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Chapter 1 

General Introduction 
 

1.1 Mind wandering 
Everyone is familiar with the mind wandering off during almost any kind of task. It is a natural, 

unavoidable and useful property of the human mind, related to reflections on the past or 

planning the future (Buckner & Carroll, 2007) . Occasionally we are aware of it; however, at other 

times it happens unnoticed (Schooler, 2002). These are the moments when inner distraction is 

the most dangerous, as mind-wandering lacking meta-awareness often leads to mistakes 

(Weissman et al., 2006; Christoff et al., 2009). Additionally, mind wandering has a direct effect 

on our well-being as it is often associated with negative mood (Killingsworth & Gilbert, 2010) and 

can develop into rumination (Hamilton et al., 2011) and depression (Papageorgiou & Wells, 

2003). 

Especially when attention should be focused on a boring task, one is easily inclined to give 

in to subjectively more ‘important’ inner trains of thought, as students might sometimes 

experience during a monotonous lecture in which they unwillingly end up daydreaming. In this 

example, the lecturer cannot proof this absent-mindedness directly, because he is unable to 

know for a fact what the student is thinking. The only thing he can do is to test observable 

behavior. So, most likely he will ask the student to repeat what has just been said, leaving the 

student in an undeniable situation.  

Investigating mind-wandering experimentally has a similar problem: How would one 

measure an event which is happening inside a person, which has variable degrees of intensity 

and that the participants themselves are often not fully aware of? A common way of doing this 

is to rely on subjective testimonies of participants. Unfortunately, this limits objective control as 

it is not possible to exclude that they respond socially desirable. In the case of the daydreaming 

example, a personal testimony could be the students’ declaration that he was in fact paying 

attention to the lecture in order not to get into trouble… Similar methodological problems occur 
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in consciousness research (Heavey & Hurlburt, 2008) and in investigations concerning the effects 

of mental training on cognition such as meditation (Lutz et al., 2007). 

 

Measuring the effects of mind wandering 

For the reason of lack in experimental control, until recently, efforts were mainly focused on 

active task-dependent brain functioning (Fox & Raichle, 2007), by measuring the observable 

behavior resulting from the actual phenomenon of interest and its neuronal correlates 

(Weissman et al., 2006); which is similar to the directly asking approach of the lecturer in our 

example. Though insightful, this approach is essentially ignoring that task-induced activity only 

has a minimal (<5%) impact on the brain’s global metabolism (Clarke & Sokoloff, 1999), dismissing 

the vast resting-state brain activity present even in the absence of overt behavior as merely 

reflecting unstructured, spontaneous “idling”.  

On the contrary, it has been shown that beside the expected event-related activations, 

specific functional brain networks reliably decrease in metabolic activity during tasks (Raichle et 

al., 2001) and that some specific intrinsic activation patterns are most pronounced when a person 

is in a ‘resting’ condition such as relaxing with eyes opened or closed (Shulman et al., 1994). 

Because of the brain’s intrinsic characteristic to return to these baseline activations during rest 

when no external demands are placed upon it, it was termed a ‘default-mode’ of brain 

functioning (Raichle et al., 2001). This ‘passive state’ has become an important object in neuro-

scientific research (Buckner et al., 2008). Subsequently, it was discovered that areas most active 

at rest show intrinsic anti-correlations with areas related to attention, indicating that the brain is 

organized in intrinsically fluctuating networks with opposing functions (Fox et al., 2005). This 

observation of dominance-fluctuations between the activity of task-positive and task-negative 

networks suggests that the brain is constantly toggling between introspective and extrospective 

modes of attention emerging without the guidance of a central executive (Sonuga-barke & 

Castellanos, 2007). 

 EEG research also points to relentless fluctuations in oscillatory activities typically in the 

1–40 Hz frequency range  (Hari & Salmelin, 1997). These intrinsic or ongoing oscillations exhibit 

complex fluctuations both during sleep and wake states (Llinás et al., 1998), and are modulated 
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by perception and attention (Worden et al., 2000). Many studies point in the direction that 

fluctuating activity, arising from synchronously firing cells, appears to be an intrinsic property of 

the brain that needs better investigation in order to understand the seemingly spontaneous 

switches between states of attending to the external environment versus internally emerging 

thoughts and feelings (Linkenkaer-Hansen, 2002). Therefore, the investigation of this 

spontaneous brain activity is a major focus of this thesis. 

 

1.2 Meditation 
 

Meditation as experimental manipulation 

The self-emerging properties of thoughts and the effects it has on behavior and brain activity can 

be independent of external input (Kelly et al., 2008). Consequently, this is causing a lack of 

external control in experiments (Heavey & Hurlburt, 2008). It is, therefore, methodologically 

advantageous to attempt to increase ‘control’ over the internal environment. Here, participants 

are suitable who spend a lot of their time exploring and training their own cognition. Such 

participants can be found in long-time meditators. Because meditators have been training a 

certain state of mind every single day for many years, they are experts of their own mind by using 

specific techniques (Lutz et al., 2008). These can create stable inner mental states, allowing for 

more controllable research conditions than the use of mere random ‘resting state’ conditions. In 

this thesis, we include mental training as manipulation of the resting state. 

  

Investigating meditation 

The interest and number of publications that incorporated meditation have been very high over 

the last decade (Chiesa & Serretti, 2011, Grossman & Dam, 2011). Especially research into 

mindfulness-based interventions shows an exponential growth (see Figure 1). Most studies on 

meditation have focused on the ‘benefit’ of meditation itself, e.g., possible influences on well-

being. Less common is the approach to investigate how meditation can help to understand 

broader neuro-scientific topics, such as attention research, network connectivity or the workings 

of the mind without a task. This is remarkable, since the serious commitment of meditation 
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includes practicing specific skills which are inheritably associated with attention and executive 

abilities (Lutz et al., 2008).  

In order to use meditation in attention research, it is important to first define which 

practice is used for greater experimental control (Tang et al., 2015). For example, Open 

Monitoring is a meditation where monitoring skills are transformed to a state of reflexive 

awareness with a broad scope of attention without focusing on one specific object (Lutz et al., 

2008, 2015). In contrast, Focused Attention (FA) meditation is a concentrative practice with a 

well-defined object such as the breath (Lutz et al., 2008). It entails the continuous focus on a 

given object, without distraction from internal (e.g., thoughts) or external (e.g., sounds) sources, 

resulting in a narrow aperture of focus with high clarity and stability (Lutz et al., 2015, 2008).  

Second, it needs to be defined which skills are being trained. Within the framework of the 

neurophenomenological matrix model (Lutz et al., 2015) meditation practices differ on 

phenomenological dimensions (e.g., clarity, stability, object orientation), but for translation into 

attention research the concepts that describe these skills best in a attention related scientific 

vocabulary are ‘sustained attention’ (vigilance), the ‘ability to shift attention’ and the ‘ability to 

disengage from distracting stimuli’ (Posner, 1980). Meditators indeed have been shown to 

perform better in paradigms which measure exactly these skills, as seen in experiments using the 

Stroop (Moore & Malinowski, 2009) or attentional blink (Slagter et al., 2007, van Leeuwen et al., 

2009) and dichotic listening task (Zeidan et al., 2010), to mention just a few.   
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Figure 1. Mindfulness journal publications by year 1980-2017. Compilation of publications associated with 
mindfulness meditation done by the American Mindfulness Association. This type of research has witnessed 
exponential growth over the first decade of the 21st century, highlighting the interest in the topic. Note that these 
are only studies including ‘mindfulness meditation’ (taken from https://goamra.org/resources/). 

 

 

Proposed mechanism of focused attention meditation 

FA Meditation is associated with increased control over automatic mind-wandering due to the 

development of skills associated with faster noticing and, subsequently, limiting intrusive 

thoughts. This is reflected by decreased activation in main default-mode network areas (Brewer 

et al., 2011). Here, numerous practices of top-down monitoring of attentional focus with time 

decrease the inner and outer environmental interruptions on the chosen focus of meditation. 

This in turn can, with practice, increase the quality of meta-awareness in recognizing when the 

mind is wandering off, and increase cognitive flexibility to redirect the focus back onto the chosen 

object of meditation. 

 

https://goamra.org/resources/
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These mechanisms of  FA meditation were implemented as a paradigm for a voluntary attention 

task by Hasenkamp and colleagues (2011) and illustrates the process beautifully:  A full cognitive 

cycle of this model consists of 4 stages, namely successful attention on the breath (phase 1: 

sustained focus), until the mind wanders (phase 2: mind wandering), then it takes a while until 

the person becomes aware of this (phase 3: awareness of MW) and can subsequently shift 

attention back to the breath (phase 4: shifting attention). Focused attention meditation is 

therefore acknowledged not as single state, but as a dynamic shift between the default-mode 

network and the attention networks (see Figure 2). 

 

 

 

Figure 2. Conceptual model of dynamic cognitive states experienced during a session of FA meditation. A) displays 
a full cognitive cycle (for detailed description see text). The gray dashed line represents the hypothesized division 
between DMN and task-positive attention network activity during these states (figure taken with permission from 
Hasenkamp et al., 2011). 
 
 
 
 

Another central aspect of meditation is a strong emphasis to develop skills with continued 

practice (Lutz et al., 2007). This idea is actually very similar to the concept of neuroplastic changes 

in response to ‘mental’ input. For example repeated rumination in depressive episodes can 

decrease the hippocampus size (Sheline et al., 2010), and self-made stress has a negative effect 

on hypothalamus reactivity  (McEwen &Steller, 1993). On the other hand, extensive repetition of 

cognitive or behavioral tasks can also induce positive changes. Examples are the effects of 
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extensive training on hippocampus volume in taxi drivers (Maguire et al., 2000) and sensorimotor 

areas in musicians (Gaser & Schlaug, 2003). Repetitive meditation practice also structurally alters 

the brain in terms of increasing grey-matter volume (Kozasa et al., 2011). Similarly, alterations in 

specific neural networks associated with conflict monitoring, as well as with selective and 

sustained attention have been observed in long-term meditators (Lutz et al., 2008). Therefore, 

next to the state effects, investigating the long-term effects at least after one year of practice will 

also be part of this thesis, as we check for long-term influence on the self-emerging innate 

oscillating properties of the brain. 

 

1.3 Problem statement of this thesis 
As discussed, in daily life, prompt adaptation to internal or external processing demands is 

important and requires an attention system that supports swift transitions at the level of 

cognition and underlying brain networks. Research looking at the significance of this process has 

been increasing in the last decade, but we still lack a theoretical framework within which the 

spontaneous dynamics of mind wandering can be quantified. The temporal dynamics—and its 

underlying neural correlates—are not known. Complexity theory has not been tested on 

spontaneous attention and could add an explanation for the high frequency of mind wandering 

during wakefulness, and to the spontaneous and intermittent nature of these transitions. 

Therefore, in the following part an introduction will be given into a special branch of complexity 

physics termed self-organized criticality.  

