www.ncbi.nlm.nih.gov/pubmed/25798782
https://doi.org/10.1037/a0019098
http://www.ncbi.nlm.nih.gov/pubmed/20677894
https://doi.org/10.1037/a0013546
http://www.ncbi.nlm.nih.gov/pubmed/19803654
https://doi.org/10.1080/09297049.2011.625356
http://www.ncbi.nlm.nih.gov/pubmed/22111593
https://doi.org/10.1016/j.neulet.2021.136193
http://www.ncbi.nlm.nih.gov/pubmed/34433099
https://doi.org/10.3758/s13414-010-0069-3
https://doi.org/10.3758/s13414-010-0069-3
http://www.ncbi.nlm.nih.gov/pubmed/21264695
https://doi.org/10.1016/j.cognition.2009.12.010
https://doi.org/10.1016/j.cognition.2009.12.010
http://www.ncbi.nlm.nih.gov/pubmed/20070957
https://doi.org/10.1037/0096-3445.132.3.331
https://doi.org/10.1037/0096-3445.132.3.331
http://www.ncbi.nlm.nih.gov/pubmed/13678372
https://doi.org/10.1037/0096-3445.134.1.117
https://doi.org/10.1037/0096-3445.134.1.117
http://www.ncbi.nlm.nih.gov/pubmed/15702967
https://doi.org/10.1007/s11023-017-9455-0
https://doi.org/10.3389/fnhum.2015.00131
http://www.ncbi.nlm.nih.gov/pubmed/25859198
https://doi.org/10.1007/s00221-015-4351-4
http://www.ncbi.nlm.nih.gov/pubmed/26070902


PLOS One | https://doi.org/10.1371/journal.pone.0341902  January 28, 2026 16 / 17

	74.	 Kello CT, Brown GDA, Ferrer-I-Cancho R, Holden JG, Linkenkaer-Hansen K, Rhodes T, et al. Scaling laws in cognitive sciences. Trends Cogn Sci. 
2010;14(5):223–32. https://doi.org/10.1016/j.tics.2010.02.005 PMID: 20363176

	75.	 Wong AY, Smith SL, McGrath CA, Flynn LE, Mills C. Task-unrelated thought during educational activities: A meta-analysis of its occurrence and 
relationship with learning. Contemp Educ Psychol. 2022;71:102098.

	76.	 Seli P, Carriere JSA, Wammes JD, Risko EF, Schacter DL, Smilek D. On the Clock: Evidence for the Rapid and Strategic Modulation of Mind Wan-
dering. Psychol Sci. 2018;29(8):1247–56. https://doi.org/10.1177/0956797618761039 PMID: 29547349

	77.	 Hunt N, McGrath D, Stergiou N. The influence of auditory-motor coupling on fractal dynamics in human gait. Sci Rep. 2014;4:5879. https://doi.
org/10.1038/srep05879 PMID: 25080936

	78.	 Kaipust JP, McGrath D, Mukherjee M, Stergiou N. Gait variability is altered in older adults when listening to auditory stimuli with differing temporal 
structures. Ann Biomed Eng. 2013;41(8):1595–603. https://doi.org/10.1007/s10439-012-0654-9 PMID: 22956164

	79.	 Marmelat V, Delignières D, Torre K, Beek PJ, Daffertshofer A. “Human paced” walking: followers adopt stride time dynamics of leaders. Neurosci 
Lett. 2014;564:67–71. https://doi.org/10.1016/j.neulet.2014.02.010 PMID: 24548624

	80.	 Marmelat V, Torre K, Beek PJ, Daffertshofer A. Persistent fluctuations in stride intervals under fractal auditory stimulation. PLoS One. 
2014;9(3):e91949. https://doi.org/10.1371/journal.pone.0091949 PMID: 24651455

	81.	 Vaz JR, Groff BR, Rowen DA, Knarr BA, Stergiou N. Synchronization dynamics modulates stride-to-stride fluctuations when walking to an invariant 
but not to a fractal-like stimulus. Neurosci Lett. 2019;704:28–35. https://doi.org/10.1016/j.neulet.2019.03.040 PMID: 30922850

	82.	 Vaz JR, Knarr BA, Stergiou N. Gait complexity is acutely restored in older adults when walking to a fractal-like visual stimulus. Hum Mov Sci. 
2020;74:102677. https://doi.org/10.1016/j.humov.2020.102677 PMID: 33069099

	83.	 Varao-Sousa TL, Kingstone A. Are mind wandering rates an artifact of the probe-caught method? Using self-caught mind wandering in the 
classroom to test, and reject, this possibility. Behav Res Methods. 2019;51(1):235–42. https://doi.org/10.3758/s13428-018-1073-0 PMID: 
29946951

	84.	 Yuan Q, Gu C, Weng T, Yang H. Unbiased detrended fluctuation analysis: Long-range correlations in very short time series. Physica A: Statistical 
Mechanics and its Applications. 2018;505:179–89. https://doi.org/10.1016/j.physa.2018.03.043

	85.	 Tyralis H, Koutsoyiannis D. A Bayesian statistical model for deriving the predictive distribution of hydroclimatic variables. Clim Dyn. 
2014;42(11–12):2867–83.