 

1.4 Introduction to Self-Organized Criticality and complexity 

With the controversial title “How nature works”, Per Bak speculated about the broad applicability 

of the concept of Self-Organized Criticality (SOC) (Bak, 1996). SOC has turned out to be an 

extremely stimulating theory with more than 7800 citations of the breakthrough paper (Bak et 

al., 1987). In short, the SOC theory states that the reason we see so many complex systems in 

nature is because spatially extended systems with local non-linear interactions become attracted 

to a peculiar state, termed “critical”, through a process of self-organization. The famous example 
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is the sand pile where an external drive in the form of constant slow addition of sand grains will 

eventually form a pile with a constant angle. Every additional grain will add to the activity on the 

surface, disturbing it and because of the non-linear process of stacking versus tumbling sand 

grains, a lot of small, fewer intermediate-sized and only few very large avalanches occur (see 

Figure 3). The variability of these avalanche events extend across a wide range of length and time 

scales with no characteristic or typical scale. In other words, a power-law relationship between 

the size and frequency of avalanches appears, which is the hallmark of so-called “critical” 

dynamics traditionally known from the critical point of a phase transition (e.g., magnetic spins 

balancing between the magnetic and non-magnetic temperature regimes). Bak et al. called the 

critical dynamics emerging in the sand pile “self-organized” because there is no other influence 

on the dynamics than the randomly dropping grains of sand.  

 

 

 

 

 

 

 

 

 
 
 
 
 

Figure 3: Sand pile. Due to continuous addition of 
 Sand grains avalanches form 

 

 

The lack of a characteristic scale is a hallmark of complexity and can be best explained with the 

following examples: First Mandelbrot’s famous analysis of complex shapes and time series, the 

so-called fractals (Mandelbrot & Pignoni, 1983) (see Figure 4). Intricate and beautiful images can 

arise from the repetition of patterns at different levels of magnification, corresponding to 

repetitions over many different scales of size or time. This self-similarity or scale invariance is 
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captured by the power law with the distinct mathematical form:  P(f) = f^-β. This equation shows 

that the power spectral density, P, of a signal is proportional to the frequency, f, raised to the 

power of –β. The exponent β expresses how P and f scale with respect to each other and, 

therefore, is termed the scaling exponent (Linkenkaer-Hansen, 2002).  

 

 

 

 

 

 

 

 

 

 

Figure 4: Example of a Mandelbrot fractal. reproduced with permission 

from http://www.math.harvard.edu/~jjchen/fractals/index.html 

 

 

Another example is illustrated in Hardstone et al. (2012) by comparing the statistical properties 

of the self-similarity of the Roman cauliflower (Romanesco broccoli) with the size of common 

apples. The first is composed of small flowers which look similar to the entire cauliflower, which 

in turn are composed of flowers that are similar to the smaller flowers, showing self-similarity on 

at least four levels of magnification. This self-similarity illustrates the scale-free property which 

is best captured by the power-law function. The mean or median would provide a poor 

representation of the scale-free distribution (Figure 5A). The size of apples on the other hand 

shows a smaller variation, and they are well described by taking an average value such as the 

mean or median. Here, we speak of a characteristic scale, where deviations from the mean are 

often characterized by a normal distribution (Figure 5B). In the time domain, signals with similar 

self-affine properties can be found if the signal is composed of different frequencies. In a 1/f 

signal the lower-frequency fluctuations have larger amplitude than the higher-frequency 
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fluctuations (Figure 5C), which can be compared with there being fewer large cauliflowers than 

there are small cauliflowers. In contrast, a white-noise signal is in principle also self-affine; 

however, with a scaling exponent of zero because the lower-frequency fluctuations have the 

same amplitude as the intermediate and higher-frequency fluctuations, which makes the high-

frequency fluctuations much more visible and “noisy” (Figure 5D). 

 

 

 

 

 Figure 5: The Roman cauliflower is an example of self-similarity in nature. (A) The cauliflower is composed of 

flowers that are similar to the entire cauliflower, while (B) the size of apples shows smaller variation they are well 

described by taking an average value such as the mean or median. (C) Time and (D) white-noise signals can also be 

viewed as self-affine, although with different properties. Reproduced with permission from Hardstone et al., 2012. 
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Complexity in nature  

1/f noise and SOC can be found in many natural systems. Even though we are used to label 

phenomena mainly within characteristic scales, in nature we repeatedly see the formation of 

apparent patterns on a macroscale rising from ‘seemingly random’ disordered small behavior on 

the microscale. Examples are the long-time scale dynamics of forest-fires (Clar et al., 1996), 

earthquakes (Olami et al., 1992), the formation of clouds (Nagel & Raschke, 1992), river networks 

(Takayasu & Inaoka, 1992), and even the dynamical organization of financial markets (Stanley et 

al., 2002). All these systems have in common that they show a wide range of temporal or spatial 

structures due to their non-stationary dynamics which are driven by a certain parameter (e.g., 

excitability or temperature). These multiscale structural and functional properties are seen 

everywhere in the natural world and pose a significance for functional properties that seem 

essential to the existence of life itself. So not surprisingly, we do not only see it in inorganic 

Nature, but also in living organism, e.g., Bacterial growth (Chen & Chai, 2006), termite nesting 

(Bonabeau et al., 1997) and in the evolution of populations itself (Bak & Sneppen, 1993). And, 

last, also in  human physiology for example the walking pattern (Firtion et al., 1997), heart beat 

(Ivanov et al., 1996, 2001), and neuronal activity (Linkenkaer-Hansen, 2002).  

Analyzing the complex properties of a system reveals important information about 

optimal functioning. For example, complexity is closely related to adaptability, as it has been 

shown that complex systems are capable of generating an extraordinary range of behaviors and 

outputs. The nature of these outputs, especially over relatively short time periods, is very much 

context- and task-dependent. If a system is complex and adaptive, its responses are shaped 

according to the situation. For example, the human heartbeat has the highest complex variability 

during rest, depicting a so called “complexity reserve” and shows an adaptation response to 

specific task intensities (Goldberger & West, 1987, Goldberger et al., 2006). Furthermore, 

complexity at rest decreases in both heart and certain brain pathologies, such as depression 

(Leistedt et al., 2011), possibly showing that the adaptability (complexity reserve) is diminished. 
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Complexity in neural networks  

Similar to complex systems in nature, brain functioning requires a balance of integration and 

segregation of neuronal activities in a hierarchy of assemblies, or so-called “large-scale 

integration”, due to the brain’s complexity in both morphology and activity patterns (Varela et 

al., 2001; Fries, 2005; Singer, 2013). The interplay of individual neurons and neuronal circuits is 

thought to be mediated by neuronal oscillations and, therefore, requires a balance achieved from 

a very small neuronal level, over ensembles, to large-scale networks (Varela et al., 2001). The 

brain’s complexity, in other words is calling for a need to organize on very different topological 

and temporal scales. Given its success in describing natural phenomena and similarities between 

the properties of neuronal networks and the prerequisites of SOC (for review see Linkenkaer-

Hansen, 2002), complexity science and the discovery of fundamental laws governing the 

emergence of spatial structures as well as propagation of activity in many complex systems, holds 

the promise of providing insight how the brain may arrive at this organization (Chialvo, 2010; 

Linkenkaer-Hansen, 2002; Singer, 2013). 

 In humans, several studies have indeed observed hallmarks of critical dynamics, showing 

scale-free fluctuations in neuronal oscillations with long-range temporal correlations 

(Linkenkaer-Hansen, et al, 2001) and spatiotemporal correlations (Eguiluz et al. , 2003, Expert et 

al., 2011, Tagliazucchi et al., 2012). These oscillations are generated spontaneously in several 

areas of the cerebral cortex by synchronously firing cells, resulting in frequencies spanning five 

orders of magnitude, from 0.01 to 100 Hz (Buzsáki & Draguhn, 2004). Previously considered 

“background noise” or “idling”, these oscillatory properties are increasingly acknowledged as a 

possibility for bridging the problem of the tempo-spatial gap as they convey a potentially valuable 

source of information on the spatiotemporal organization of the brain (Linkenkaer-Hansen, 

2002). 

If these dynamics indeed are critical, an important property of this type of networks is 

that it may help prevent that the activity gets trapped in the non-optimal regimes of high or low 

activity, as the system will always seek back to the critical state which acts as an attractor for the 

dynamics. Just as seen in the heart-rate dynamics, where the loss of complex variability due to 

exercise is followed by a relaxation (recovery) period in which slowing of the rate is accompanied 
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by reappearance of complex variability. Functionally for the brain this form of dynamic 

allostasis—a state of being stable by being able to change—naturally allows disengagement from 

a current state or behaviour and, therefore, prevents being trapped in a low-dimensional 

attractor state, caused by an external (or internal) distraction, for too long. Critical dynamics 

could therefore describe the driving force behind the fluctuations seen between the different 

modes of attention seen in resting-state dynamics.  

 

Measuring the complexity in neuronal oscillations 

We can test the temporal complexity of ongoing neuronal oscillations by testing for long-range 

temporal correlations (LRTC) which are the scale-free decay of temporal (auto)correlations in the 

amplitude envelope of these neuronal oscillations (Linkenkaer-Hansen et al., 2001b; Hardstone 

et al., 2012). The method used in the thesis to measure the LRTC is the Detrended Fluctuation 

Analysis (DFA) (Peng et al., 1995), which  provides a quantitative index of the scale-free 

modulation of the amplitude modulation of neuronal oscillations. To illustrate the sensitivity of 

DFA, Figure 6 (A) taken from Smit et al. (2011) shows the amplitude modulation of neuronal 

oscillations (6–13 Hz) for three subjects, with weak (shown in the top row), medium, and strong 

LRTC. The grey line on top of the oscillations shows the amplitude envelope. The difference in 

LRTC is clearly visible, and the resulting slope of the DFA exponent is increasing with stronger 

LRTC (B). An exponent of 0.5 means that the signal is temporally uncorrelated (“white noise”), 

while exponents closer to 1.0 represent highly auto-correlated fluctuations, or 1/f noise. 

 



14 
 

  

 
Figure 6: LRTC analysis with DFA provides a quantitative index of the scale-free modulation of the amplitude 
modulation of neuronal oscillations. (A) amplitude modulation of neuronal oscillations (6–13 Hz) for three subjects 
with (B) resulting slope of the DFA exponent. Reproduced with permission from Smit et al., 2011. 
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1.5 Thesis outline & aim: What are the applications for our daily life 

functioning?  

The main aim of this thesis is to address the question whether mind wandering, attention, and 

underlying brain activity are characterized by critical dynamics, and whether they are meaningful 

for performance, mental health and possibly can be influenced by meditation training. To do this, 

we combined the foundations of the theory of critical brain dynamics, by applying the tools of 

criticality theory, with the investigation of mind wandering, the behavioral and neural dynamics 

of switching attention, perception, and meditation. We asked the following questions: 

Can we observe critical dynamics in behavior and are these related to mind wandering, mood 

and performance? 

In Chapter 2, we used the working model that attention is naturally fluctuating between internal 

and external sources of information. If we translate these fluctuations into a single time series, 

showing the fluctuations over time from internal to external (see Figure 6), we can measure its 

dynamics by random probes and relate them to performance. We then tested the effect of mood 

and mind-wandering on these dynamics. 

 

 

 

 

 

 

 

 

 

Figure 6 A model of attention fluctuations to explain non-random fluctuations in reaction times (A) Our model is 
based on the hypothesis that attention fluctuates on a spectrum from highly external to highly internal with a non-
random temporal structure. The black dots indicate moments that target stimuli appear in the attention experiment, 
which results in (B) a reaction-time series with a similar temporal structure under the assumption that reaction times 
are shorter when attention is strongly focused on external as opposed to internal sources of information. (taken 
from Publication 1). 
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Are critical brain dynamics related to attention performance? 

In Chapter 3, we went one step further by measuring brain activity during an attention task. We 

hypothesized that a healthy attention system operates near a critical state. A key prediction 

derived from this hypothesis is that external/internal transitions in attention occur 

spontaneously and the dynamics is characterized by long-range temporal correlations as opposed 

to uncorrelated fluctuations, or no fluctuations at all. We investigated if individual variation in 

performance can be predicted from task or from resting-state neuronal dynamics. The neural 

correlates of sustained attention were recorded in healthy volunteers using electro-

encephalography (EEG) during eyes-closed rest and during a sustained visual attention task. 

 

Does this complexity in brain activity influence perception? 

In Chapter 4, a different type of attention task was used, namely a bi-stable perception task.  In 

bi-stable illusions, the percept switches spontaneously between two mutually exclusive 

interpretations of a constant stimulus. Ongoing brain dynamics, or possibly the external/internal 

transitions, have been proposed to act as “neuronal noise” that initiates the spontaneous 

switches. Using EEG, we tested if the neuronal dynamics are related to the rate of switching in 

perceptual percept.  

 

Does mental training affect the temporal structure of brain activity? 

In Chapter 5, we tested if the spontaneous neuronal complexity is also influenced without an 

external task, but solely by mental training. FA Meditation is the process of sustained non-

distraction to the present experience and, therefore, acts to oppose the onset of mind wandering 

and the naturally ‘fluctuating’ mind. Further, meta-awareness is trained to notice the emergence 

of intruding thoughts and, subsequently, to switch back to a chosen point of focus quicker leaving 

a more stable percept. Using EEG, we investigated how this subjectively perceived mental 

stability is reflected in changes in neuronal dynamics relative to a non-meditative resting state. 

Further, we tested if prolonged training has a long-term effect on these dynamics. 
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Does depression affect the temporal structure of brain activity, and does mental training affect 

this structure and depression symptoms? 

In Chapter 6, we followed up on the observation that mental health problems have an influence 

on the brain’s resting-state activity. We investigated whether depression alters the temporal 

structure of brain activity compared to controls. EEG during eyes-closed rest in depressed 

patients and healthy controls was recorded, and the temporal dynamics in depressed patients at 

baseline, and after attending either mindfulness meditation or a stress-reduction training was 

investigated and correlated to symptom severity.  

 

 

Finally, in Chapter 7 the general discussion integrates the obtained results of the present 

research, its implications, and an outlook on future research. 
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Chapter 2 

Negative mood and mind wandering increase long-range 

temporal correlations in attention fluctuations  
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Abstract 
 

There is growing evidence that the intermittent nature of mind wandering episodes and mood 

have a pronounced influence on trial-to-trial variability in performance. Nevertheless, the 

temporal dynamics and significance of such lapses in attention remains inadequately understood. 

Here, we hypothesize that the dynamics of fluctuations in sustained attention between external 

and internal sources of information obey so-called critical-state dynamics, characterized by trial-

to-trial dependencies with long-range temporal correlations. To test this, we performed 

behavioral investigations measuring reaction times in a visual sustained attention task and cued 

introspection in probe-caught reports of mind wandering. We show that trial-to-trial variability 

in reaction times exhibit long-range temporal correlations in agreement with the criticality 

hypothesis. Interestingly, we observed the fastest responses in subjects with the weakest long-

range temporal correlations and show the vital effect of mind wandering and bad mood on this 

response variability. The implications of these results stress the importance of future research to 

increase focus on behavioral variability. 
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Introduction  
 

“Mind wandering” refers to cognitions unrelated to the current demands of the external 

environment and plays a prominent role in daily life (Killingsworth & Gilbert, 2010). Reflecting on 

the past or mentally simulating future events are key components of the mind wandering process 

and central to our self-percept (Buckner et al., 2008; Smallwood et al., 2012). Intrusive thoughts, 

however, may also cause attention lapses in vital situations demanding sustained attention such 

as driving (He et al., 2011). Additionally, long-term stress and emotional burden can lead to an 

increase of mind wandering, often referred to as rumination (Killingsworth & Gilbert, 2010; 

Hamilton et al., 2011), which has a relation to numerous brain disorders, including depression 

(Papageorgiou & Wells, 2003) and social anxiety (Mellings & Alden, 2000), and is related to 

decreased task performance for example while reading (Lyubomirsky et al., 2003). 

Research on attention has a long tradition in investigating how we selectively process one 

source of information while ignoring others (Driver, 2001). In the face of limited processing 

abilities, task performance is strongly influenced by the level of attention paid to the task (Sarter 

et al., 2006). Still, competing influences such as additional sensory information (Theeuwes, 2010) 

or mind wandering (Smallwood & Schooler, 2015) can cause distraction from the task at hand 

and play a pronounced role in determining behavioral variability, as seen for example in a 

metronome task requiring continuous responses to tones (Seli et al., 2013). Nevertheless, most 

investigations into the link between attention and performance use statistical measures of 

central tendency, such as mean reaction times (Kelly et al., 2008; Diniz et al., 2011), and thereby 

ignoring large proportions of ongoing variability as noise or unexplained variance (Gilden, 2001). 

It has been shown that impending errors and stimulus-independent thoughts are related to 

increases in average reaction times (Smallwood et al., 2008; Kane & McVay, 2012) and reaction 

time variance (Bastian & Sackur, 2013; Esterman et al., 2013; Seli et al., 2013), but the 

observation that behavioral responses have apparent fluctuations, which tend to occur in non-

random clustered fashion  (Verplanck et al., 1952; Wertheimer, 1953) is largely neglected.  
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The lack of investigations into the temporal structure of trial-to-trial variability in reaction times 

is surprising considering the growing evidence that the temporal structure of neuronal and 

behavioral time series contains valuable information about the mechanisms and functions of the 

systems producing these fluctuations. In fact, if a signal exhibits complex fluctuations, the 

average is a poor statistical measure as opposed to scaling techniques that relate different scales 

to each other (Hardstone et al., 2012), especially if the signal harbors the long-term memory 

process known as 1/f noise (Gilden, 2001). 1/f noise is a hallmark of dynamical systems operating 

close to the critical point of a phase transition from ordered to disordered states (Bak, 1996) and 

is also a characteristic of many healthy physiological systems with high demands for swift 

adaptation, e.g., heartbeat (Goldberger, A. L., Amaral, L. a N., Hausdorff, J. M., Ivanov, P. C., Peng, 

C.-K., & Stanley et al., 2002), gait (Daliri, 2012), speech (Voss & Clarke, 1975) and neuronal 

oscillations (Palva et al., 2005; Montez et al., 2009). In such non-linear dynamical systems 

operating near the critical state, these dynamics are reflected in the form of long-range temporal 

correlations (Eguiluz et al., 2003; van Orden et al., 2010; Poil et al., 2012). Indeed, behavioral 

experiments in humans also show robust non-random clustering of behavioral responses such as 

detection of weak tactile (Monto et al., 2008) or visual stimuli (Palva et al., 2013), as well as in 

speech (Kello et al., 2008) and motor timing tasks (Kello et al., 2007; Torre et al., 2011; Smit et 

al., 2013). Together, these studies suggest that profoundly important aspects of human cognition 

and behavior may be dismissed if the observed variability is averaged out and, therefore, not 

investigated.  

Similarly, in attention and mind wandering research it has been shown that the behavioral 

success is linked to the successful dynamics of attentional resource allocation to task-related 

external demands as opposed to task-unrelated internal information (Weissman et al., 2006; 

Kelly et al., 2008). In this study, we therefore combine this notion of resource allocation with 

response variability and apply it to the mind wandering problem and resulting observable 

behavioral correlates. We reason that for successful task performance prompt adaptation of the 

attentional system to the demands at hand is important and requires a mechanism that supports 

swift transitions. 
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 Since dynamical systems operating near a critical state show the greatest propensity of 

producing swift transitions in the dynamics of the order parameter (Contoyiannis & Diakonos, 

2000; Contoyiannis et al., 2002)—including temporal complexity (Turalska et al., 2011)—, we 

hypothesize that a healthy attentional system may also operate close to a critical point (Bak, 

1996; Kinouchi & Copelli, 2006; Shew et al., 2009). This could allow it to display meaningful 

dynamics, related to the stability or variability of the resulting behavior. A key prediction derived 

from this hypothesis is that transitions in attention occur spontaneously (Kelly et al., 2008), and 

that the resulting dynamics in the observable behavior will be characterized by trial-to-trial 

dependencies, long-range temporal correlations, as opposed to uncorrelated fluctuations, or no 

fluctuations at all. Further, the closer the transitions in attention are to the critical point 

(separating the ordered sub-critical and the disordered super-critical regime) the stronger the 

long-range temporal correlations in reaction-time fluctuations, in analogy to what has been 

reported for models of neuronal oscillations  (Poil et al., 2012). 

We investigate changes in behavioral dynamics through indirect performance probing in 

a sustained attention task and through direct experience sampling in a cued mind wandering 

task, and use the detrended fluctuation analysis (DFA) (Peng,K, Havlin,S., Stanley,H., and. 

Goldberger, 1995; Linkenkaer-Hansen et al., 2001b) to quantify the temporal complexity of 

reaction-time fluctuations. Further, motivated by the effects of mood on mind wandering 

(Killingsworth & Gilbert, 2010; Hamilton et al., 2011), we show that mood has profound effects 

on these dynamics. 

 

Methods  
 

Participants 

The participants were recruited at the VU Amsterdam, Dutch or English speaking with no 

history of neurological complications or substance abuse. Three experiments were performed 

(see details below), an attention- task with 62 participants (mean age = 25 (SD=6.2), 32 Female) 
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and an attention- and mood-induction task with 89 participants (mean age = 22.4 (SD=2.5), 64 

Female) and a cued mind wandering task with 35 participants (mean age = 21.3 (SD=1.2), 25 

Female). All participants signed the informed consent, the protocol was approved by the 

scientific and Ethical Review Board (VCWE) of the Faculty of Psychology and Education, VU 

Amsterdam. 