	86.	 Dlask M, Kukal J, Vysata O. Bayesian approach to Hurst exponent estimation. Methodol Comput Appl Probab. 2017;19(3):973–83.

	87.	 Makarava N, Holschneider M. Estimation of the Hurst exponent from noisy data: A Bayesian approach. Eur Phys J B. 2012;85(8):272.

	88.	 Brooks ME, Kristensen K, Van Benthem KJ, Magnusson A, Berg CW, et al. glmmTMB balances speed and flexibility among packages for zero-
inflated generalized linear mixed modeling. The R Journal. 2017;9(2):378.

	89.	 Raffalt PC, Sommerfeld JH, Stergiou N, Likens AD. Stride-to-stride time intervals are independently affected by the temporal pattern and probability 
distribution of visual cues. Neurosci Lett. 2023;792:136909. https://doi.org/10.1016/j.neulet.2022.136909 PMID: 36228775

	90.	 Schmidt RA, Lee TD. Motor control and learning: A behavioral emphasis. 5th ed. Champaign, IL: Human Kinetics. 2011.

	91.	 Tsionas MG. Bayesian analysis of static and dynamic Hurst parameters under stochastic volatility. Physica A: Statistical Mechanics and its Applica-
tions. 2021;567:125647. https://doi.org/10.1016/j.physa.2020.125647

	92.	 Seli P, Carriere JSA, Levene M, Smilek D. How few and far between? Examining the effects of probe rate on self-reported mind wandering. Front 
Psychol. 2013;4:430. https://doi.org/10.3389/fpsyg.2013.00430 PMID: 23882239

	93.	 Mirelman A, Maidan I, Herman T, Deutsch JE, Giladi N, Hausdorff JM. Virtual reality for gait training: can it induce motor learning to enhance com-
plex walking and reduce fall risk in patients with Parkinson’s disease?. J Gerontol A Biol Sci Med Sci. 2011;66(2):234–40. https://doi.org/10.1093/
gerona/glq201 PMID: 21106702

	94.	 Ulman S, Ranganathan S, Queen R, Srinivasan D. Using Gait Variability to Predict Inter-individual Differences in Learning Rate of a Novel Obsta-
cle Course. Ann Biomed Eng. 2019;47(5):1191–202. https://doi.org/10.1007/s10439-019-02236-x PMID: 30825029

	95.	 Bayot M, Dujardin K, Tard C, Defebvre L, Bonnet CT, Allart E, et al. The interaction between cognition and motor control: A theoretical framework 
for dual-task interference effects on posture, gait initiation, gait and turning. Neurophysiol Clin. 2018;48(6):361–75. https://doi.org/10.1016/j.neu-
cli.2018.10.003 PMID: 30487064

	96.	 Beauchet O, Dubost V, Aminian K, Gonthier R, Kressig RW. Dual-task-related gait changes in the elderly: does the type of cognitive task matter?. J 
Mot Behav. 2005;37(4):259–64. PMID: 15967751

	97.	 Beauchet O, Kressig RW, Najafi B, Aminian K, Dubost V, Mourey F. Age-related decline of gait control under a dual-task condition. J Am Geriatr 
Soc. 2003;51(8):1187–8. https://doi.org/10.1046/j.1532-5415.2003.51385.x PMID: 12890096

	98.	 Brach JS, Studenski S, Perera S, VanSwearingen JM, Newman AB. Stance time and step width variability have unique contributing impairments in 
older persons. Gait Posture. 2008;27(3):431–9. https://doi.org/10.1016/j.gaitpost.2007.05.016 PMID: 17632004

	99.	 Skiadopoulos A, Moore EE, Sayles HR, Schmid KK, Stergiou N. Step width variability as a discriminator of age-related gait changes. J Neuroeng 
Rehabil. 2020;17(1):41. https://doi.org/10.1186/s12984-020-00671-9 PMID: 32138747