Overall study design 

We conducted 3 independent experiments that are explained in detail below. In 

experiment 1, participants completed a 8 minutes sustained attention task (Continuous Temporal 

Expectancy Task (CTET), adapted from Connell et al., 2009)). In experiment 2, additional 

participants underwent a mood manipulation before participating in the same CTET paradigm. 

Only stimulus display times of the task were slightly longer. In experiment 3, additional 

participants completed a 12 minutes externally cued mind wandering task. All experiments were 

conducted in front of a computer screen in an isolated room.   

Continuous Temporal Expectancy Task (CTET) 

  Participants completed a sustained attention task (adaptation of CTET (O’Connell et al., 

2009)), which was designed to measure lapses in attention through reaction times and the errors 

that the participants make. The task consisted of centrally presented photos of flowers shown at 

regular intervals (600 ms in experiment 1, or 900 ms in experiment 2), resulting in a continuous 

stream of pictures. Participants were asked to attend to the temporal duration of each stimulus 

and press the space bar with their dominant hand when a stimulus was presented longer (1200 

ms in experiment 1, or 1600 ms in experiment 2) than the standard duration (Fig 1). Long-

duration stimuli occurred semi-randomly (every 4th to 10th stimuli) 100 times. Identifying the 

duration target was easy when fully attending to the stimuli; however, it quickly becomes 

demanding to fully focus on the boring task and results in great variation as well as occasional 

misses during the continuous task. This makes the CTET a measure of continuous deployment of 

attention to the time domain, i.e., time interval between events. The stimuli were made of 

naturalistic pictures taken from the International Affective Picture System (Lang et al., 1999), 
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with pictures specifically chosen for their low arousal values. Additionally, the color, brightness, 

saturation, and size of the scenes were standardized decrease stimulus perceptional differences. 

 

 

 

Fig 1. The Continuous Temporal Expectancy Task results in large variation in reaction times. (A) Illustration of the 
CTET paradigm (adapted from [44]) with stimuli presented for either 600 ms (900 ms experiment 2) if they were 
standard stimuli or for 1200 ms (1600 ms experiment 2) if they were targets. (B) Example sequence of reaction times 
exhibiting large variation to the 100 target images shown. 

 

The participant’s ability to monitor the stimulus duration is increased when attention is 

actively oriented towards it (Nobre et al., 2007), and decreases if top-down attentional effort is 

diminishing. Lapses in identifying targets may therefore been taken as a correlate of decreased 

attention, a phenomenon seen in many everyday life applications. Different from conceptually 

similar attention tasks such as the go/no-go “Sustained attention to response task” (SART 

(Robertson et al., 1997)), every stimulus is a potential target and only discriminated by its longer 

presentation-time and not by perceptual features. This solves the problematic issue of target 

salience and automatically engaged exogenous attention interfering with the continuous 

attentional aspect which is targeted in this study (Robertson & O’Connell, 2012). In this study, a 

single block was chosen to tap into long-term sustained attention abilities of the participants. 
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Mood Inductions 

 In experiment 2, before completing the CTET task the participants had two interventions to 

induce a positive, negative or neutral mood. They first watched one of three 5 minutes movies. 

The content of the ‘positive’ movie contained clips of funny sit-coms and playing puppies; the 

‘negative’ movie contained clips from war scenes and the ‘neutral’ movie contained clips from a 

documentary on concrete pipes. The instruction was to pay special attention to the content of 

the movie, of which they would get a quiz at the end. This was meant to obscure the effect of the 

mood induction and to let the participants think this experiment was about memory, and not 

about the effect of mood on mind wandering and attention. The ethics committee approved 

withholding information about the purpose of the experiment from participants until the 

experiment was completed. Before and after the movie, the participants completed the Positive 

and Negative Affect Scale (PANAS, (Watson et al., 1988; Engelen et al., 2006)) to verify successful 

mood manipulation. The PANAS comprises two mood scales, one for positive affect and one for 

negative. Participants indicate to what extend they feel certain emotions using a 5-point scale 

ranging from not at all (1) to extremely (5). The second mood induction was to bring a vivid 

memory in mind that makes them feel positive, negative or neutral, and then tell the test leader 

when they succeeded and vividly felt the emotions that come with this memory. Again, The 

PANAS was applied to check the success of the manipulation. Both times, the same mood was 

induced in the participant. At the end they were debriefed about the real purpose of the 

experiment. 

 

Externally cued mind wandering 

Probe-caught paradigms are popular means to investigate mind wandering (for review: 

(Smallwood & Schooler, 2006)) and numerous studies have used thought probes during different 

tasks to index the degree of mind wandering at specific moments (Smallwood et al., 2008; 

Christoff et al., 2009; Seli et al., 2013). In our study, the participants sat in a dimly lit room with 

their eyes closed and were asked to focus their attention on the sensation of the breathing 

(bodily movements of the in- and exhalation) for 12 minutes. In semi-random intervals (jitter: 7-

20 s, 100 probes in total) a tone asked them to indicate if they achieved that goal or if their mind 
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had wandered away from the breath. Participants responded by promptly indicating the level of 

attention on a 3-point Likert scale (1- focused on the breath, 2- a little distracted, 3- totally 

absent).  

 

Behavioral analysis 

The observed reaction-time averages were calculated from the point in time when the target 

stimulus was displayed longer than non-target stimuli. The reaction time, therefore, includes 

both the time needed to notice the deviant and the time to react.  The next stimulus is displayed 

after 600 ms (experiment 1) or 900ms (experiment 2), and to prevent that wrong presses to the 

non-targets stimuli would count as a very slow reaction to the target stimulus, we defined the 

maximum allowed reaction time up until 100 ms after the next stimuli was presented (700 ms 

experiment 1, 1000 ms experiment 2). To obtain a comprehensive reaction-time performance we 

included misses and in the reaction time series and assigned them the longest reaction time 

allowed (i.e., 700 ms or 1000 ms). Incorporating misses in the time-series avoids short average 

reaction times in subjects responding very fast but also missing several trials, and importantly, 

the temporal structure of an actual miss in the time series is preserved for the analysis of 

temporal correlations. Only serious task performances were taken into the analysis; therefore, 

we excluded participants who did not press the response key (Experiment 1: n = 2; Experiment 

2: n = 1), or who pressed the same button in the entire experiment (Experiment 3: n = 1) from 

the analysis. For parametric tests paired-samples t-tests were used, with a significance level of p 

< 0.05. Associations between behavioral measures and long-range temporal correlations (LRTC) 

(see next section) were calculated using Pearson’s correlation coefficient.  

 

Long-range temporal correlations analysis using the detrended fluctuation analysis 

We were interested in understanding individual differences in reaction-time fluctuations as an 

indirect measure of fluctuations in mind wandering episodes. To this end, we quantified the 

strength of LRTC in reaction-time series using the detrended fluctuation analysis (DFA) (Peng,K, 

Havlin,S., Stanley,H., and. Goldberger, 1995). The reaction-time series were defined by using the 

sequence of reaction times RT(k) with k being the index labeling the k’th reaction time from a 
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total of N reaction times (k = 1, 2, …N). The k-index plays the role of a pseudo-time in the DFA. In 

brief, the DFA measures the power-law scaling of the root-mean-square fluctuation of the 

integrated and linearly detrended signals, F(t), as a function of time window size, t (with an 

overlap of 50% between windows). The DFA exponent () is the slope of the fluctuation function 

F(t) and can be related to the power-law scaling exponent of the auto-correlation function decay 

() and the scaling exponent of the power spectrum density () by 𝛼 =
1+ 𝛽

2
=

2−

2
 . DFA exponent 

values between 0.5 and 1.0 reveal the presence of LRTC, whereas an uncorrelated signal has an 

exponent value of 0.5. The decay of temporal correlations was quantified over a range of 2 to 60 

reaction times. 

 

 

Results 
 

Simulation for the behavioral analysis and theoretical framework 

For the behavioral analysis, we work with the assumption that the attention system shows 

temporal fluctuations in form of LRTC. If these are reflected in behavioral performance over time, 

it should be possible to capture these dynamics with behavior samples during a sustained 

attention paradigm. Therefore, in our model, we first tested whether it was possible to quantify 

the hypothesized attentional dynamics with a low-frequency sampling rate, i.e., the occasional 

presentation of a target image in the CTET task. Therefore, before conducting the experiments, 

simulations were carried out to: 1. find the minimum amount of data points needed to reliably 

estimate DFA exponents (see Methods) and 2. see if the temporal correlations of an underlying 

signal can be recovered with the infrequent sampling used in the attention paradigm. For this, 

first a 1/f signal was produced in Matlab using a signal generator with defined underlying LRTC 

(DFA exponent in the range of 0.6 to 1). This temporal structure is representing the hypothesized 

fluctuations in attention over time on a scale from entirely focused on external environment to 

entirely focused on internally generated thoughts and feelings, commonly referred to as mind-

wandering On top of that signal, time points were marked in accordance with the sampling 
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frequency of the target presentation used in the sustained attention task (Fig 2A). The points of 

overlap (1/f signal* target presentation) were obtained, and the temporal structure of this 

“behavioral time series” was calculated (Fig 2B).  For reliability of the recovery success, the 

underlying 1/f signal was simulated 100 times for each exponent of the underlying signal ranging 

from 0.6 to 1, and the DFA fluctuation function fitted from 2 to 60 events. The resulting 

comparison of original exponent with recovered exponent revealed that it is possible to recover 

the LRTC of an underlying time series with only 100 sampling points (p <.00001) (Fig 2C). Less 

than 100 samples were unfavorable as it led to a regression towards the mean with an 

underestimation of high and overestimation of low DFA, therefore decreasing the sensitivity of 

exponent recovery. Thus, the observed reaction-time series resulting from the task can be used 

as an estimation of the underlying temporal correlation of the participants’ attentional 

capacities. 

 

 

 

Fig 2. A model of attention fluctuations to explain non-random fluctuations in reaction times. (A) Our model is 
based on the hypothesis that attention fluctuates on a spectrum from highly external to highly internal with a non-
random temporal structure, shown here for a DFA exponent of 0.8. The black dots indicate moments that target 
stimuli appear in the CTET experiment, which results in (B) a reaction-time series with a similar temporal structure 
under the assumption that reaction times are shorter when attention is strongly focused on external as opposed to 
internal sources of information. (C) 1/f signal produced with simulated sampling, showed a robust estimation of 
underlying temporal correlation with infrequent, semi-random sampling (p <.00001). 
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Result experiment 1: The temporal dynamics of reaction times are inversely related to 

performance 

To test if the observed behavior during the sustained attention task exhibited LRTC, we computed 

the DFA exponent on the reaction time series (see Methods). Participants showed large individual 

variation in scaling exponents with a mean of α = .65 (SD = .09). Interestingly, DFA exponents 

correlated strongly and positively with the mean reaction time across subjects (R2 = .52, p 

=.00002), indicating that better performance was associated with a suppression of complex 

reaction-time fluctuations (Fig 3). 

 

 

Fig 3. Weak LRTC of reaction-time series are associated with fast reaction times. The observed correlation (R2 = .52, 
p =.00002), shows that better performance is associated with less variability. 

 

Control analysis 

 To verify that it was truly the temporal structure of the reaction time series that correlated with 

the mean reaction times, we randomly shuffled the reaction times and repeated the DFA analysis 

of the shuffled data. The correlation of DFA with mean reaction time disappeared (R2= .03, p = 

.79). Additionally, after shuffling the mean DFA of all participants dropped from α = .65 to .55, as 

expected from a time series with a random temporal structure (see Methods). 
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Results experiment 2: Mood manipulation  

In experiment 2 we tested if it is possible to manipulate the dynamics observed in Experiment 1 

with a positive, neutral or negative mood induction. To test the success one-way ANOVA’s were 

performed on the PANAS scores obtained before and after the first mood induction (movie) and 

after the second mood induction (imagination). The positive affect test of the PANAS showed 

that after the interventions the positive group was higher in positive affect (significant between-

groups main effect after the movie (F(2) = 4,958, p < .01 and after imagination (F(2) = 15,346, p < 

.001, see Table 1). The negative affect test of the PANAS showed that after the interventions the 

negative group was higher in negative affect (significant between-groups main effect after the 

movie (F(2) = 7,186, p < .01), and imagination (F(2) = 26.888, p < .001, see Table 2). Taken the 

results together, we conclude that the mood induction was successful. 

 

Table 1. Results PANAS (Positive Affect) 

Positive Mood 
Manipulation 
Check 

Neutral 
mood 
induction 
(N=46) 

Positive 
mood 
induction 
(N=20) 

Negative 
mood 
induction 
(N=22) 

One-way 
ANOVA p 
value  

Tukey post hoc tests 
(neu-pos, neu-neg, 
pos-neg) 

Measurement1 
(pre-movie) 

3.01 3.38 3.14   

Measurement2 
(post-movie) 

2.80 3.31 2.76 .009  .013, .970, .022 

Measurement3 
(post-imagine) 

2.42 3.51 2.36 .000 .000, .964, .000 

 

Table 2. Results PANAS (Negative Affect) 

Negative Mood 
Manipulation 
Check 

Neutral 
mood 
induction 
(N=46) 

Positive 
mood 
induction 
(N=20) 

Negative 
mood 
induction 
(N=22) 

One-way 
ANOVA 
p value  
 

Tukey post hoc tests 
(neu-pos, neu-neg, 
pos-neg) 

Measurement1 
(pre-movie) 

1.99 1.89 1.83   

Measurement2 
(post-movie) 

1.54 1.52 2.16 .001 
 

.996, .002, .007 

Measurement3 
(post-imagine) 

1.36 1.47 2.57 .000 
 

.781, .000, .000 
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Results experiment 2: Positive mood is associated with faster performance and reduced 

temporal complexity of reaction times 

In experiment 2, we replicated the findings of experiment 1, and show that even with longer 

stimulus display times, the DFA exponents of the reaction times correlate strongly and positively 

with the mean reaction time across subjects (R2 = .56, p < 000001). Interestingly, dividing the 

outcome of the attention task in the three mood inductions showed that performance improves 

as the mood improves from a mean reaction time of 838 ms (SD = 75) in the negative condition 

to 788 ms (SD = 102) in the neutral (t65 = 2.07, p = .042) and to 774 ms (SD = 98) in the positive 

condition (t40= 2.39, p = .022) (Fig 4A). Interestingly, not only the mean reaction times are 

influenced by mood but also the temporal structure of the behavioral time series. Negative mood 

was associated more complex variation in reation times (α = .73, SD = .11) compared to positve 

mood (α = .65, SD = .1; t40 = 2.53, p = .016), and a trend compared to neutral (α = .67, SD = .11; 

t65 = 1.9, p = .073), showing that mood also changed the variablity in the reaction time series (Fig 

4B). 

 

 

 

Fig 4. Mood has an effect on average reaction time and reaction-time temporal structure. Participants in the 
negative mood condition showed worse performnce than particiapnts in the neutral (t65 = 2.07, p = .042) and positve 
mood condition (t40=2.39, p = .022). Additionally, the temporal strucutre of reaction time series differed between 
positive - negative (t40 = 2.53, p = .016), Error bars represent 95% confidence intervals.  
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Results experiment 3: Probe-caught mind wandering dynamics show LRTC  

Indirect probing in the form of sustained attention tasks has the limitation that it is unknown if 

the participants really had increased mind wandering or not. Therefore, we investigated if 

subjectively perceived mind wandering also shows these dynamics. Participants were asked to 

focus their attention on the sensation of the breathing and indicate the level of success upon 

probing on a 3-point Likert scale (1- focused on the breath, 2- a bit focused/a bit distracted, 3- 

totally absent/mind wandering). Missed responses were counted as totally absent (3). We found 

that the average score of attention over the entire experiment was 1.73 (SD=0.43), showing that 

participants were able to focus on the breath, with occasional distractions. Importantly, we found 

that these mind wandering periods also exhibited long-range temporal correlations (average α = 

.82 (SD= .12)). These LRTC of responses are inversely related to mind wandering: the more often 

participants reply that they were mind wandering the higher the DFA, showing that also 

subjectively felt focus is associated with reduced temporal complexity (R2= .43, p = .01) (Fig 5). 

 

 

Fig 5. More mind wandering episodes are associated with increased LRTC of response-time series. The Correlation 
between DFA the of the subjective rating of attention, or mind wandering episodes shows that variability increases 
with more mind wandering (R2= .43, p = .01). 
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Control analysis 

 First, we tested the confidence of the participants in the accuracy of their mind wandering rating 

on a 5-point Likert scale (1- strongly disagree to 5- strongly agree). The average score of 3.88 (SD 

= 0.8) shows that participants believed their scores to be reflecting their subjective experience. 

Then, again we performed the control correlation analysis with randomly shuffled values 

(disrupting the original underlying temporal structure while keeping mean values the same), 

which showed that the correlation of DFA with mean response disappeared again (R2= -.18, p = 

.30). Additionally, after shuffling the mean DFA of all participants reduced from α = .82 to .59, 

again approaching random temporal structure in the response series.  

 

 

Discussion 
 

In this study, we tested the hypothesis that spontaneous transitions in attention can be 

characterized by LRTC. Assuming that a healthy attention system is adapted to allow self-

organized switches in response to changing environmental (or internal) demands and, therefore, 

could operate near a critical state, we applied a measure of temporal correlations to behavior 

time series. Through indirect performance probing in a sustained attention task and direct 

experience sampling of mind wandering episodes, we showed that both behavioral time series 

display long-range temporal correlations. Further, we showed that better performance is 

associated with less complexity in the response variation. In addition, we could actively 

manipulate the temporal structure and performance by inducing different moods in the 

participants.  

Investigations into attention and mind wandering often omit the ongoing variability 

displayed by the participants over time as noise or unexplained variance (Gilden, 2001), and 

focusing instead on measures of central tendency such as mean reaction times (Kelly et al., 2008; 

Diniz et al., 2011). In this study, we investigated if the variance caused by lapses in attention and 

mind-wandering episodes are meaningful and can be quantified with the use of scaling 
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techniques to estimate LRTC, also known as 1/f noise (Gilden, 2001). For this, we first show that 

it is possible to retrieve underlying LRTC in a signal with irregular sampling frequency (as used in 

our attention task) to allow behavioral correlates as a measure for attentional focus. To quantify 

the temporal complexity of the system we applied the detrended fluctuation analysis (DFA) 

(Peng,K, Havlin,S., Stanley,H., and. Goldberger, 1995; Linkenkaer-Hansen et al., 2001b), and 

achieved a robust estimation of underlying temporal correlation. We showed that the observed 

behavioral responses have non-random clustered fluctuations in the form of LRTC, as opposed 

to uncorrelated fluctuations, or no fluctuations at all. 

According to our hypothesis, a healthy attention system—like many other physiological 

systems, including neuronal oscillations (Palva et al., 2005; Montez et al., 2009), operate near a 

critical state (Bak, 1996; Kinouchi & Copelli, 2006; Shew et al., 2009). It is plausible that the 

fluctuations in focus of attention—and hence in the reaction times—may find an explanation also 

within the framework referred to as “rapid transition processes” (Kaplan et al., 2005), which has 

been successful in accounting for the temporal complexity  of different sleep stages and levels of 

consciousness (Allegrini et al., 2013, 2015; Paradisi et al., 2013). Importantly, the metric of LRTC 

applied to reaction-time series is efficient in identifying a direct relationship between individual 

differences in performance and temporal variability in performance. Therefore, we show that 

applied to sustained attention and mind wandering LRTC might be related to the dynamics of the 

allocation of limited attentional resources; possibly from task-unrelated (internal) demands such 

as mind wandering to task-related (or external) processes such as responding to the task. The 

closer the transitions in attention are to the critical point (separating the ordered sub-critical and 

the disordered super-critical regime), the stronger the long-range temporal correlations in the 

behavior. The closer a state is to criticality (higher LRTC) it may be more optimized for a broad 

range of different demands including transitions from environmental and internal sources (Beggs 

& Plenz, 2003), while reducing these fluctuations might be more beneficial for a single focus, as 

needed during the present attention task. Indeed, we also see a reduction in LRTC in neuronal 

oscillations in response to task performance (He et al., 2010; Irrmischer et al., 2017). A reduction 

in exponents indicates less autocorrelations and, therefore, less influence on future dynamics 
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(Mandelbrot & Van Ness, 1968; Eke et al., 2002), hence possibly less distractions from the 

focused task at hand, such as off-task mind wandering. 

It is important to stress that the control analysis showed that the temporal structure 

measured was not only caused by increased variance produced by the increase in reaction times, 

or mind-wandering episodes, but that additionally these episodes come with an increased 

temporal structure related to the success in performance. The latter is lost if the order of 

responses is shuffled: The reaction-time average and variability stay the same while the temporal 

structure decreases. 

We know that mind wandering (Killingsworth & Gilbert, 2010; Hamilton et al., 2011) and 

our ability to keep attention on a task can be largely influenced by our mood (Lyubomirsky et al., 

2003). Therefore, we tested if we could actively manipulate the temporal structure of 

performance by inducing different moods in the participants. We show that indeed positive 

mood was associated with better performance and decreased LRTC. Bad mood is associated with 

increased mind wandering (Killingsworth & Gilbert, 2010), with one reason being that we turn 

‘inside’ in an attempt to gain insight into why we feel bad (Lyubomirsky & Nolen-Hoeksema, 

1993) a process accentuated by the observation that bad mood additionally biases the mind for 

further negative thinking (Koster et al., 2005). In accordance with our hypothesis participants 

most likely were more often distracted or pulled out of the single external focus required for the 

sustained attention task to more internal mood-related mind wandering or distractions. 