https://doi.org/10.1016/j.tics.2010.02.005
http://www.ncbi.nlm.nih.gov/pubmed/20363176
https://doi.org/10.1177/0956797618761039
http://www.ncbi.nlm.nih.gov/pubmed/29547349
https://doi.org/10.1038/srep05879
https://doi.org/10.1038/srep05879
http://www.ncbi.nlm.nih.gov/pubmed/25080936
https://doi.org/10.1007/s10439-012-0654-9
http://www.ncbi.nlm.nih.gov/pubmed/22956164
https://doi.org/10.1016/j.neulet.2014.02.010
http://www.ncbi.nlm.nih.gov/pubmed/24548624
https://doi.org/10.1371/journal.pone.0091949
http://www.ncbi.nlm.nih.gov/pubmed/24651455
https://doi.org/10.1016/j.neulet.2019.03.040
http://www.ncbi.nlm.nih.gov/pubmed/30922850
https://doi.org/10.1016/j.humov.2020.102677
http://www.ncbi.nlm.nih.gov/pubmed/33069099
https://doi.org/10.3758/s13428-018-1073-0
http://www.ncbi.nlm.nih.gov/pubmed/29946951
https://doi.org/10.1016/j.physa.2018.03.043
https://doi.org/10.1016/j.neulet.2022.136909
http://www.ncbi.nlm.nih.gov/pubmed/36228775
https://doi.org/10.1016/j.physa.2020.125647
https://doi.org/10.3389/fpsyg.2013.00430
http://www.ncbi.nlm.nih.gov/pubmed/23882239
https://doi.org/10.1093/gerona/glq201
https://doi.org/10.1093/gerona/glq201
http://www.ncbi.nlm.nih.gov/pubmed/21106702
https://doi.org/10.1007/s10439-019-02236-x
http://www.ncbi.nlm.nih.gov/pubmed/30825029
https://doi.org/10.1016/j.neucli.2018.10.003
https://doi.org/10.1016/j.neucli.2018.10.003
http://www.ncbi.nlm.nih.gov/pubmed/30487064
http://www.ncbi.nlm.nih.gov/pubmed/15967751
https://doi.org/10.1046/j.1532-5415.2003.51385.x
http://www.ncbi.nlm.nih.gov/pubmed/12890096
https://doi.org/10.1016/j.gaitpost.2007.05.016
http://www.ncbi.nlm.nih.gov/pubmed/17632004
https://doi.org/10.1186/s12984-020-00671-9
http://www.ncbi.nlm.nih.gov/pubmed/32138747


PLOS One | https://doi.org/10.1371/journal.pone.0341902  January 28, 2026 17 / 17

	100.	 Decker LM, Cignetti F, Hunt N, Potter JF, Stergiou N, Studenski SA. Effects of aging on the relationship between cognitive demand and step 
variability during dual-task walking. Age (Dordr). 2016;38(4):363–75. https://doi.org/10.1007/s11357-016-9941-y PMID: 27488838

	101.	 Asai T, Doi T, Hirata S, Ando H. Dual tasking affects lateral trunk control in healthy younger and older adults. Gait Posture. 2013;38(4):830–6. 
https://doi.org/10.1016/j.gaitpost.2013.04.005 PMID: 23665065

	102.	 Delignières D, Torre K, Kello CT, Gilden DL. On the origins of 1/f noise in human motor behavior. J Sport Exerc Psychol. 2008;30:58–9.

	103.	 Marmelat V, Meidinger RL. Fractal analysis of gait in people with Parkinson’s disease: three minutes is not enough. Gait Posture. 2019;70:229–
34. https://doi.org/10.1016/j.gaitpost.2019.02.023 PMID: 30909002

	104.	 Gibbons CT, Amazeen PG, Likens AD. Distinguishing Two Types of Variability in a Sit-to-Stand Task. Motor Control. 2020;24(1):168–88. https://
doi.org/10.1123/mc.2018-0022 PMID: 31525730

	105.	 Collins J, De Luca CJ. Random walking during quiet standing. Phys Rev Lett. 1994;73(5):764–7. https://doi.org/10.1103/PhysRevLett.73.764 
PMID: 10057531

	106.	 Collins JJ, De Luca CJ. Upright, correlated random walks: A statistical-biomechanics approach to the human postural control system. Chaos. 
1995;5(1):57–63. https://doi.org/10.1063/1.166086 PMID: 12780156

	107.	 Likens AD, Stergiou N. A tutorial on fractal analysis of human movements. Biomechanics and Gait Analysis. Elsevier. 2020. p. 313–44. https://doi.
org/10.1016/b978-0-12-813372-9.00010-5

	108.	 Weinstein Y. Mind-wandering, how do I measure thee with probes? Let me count the ways. Behav Res Methods. 2018;50(2):642–61. https://doi.
org/10.3758/s13428-017-0891-9 PMID: 28643155

https://doi.org/10.1007/s11357-016-9941-y
http://www.ncbi.nlm.nih.gov/pubmed/27488838
https://doi.org/10.1016/j.gaitpost.2013.04.005
http://www.ncbi.nlm.nih.gov/pubmed/23665065
https://doi.org/10.1016/j.gaitpost.2019.02.023
http://www.ncbi.nlm.nih.gov/pubmed/30909002
https://doi.org/10.1123/mc.2018-0022
https://doi.org/10.1123/mc.2018-0022
http://www.ncbi.nlm.nih.gov/pubmed/31525730
https://doi.org/10.1103/PhysRevLett.73.764
http://www.ncbi.nlm.nih.gov/pubmed/10057531
https://doi.org/10.1063/1.166086
http://www.ncbi.nlm.nih.gov/pubmed/12780156
https://doi.org/10.1016/b978-0-12-813372-9.00010-5
https://doi.org/10.1016/b978-0-12-813372-9.00010-5
https://doi.org/10.3758/s13428-017-0891-9
https://doi.org/10.3758/s13428-017-0891-9
http://www.ncbi.nlm.nih.gov/pubmed/28643155