Interestingly, these switches did not occur ‘at random’ but are temporally related.  

Outlook 

The implications of these results stress the importance of future research to investigate 

the temporal structure of behavioral variability instead of only central tendency measurements. 

It is also interesting to apply neuroimaging techniques to understand the neural correlations of 

these individual differences in performance variability, as scaling techniques have successfully 

been applied to both EEG (Allegrini et al., 2009, 2010; Irrmischer et al., 2017) and fMRI 

investigations (Tagliazucchi et al., 2012, 2016). 
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Abstract 
 

Neuronal oscillations exhibit complex amplitude fluctuations with autocorrelations that persist 

over thousands of oscillatory cycles. Such long-range temporal correlations (LRTC) are thought to 

reflect neuronal systems poised near a critical state, which would render them capable of quick 

reorganization and responsive to changing processing demands. When we concentrate, however, 

the influence of internal and external sources of distraction is better reduced, suggesting that 

neuronal systems involved with sustained attention could benefit from a shift towards the less 

volatile sub-critical state. To test these ideas, we recorded EEG from healthy volunteers during 

eyes-closed rest and during a sustained attention task requiring a speeded response to images 

deviating in their presentation duration. We show that for oscillations recorded during rest, high 

levels of alpha-band LRTC in the sensorimotor region predicted good reaction-time performance 

in the attention task. During task execution, however, fast reaction times were associated with 

high-amplitude beta and gamma oscillations with low LRTC.  Finally, we show that reduced LRTC 

during the attention task compared to the rest condition correlates with better performance, 

while increased LRTC of oscillations from rest to attention is associated with reduced 

performance. To our knowledge, this is the first empirical evidence that “resting-state criticality” 

of neuronal networks predicts swift behavioral responses in a sensorimotor task, and that steady 

attentive processing of visual stimuli requires brain dynamics with suppressed temporal 

complexity. 
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Introduction  
 

Research on attention has a long tradition in investigating how we selectively process one object 

while ignoring others (Driver, 2001). In the face of limited processing abilities, task performance 

is strongly influenced by the level of attention paid to the task (Kahneman, 1973 in: (Sarter et al., 

2006)). Still, competing influences such as additional sensory information (Theeuwes, 2010) or 

mind wandering (Smallwood & Schooler, 2015) can cause distraction from the task at hand and 

dramatically reduce performance.  

Cognitive functions like mind wandering evolve across many time scales, from brief 

mental images to long-lasting trains of thoughts (Buckner et al., 2008; Seli et al., 2014). The 

underlying mechanism therefore also needs to be capable of organizing the coordination of 

neuronal activity on many time scales (Linkenkaer-Hansen et al., 2005). Indeed, both 

hemodynamic (Fox, et al., 2006) and electrophysiological measures (Linkenkaer-Hansen, et al., 

2001, Montez et al., 2009; Palva , 2005) indicate that ongoing brain activity is highly variable and 

shows organization on many time scales. Quantitatively, this coordination is reflected in long-

range temporal correlations (LRTC) of the type observed in non-linear dynamical systems 

operating near the critical state (Chialvo, 2010; Kello et al., 2010; Poil et al., 2012). This is 

indicating that ongoing brain activity harbors a long-term memory process known as 1/f noise 

(Gilden, 2001), a hallmark of healthy physiological systems with high demands for swift 

adaptation such as heartbeat (Goldberger, A. L., Amaral, L. a N., Hausdorff, J. M., Ivanov, P. C., 

Peng, C.-K., & Stanley et al., 2002) and gait (Hausdorff et al., 1996), as well as the ability to 

produce repetitive taps using the index finger (Torre et al., 2011) and threshold-stimulus 

detection tasks (Palva et al., 2013). Deviations from the normal range of LRTC have been 

associated with diseases such as clinical depression (Linkenkaer-Hansen et al., 2005), alzheimer 

(Montez et al., 2009), epilepsy (Monto et al., 2007), Parkinson’s (Hohlefeld et al., 2012) and 

autism (Lai et al., 2010). Therefore, associating the success of overt behavior to oscillatory brain 

dynamics can be valuable for understanding general functioning of the brain, and may have 

prognostic properties for optimal functioning or disease.   
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LRTC have been suggested to reflect the degree to which the brain remains capable of quick 

reorganization (Linkenkaer-Hansen et al., 2001b; Deco et al., 2013; Singer, 2013; Tognoli & Kelso, 

2014) and, thus, is responsive to different processing demands. The closer neuronal systems are 

to the critical point separating the ordered sub-critical and the disordered super-critical regime, 

the stronger the long-range temporal correlations in activity fluctuations (Poil et al., 2012). The 

transition from resting-state to attention-task activity on the other hand shows a decrease in the 

long-range memory of the signal as found during focused attention meditation in experienced 

meditators (Irrmischer, et al., 2017), as well as during a cued response task in EEG (He et al., 

2010) and in fMRI BOLD activations (He, 2011); however, large fluctuations in ongoing oscillations 

remain during task execution and these have been associated with trial-by-trial variability in 

performance (Linkenkaer-Hansen, Nikulin, Palva, Ilmoniemi, et al., 2004; He & Zempel, 2013). 

Still, it remains unknown whether this change in temporal structure of continuous amplitude 

modulations of oscillatory activity is a mere by-product of the shift from idling resting state to 

task engagement or whether it is behaviorally relevant in terms of performance success. And, 

more specifically, whether brain states closer to the critical regime—previously associated with 

high adaptability and versatile information processing (Bak, 1996; Kinouchi & Copelli, 2006; Shew 

et al., 2009)—is beneficial for a sustained attention task, or whether a state characterized by less 

complex variability is better?  

In this paper, based on earlier findings of reduced LRTC during focused attention 

meditation (Irrmischer et al., 2017), we propose the working hypothesis that the human brain is 

poised near a critical state that makes attention inherently unstable and, consequently, a less 

volatile brain state is desired when sustained focus of attention is required. A key prediction 

derived from this hypothesis, is that long-range temporal correlations in human EEG oscillations 

are suppressed during sustained attention and that such suppression may be are related to 

behavioral performance. To test this we analyzed the changes in LRTC from eyes-closed to rest, 

and their correlation to performance in a sustained attention task, which due to its repetitive 

nature and length was specifically targeted at inducing distractions in form of mind-wandering. 
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Methods  

Participants  

The 57 participants were healthy students of the Vrije Universiteit in Amsterdam, and 

volunteers from the general population aged 20–48 years (M = 25 years, SD = 6.2; 35 females), 

with no history of neurological complications including ADHD, depression or substance abuse. 

All participants signed the informed consent, the protocol was approved by the Scientific and 

Ethical Review Board (VCWE) of the Faculty of Psychology and Education, VU University 

Amsterdam.  

 

EEG measurements 

EEG recordings were acquired using the Electrical Geodesics EEG system (GES200) with 128-EGI 

HydroCel channel sponge-based EEG-caps at a sampling rate of 1000 Hz and using Cz as reference 

electrode. Participants were measured while sitting alone in the recording room in front of a 

computer screen. The experiment was programmed in OpenSesame (Mathôt et al., 2012).  

 

Experimental conditions 

Eyes-closed Rest (ECR). Participants were first measured during five minutes eyes-closed rest 

(ECR) while sitting on a chair. The instruction was “Please keep your eyes closed, relax, and try 

not to fall asleep”. 

 

Continuous Temporal Expectancy Task (CTET). Next, participants completed a sustained attention 

task (adaptation of CTET (O’Connell et al., 2009)), which was designed to measure lapses in 

attention through the number and timing of errors the participants make. The task consisted of 

centrally presented photos of flowers shown at regular intervals (600 ms), resulting in a 

continuous stream of pictures. Participants were asked to attend to the temporal duration of 

each stimulus and press the space bar with their right hand when a stimulus was presented longer 

(1200 ms) than the standard duration (Fig. 1). Long-duration stimuli occurred semi-randomly 

(every 4th to 10th stimuli) 100 times. Identifying the duration target is easy when fully attending 

to the stimuli; however, it quickly becomes demanding to continuously focus on the boring task 
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resulting in great variation as well as occasional misses during the 7.5 minutes task. This makes 

the CTET (O’Connell et al., 2009) a measure of continuous deployment of attention to the time 

domain, i.e., duration of repetitive events. The stimuli were made of naturalistic pictures taken 

from the International Affective Picture System (IAPS;(Lang et al., 1999)), with pictures 

specifically chosen for their low arousal values. Additionally, the color brightness, -saturation, 

and size of the scenes were standardized to decrease stimulus perception dependent differences. 

 

 

Figure  2:  The Continuous Temporal Expectancy Task (CTET). An adaptation of the original  task (O’Connell et al., 
2009) was used which consisted of centrally presented photos of flowers shown at regular intervals (600 ms) and 
longer intervals (1200 ms), which occurred semi-randomly (every 4th to 10th stimuli) 100 times. The entire task took 
7.5 minutes and participants were asked to press the space bar with their right hand when a stimulus was presented 
longer. 

 

Eyes-open Rest (EOR): In 23 subjects we also recorded a five minutes eyes-open rest (EOR) 

condition with the instruction “Please keep your eyes open, relax, focus on the mark on the 

screen and try not to fall asleep”. This was done to assess whether differences in brain dynamics 

between the resting state and the CTET experiment were solely due to having eyes open or not. 

 

Rationale  

The capability to monitor the duration of stimuli is increased when attention is actively oriented 

towards it (Nobre et al., 2007), and decreases if top-down attentional effort is diminishing. Lapses 

in identifying targets are, therefore, a direct correlate of decreased attention, a phenomenon 
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seen in many everyday life applications. Different from conceptually similar attention tasks such 

as the go/no-go “Sustained attention to response task” (SART; (Robertson et al., 1997)), every 

stimulus is a potential target and only discriminated by its longer presentation-time and not by 

perceptual features. This solves the problematic issue of target salience and automatically 

engaged exogenous attention interfering with the continuous attentional aspect which is 

targeted in this study (Robertson & O’Connell, 2012). Finally, it has been shown that performance 

declines after just 3 minutes of task performance, but there is no broader decline over blocks 

indicating that the CTET is a useful paradigm for tracing drifts in the level of attention over time 

(O'Connell et al., 2009). Therefore, in this study a single block of 7.5 continuous minutes was 

chosen to tap into long-term sustained attention abilities of the participants.  

 

EEG pre-processing  

The EEG signals were FIR-filtered (0.5–45 Hz band-pass, Blackman window with 1 Hz transition 

band) and noisy channels were removed using the pre-processing functions available in EEGLAB 

and the Neurophysiological Biomarker Toolbox (NBT, http://www.nbtwiki.net) (Hardstone et al., 

2012). All signals were visually inspected in windows of 10 seconds and transient artifacts, e.g., 

caused by head movements or eye blinks were manually marked and omitted from the 

subsequent computations of spectral power and detrended fluctuation analysis (DFA). Typically, 

only 1–2 seconds around an artifact were marked. Subsequently, we re-referenced the signals to 

the common average and applied Independent Components Analysis (Infomax) (Bell & Sejnowski, 

1995b; Makeig & Jung, 2000) for identification of independent components related to heartbeat 

or eye movements, which were visually identified and removed (on average only two 

components were removed). The remaining components were projected back to signal-space.  

 

Behavioral and EEG analysis 

The observed reaction-time averages were calculated from the point in time when the target 

stimulus was displayed longer than non-target stimuli. The reaction time, therefore, includes 

both the time needed to notice the deviant and the time to react. The next stimulus is displayed 

600 ms after and to prevent that wrong presses to non-target stimuli would count as a very slow 

http://www.nbtwiki.net/
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reaction to the target stimulus, we defined the maximum allowed reaction time to 900 ms. To 

avoid short reaction times in subjects responding very fast but also missing several trials, and to 

obtain a comprehensive performance measure that also included the misses and too slow 

responses, we defined misses to have the longest reaction time allowed (i.e., 900 ms). We note 

that reaction times and number of errors exhibited very similar associations with LRTC of 

neuronal oscillations during CTET and, therefore, we only report the results for the reaction-time 

measure defined above.   

 For the EEG analysis we computed the power in the five classical frequency bands (delta 

1–4 Hz, theta 4–8 Hz, alpha 8–13 Hz, beta 13–30 Hz, and gamma 30–45 Hz) using the Welch 

method with a 4096-point Hamming window and a frequency resolution of 0.25 Hz. The relative 

power was calculated by dividing the absolute power in each frequency band with the integrated 

power in the range 1–45 Hz. The EEG analysis was performed per channel with a non-directional 

t-test (significance level: p < 0.05), and, due to the continuous nature of the reaction times, the 

parametric Pearson’s correlation coefficient was used to test for correlations with reaction times 

(significance level: p < 0.05). To prevent chance-level effects, we used the binomial multiple-

comparison correction method, which tests whether a significant number of channels reaches 

the significance level of p < 0.05 within a specific frequency band. The likelihood of having 12 

channels out of 128 by chance is less than 2% (cf. binomial distribution) (Montez et al., 2009; 

Nikulin, et al., 2012; Schiavone et al., 2014). All exponents reported in the main text are averages 

of significant electrodes across subjects, +/- SEM. 

 

Quantifying long-range temporal correlations 

To quantify the strength of long-range temporal correlations (LRTC) in the amplitude modulation 

of the EEG oscillations, we first extracted the amplitude envelope of each frequency band using 

band-pass filters (FIR-filter, Blackman window with transition bandwidth of 1 Hz) and the Hilbert 

transform. Next, the root-mean-square fluctuation of the integrated and linearly detrended 

signals, F(t), was calculated as a function of time window size, t (with an overlap of 50% between 

windows) and plotted in double-logarithmic coordinates. The DFA exponent is the slope of the 

fluctuation function F(t) in a given interval, which was set to 5 to 30 seconds for delta and theta 
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band, from 2 to 30 seconds for alpha and 1 to 30 seconds for the beta and gamma bands. The 

lower time scale of fitting the power-law is higher for the slow oscillations in order to exclude the 

temporal autocorrelations introduced by the band-pass filters. A DFA exponent α = 0.5 indicates 

randomly fluctuating oscillation amplitudes (no temporal structure), whereas 0.5 < α < 1.0 

indicates LRTC with the temporal inhomogeneity of fluctuations increasing with increasing DFA 

exponents. The main steps from the broadband signal to the quantification of LRTC using DFA 

have been described in detail previously (Linkenkaer-Hansen et al., 2001b; Hardstone et al., 

2012). 

 

 

Results 
 

Sustained attention is associated with a reduction in LRTC 

Numerous studies have documented the presence of significant LRTC during eyes-closed rest; 

however, little is known about the impact of focused attention on the temporal complexity of 

ongoing oscillations. Comparing the CTET and ECR conditions, we observed a widespread 

reduction  in LRTC in the theta (αECR=0.66 ±0.01, αCTET=0.61 ±0.01; t56= -3.1, p = 0.002), alpha 

αECR=0.71±0.01, αCTET=0.67±0.01; t56=-3.5,p = 0.001), and beta (αECR=0.66±0.01, αCTET=0.64±0.01; 

t56= -2.9, p = 0.005) bands, especially at fronto-parietal and occipital regions (Fig. 2). In a subset 

of 23 subjects, we had eyes-open rest data available, which showed a similar effect, from EOR to 

CTET theta (αEOR=0.69±0.02, αCTET=0.63±0.01; t22=-4.5, p = 0.0002), alpha (αEOR=0.75±0.02, 

αCTET=0.68±0.01; t22=-5.2, p= 0.0003), beta (αEOR=0.70±0.01  αCTET=0.66±0.01; t22=-3.1, p = 0.0005) 

(Fig. 2). Thus, actively engaging in a sustained attention task is associated with reduced LRTC in 

occipito-parietal and frontal scalp regions in the theta, alpha and beta-frequency bands relative 

to rest—whether resting with eyes open or closed.  
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Figure 2. Strong reduction in LRTC during attention task compared to rest. Difference in DFA exponents are shown 
in the left column for CTET minus eyes-closed rest (n = 57), and in the right column for CTET minus eyes-open rest 
(n = 23). Individual-subject exponent values averaged across significant electrodes are shown next to the topographic 
plots with lines connecting paired values. Subjects showing increases in LRTC are plotted in red, whereas decreases 
are plotted in blue. Following either rest condition, a widespread reduction in LRTC in the theta, alpha and beta 
bands was found during CTET, especially in fronto-parietal and occipital regions. White circles denote channels with 
p < 0.05 (t-test, multiple comparisons corrected).  

 

High sensorimotor LRTC during rest predict fast reaction times  

Previous studies have found that resting-state oscillatory dynamics is predictive of temporal 

fluctuations in perceptual (Palva et al., 2013) and motor task performance (Smit et al., 2013). To 

test whether resting-state LRTCs can predict performance in a sustained visual attention task (see 

Methods and Figure 1), we correlated the LRTC of oscillations during eyes-closed rest with the 

reaction-time performance in the CTET that required speeded reactions to deviant stimulus 

durations. Interestingly, high LRTC of resting-state oscillations in the alpha band over the 
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sensorimotor region—contralateral to the right hand used in the subsequent attention task—

predicted better reaction-time performance (r56 = 0.37, p = 0.007; Figure 3). We did not observe 

significant associations between normalized oscillation power and reaction time for any of the 

frequency bands (data not shown). 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3: LRTCs during ECR predict reaction times in the subsequent attention task. Correlations between the 
reaction-time performance and LRTC during the rest condition for the alpha oscillations indicate significant negative 
associations over the contralateral sensorimoter region (white circles denote channels with p < 0.05, multiple 
comparisons corrected). Participants with high DFA in brain activity during resting state showed better performance 
(faster reaction times) during the subsequent attention task.  

 

Good performance is associated with low LRTC and high spectral power during CTET 

Next, we investigated the direct relationship between behavioral performance and brain 

oscillations during the CTET experiment. Positive correlations between LRTC and reaction times 

were most pronounced in occipital and parietal regions of the beta (r56 = 0.44, p = 0.001) and 

gamma (r56 = 0.40, p = 0.003) frequency bands (Figure 4). For the theta (r56 = 0.38, p = 0.005) and 

alpha (r56 = 0.39, p = 0.004) oscillations, the correlations were also positive, with similar 

topographic distribution to that of the beta and gamma oscillations, but with fewer significant 

channels.  Additionally, we found that traditional EEG spectral power in the beta (r56 = 0.38, p = 

0.005) and gamma (r56 = 0.43, p = 0.001) frequency bands showed the opposite correlation with 

performance in similar regions to those that showed significant associations with LRTC (Figure 4). 

Together, this indicates that focusing well and responding quickly to deviant image display times 

is facilitated by stable and strong high-frequency oscillations. 
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Figure 4. Low LRTC and high power in beta/gamma oscillations during high-performance sustained visual 
attention. Left column: Correlation (Pearson’s r) between LRTC during CTET and reaction time performance in the 
theta, alpha, beta and gamma frequency bands. Participants with lower DFA in brain activity during the attention 
task showed faster reaction times. Right column: Correlation between the behavioral performance and the spectral 
power of the beta and gamma frequency bands (white circles denote channels with p < 0.05, multiple comparisons 
corrected). Participants with higher power in brain activity during the attention task showed better performance 
(faster reaction times). 
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The change in LRTC from ECR to CTET also predicts performance 

Additional analysis revealed that not only during the CTET task there is a positive correlation of 

LRTC with performance, but also the change of LRTC from ECR to CTET that is correlated with 

reaction time in the theta (r56 = 0.37, p = 0.006), alpha (r56 = 0.41, p = 0.002), beta (r56 = 0.34, p = 

0.001), and gamma (r56 = 0.39, p = 0.004) bands (Figure 5). A reduction of LRTC from rest condition 

to CTET correlates with better performance, while an increase is associated with reduced 

performance. EEG spectral power only showed significant associations in the gamma band over 

occipital regions (r56 = 0.45, p = 0.0007) and a trend in the beta band. This shows that not only 

the state of oscillatory properties during the task, but also changes and the direction of changes 

in LRTC from resting state to the attentional state that are related to performance. 

Discussion 

In this study, we have tested the hypothesis that the temporal complexity of oscillations is related 

to behavioral performance during sustained attention. We have investigated the change in 

amplitude and LRTC of neuronal oscillations in a task requiring a single and sustained focus. We 

found that performance success during a sustained attention task was related to ongoing 

oscillations in the human EEG: Good performance in the behavioral task was related to higher 

spectral power and lower LRTC of beta and gamma oscillations especially in occipital regions. 

Interestingly, the opposite relationship between reaction times and LRTC was observed in the 

resting state: the higher the LRTC of alpha oscillations the better the performance. Therefore, we 

showed that good performance is not only associated with the state of weak LRTC during the task 

(Fig. 4), but also to the ability to suppress an increase in LRTC relative to the individual resting-

state values (Fig. 5). This was especially clear in the beta and gamma bands in occipital and mid-

frontal regions. Specifically, we note that the positive associations in Figure 5 relates to the poor 

performance of participants presenting with an increase in LRTC during the attention task 

compared to rest, which is the opposite association to what one would have expected if the 

correlations were caused by the statistical phenomenon of regression to the mean (Barnett et  

al., 2005). Taken together, our results suggest that the framework of critical brain dynamics is 

relevant for understanding mass-neuronal mechanisms of sustained attention.  
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Figure 5. Suppressed LRTC and elevated power in beta/gamma oscillations during high-performance sustained 
visual attention compared to rest. Left column: Correlation between the reaction-time performance and the CTET 
minus ECR difference in DFA exponents for theta, alpha, beta and gamma frequency bands. Participants with little 
change or slight decrease in DFA during the attention task compared to the rest condition showed better 
performance. Right column: Oscillation power in beta and gamma bands show the opposite pattern: Performance is 
best in participants with the strongest change in neuronal oscillation power from rest to the attention task (white 
circles denote channels with p < 0.05, multiple comparisons corrected). Note: the correlation with the beta-band 
power did not pass the binomial criterion, but the similarity with the topography of the association with LRTC of beta 
oscillations speaks for a valid trend. Here, the correlation with an occipital channel neighboring to O2 is shown. 
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Why would critical-state dynamics be beneficial for attention? 

The human attention system combines two seemingly opposing functional properties: the ability 

to stay focused for a sustained period of time and rapid switching in response to changing internal 

or external demands. This is conceptually similar to the properties of dynamical systems 

operating near a critical state in which meta-stable patterns form and rapidly dissolve upon 

perturbations (Linkenkaer-Hansen et al., 2001b; Deco et al., 2013; Singer, 2013; Tognoli & Kelso, 

2014). A system operating near criticality is poised between ordered (sub-critical) and disordered 

(super-critical) states, optimally combining the ability to form patterns while also responding 

swiftly to input. Indeed, critical-state dynamics have been related to optimal information 

processing (Shew & Plenz, 2013) and capacity (Shew et al., 2009), high robustness against 

perturbations (Hahn et al., 2010) and largest dynamic range in sensory processing (Kinouchi & 

Copelli, 2006; Gautam et al., 2015). In a supercritical state, the brain would be in a state of 

hyperarousal, whereas in a subcritical state propagation of neuronal activation is suppressed. 

Empirical (Beggs & Plenz, 2003) and theoretical (Poil, et al., 2012) studies have highlighted the 

importance of balanced excitation and inhibition for a network to exhibit critical dynamics, which 

may be an explanation for why scale-free dynamics of oscillations is altered in many brain 

disorders, including depression (Linkenkaer-Hansen et al., 2005), Alzheimer (Montez, et al., 

2009), epilepsy (Monto, et al., 2007), Parkinson (Hohlefeld et al., 2012) and autism (Lai et al., 

2010). It could also be that the excitation-inhibition balance is altered during task engagement.  

 

Why would focus change the temporal structure of the attentional system? 

We showed that during the attention task the brain shifts from complex resting-state dynamics 

to a temporally more homogeneous state. We interpret this change in dynamics as a transition 

from a “default” close-to-critical resting state optimized for a broad range of environmental and 

internal demands (Beggs & Plenz, 2003) to a state of reduced propagation of input but increased 

attentional stability. Therefore, our observation allows for the hypothesis that changes in 

cognitive control according to demand, can be quantified as an ability to suppress LRTC of 

ongoing neuronal oscillations. 
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It needs to be stated, that it is not known which exact DFA exponent corresponds to the critical 

state, especially not if different oscillations have different maximum DFA exponents. That said, a 

high DFA exponent will always be closer to the critical state than a lower. Even if a network is in 

a super-critical state DFA exponents will exhibit an increase when the network moves closer to 

the critical state. Therefore, our results support the idea that on the one hand, a state close to 

criticality may be beneficial when versatility is required, whereas continued attentive visual 

processing is associated with a reduction in criticality fluctuations. Possibly due to successfully 

suppressing the occurrence of non-task related information propagation such as mind-wandering 

episodes and the increased variability these would cause. Similarly, dynamical changes have also 

been shown in a transition from resting state to task activity in EEG during a cued response task 

(He et al., 2010) and fMRI BOLD activations (He, 2011), which in both cases were associated with 

a decrease in the long-range memory of the signal. A reduction in exponents indicates less 

autocorrelations and, therefore, less influence on future dynamics (Eke, et al., 2002; Mandelbrot 

& Van Ness, 1968), hence possibly less distractions from the focused task at hand, for example 

the mind wandering off the task. Further, it has been argued that less temporal redundancy leads 

to more efficiency in processing (He, 2011), perhaps enhancing the conscious experience of the 

object of focus, therefore possibly allowing for faster recognition of the deviant display time and 

subsequent quicker reaction. 

Therefore, we believe part of the importance of our results relate to showing that critical-

state dynamics of oscillations are not per se beneficial for the performance of a given task, despite 

much of the interest in critical brain dynamics has been motivated by the superior computational 

properties of neuronal networks poised at the critical state. Default mode network alpha 

oscillations have previously been associated with attention to internal as opposed to sensory 

information and could also have influenced the current task (Carhart-Harris et al., 2014). 

However, the occipital topographies of effects—and especially the increasing beta/gamma 

power jointly with a reduced complexity of the temporal structure of these oscillations—suggest 

that successfully sustaining attention is reflected in an uninterrupted processing of the visual 

stimuli. 
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Importance of alpha oscillations during rest 

The correlation of LRTC of resting-state oscillations in alpha with reaction time was a noteworthy 

finding, because of its distinct sensorimotor region topography. Although we did not perform 

source modeling of oscillations, based on previous studies on alpha oscillations reactivity to 

finger movements (e.g., Figure 2H in (Smit et al., 2013)) such as required in the present 

paradigm—it seems very likely that the correlation reflect sensorimotor oscillations. We see it as 

preliminary evidence that a motor region operating close to criticality is advantageous for a quick 

motor response, which warrants further investigation.  

Importance of beta and gamma oscillations 

The strongest correlations with good performance were found in the beta and gamma frequency 

bands. Both frequency ranges have been reported for their significance in attentive processing 

of visual stimuli (Wróbel, 2000; Jensen et al., 2007) and conscious perception (Keil et al., 1999; 

Meador et al., 2002). Oscillatory phase synchronization has been reported as mechanism for 

long-distance neuronal communication (Salinas & Sejnowski, 2001) and facilitation of selective 

sensory gating (Jensen and Mazaheri, 2010). We indeed find that higher power in the beta and 

gamma band during the visual task is related to better performance. Interestingly, however, the 

temporal structure decreased in both frequency bands with better performance. Showing that 

next to increased power and synchronization, information propagation through temporal coding 

in the form of LRTC is also of significance.  

 

Observations are not confounded by signal-to-noise effects.  

A factor that could influence the DFA estimate is the signal-to-noise ratio of the signal. The lower 

this ratio, the more the estimated scaling is biased towards an uncorrelated noise signal 

(Linkenkaer-Hansen et al., 2007). Intriguingly, we found that the DFA showed a negative 

correlation in relation to performance, while at similar scalp locations the spectral power in the 

beta and gamma showed a positive correlation (Figure 3). Thus, subjects presenting with high 

performance on the sustained visual attention task had the weakest LRTC and the highest power 

of beta and gamma oscillations. Therefore, the LRTC results cannot be accounted for by signal-

to-noise ratio effects.” 
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Impact of period stimulation on LRTC.  

The majority of past studies investigating LRTC in neuronal oscillations have focused on resting-

state recordings (Hardstone et al., 2012). Periodic stimulation as used here, however, can 

introduce a characteristic scale in the amplitude modulation of oscillations, such as the mu 

rhythm during periodic stimulation of the median nerve (Linkenkaer-Hansen, et al., 2004). 

Importantly, periodic modulation—whether in the form of a reduction or an enhancement of 

oscillation amplitudes—cannot in itself give rise to scale-free modulation of oscillations. This has 

been studied previously, also by simulating periodic modulation of amplitudes by stereotypical 

stimulus responses (Linkenkaer-Hansen, et al., 2004). We, therefore, consider it unlikely that 

event-related potentials or modulation of neuronal oscillations could explain the associations 

between LRTC and performance reported here. We find it a more likely interpretation that steady 

focus of attention has a “whitening effect” on neuronal dynamics, suppressing the complexity of 

fluctuations while trying to maintain a steady brain state, which is an observation we have also 

made in the absence of sensory stimulation while meditators perform focused attention 

meditation (Irrmischer et al., 2017). 

  

Observations are not due to the difference between eyes open test vs eyes closed rest 

To test if changes in LRTC between CTET and ECR were dependent on the difference between 

eyes open versus eyes closed, we did the control experiment in which we included an eyes open 

rest (EOR). Results showed a reduction in LRTC in virtually the same areas (Figure 2). Therefore, 

we conclude that focused visual attention suppresses LRTC beyond that of the eyes-open effect. 

 

Outlook 

Our results suggest that the framework of critical brain dynamics is relevant for understanding 

mass-neuronal mechanisms of sustained attention and reaction-time performance.  
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Abstract 
 

Ongoing brain dynamics have been proposed as a type of “neuronal noise” that can trigger 

perceptual switches when viewing an ambiguous, bistable stimulus. However, no prior study has 

directly quantified how such neuronal noise relates to the rate of percept reversals. Specifically, 

it has remained unknown whether individual differences in complexity of resting-state 

oscillations—as reflected in long-range temporal correlations (LRTC)—are associated with 

perceptual stability. We hypothesized that participants with stronger resting-state LRTC in the 

alpha band experience more stable percepts, and thereby fewer perceptual switches. 

Furthermore, we expected that participants who report less discontinuous thoughts during rest, 

experience less switches. To test this, we recorded EEG in 65 healthy volunteers during 5 minutes 

eyes-closed rest, after which they filled in the Amsterdam Resting-State Questionnaire. This was 

followed by three conditions where participants attended an ambiguous structure-from-motion 

stimulus—Neutral (passively observe the stimulus), Hold (the percept for as long as possible), 

and Switch (as often as possible). LRTC of resting-state alpha oscillations predicted the number 

of switches only in the Hold condition, with stronger LRTC associated with less switches. Contrary 

to our expectations, there was no association between resting-state Discontinuity of Mind and 

percept stability. Participants were capable of controlling switching according to task goals, and 

this was accompanied by increased alpha power during Hold and decreased power during Switch. 

Fewer switches were associated with stronger task-related alpha LRTC in all conditions. Together, 

our data suggest that bistable visual perception is to some extent under voluntary control and 

influenced by LRTC of alpha oscillations. 
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Introduction 

The constructive nature of perception becomes apparent in multistable perception, where an 

unchanging physical stimulus lends itself to multiple, mutually exclusive interpretations. One 

such example is the Necker cube (Necker, 1832), where either the bottom left or the top right 

square can be perceived, alternately, as the front or back of a 3-dimensional cube (Fig. 1). In lack 

of any additional depth cues, the conscious percept will switch between the two alternatives. 

Top-down processes have been implicated with the initiation of new percepts; however, the 

spontaneous and stochastic nature of percept switching points to a role also of noisy brain 

fluctuations (Gigante et al., 2009; van Ee, 2009; Huguet et al., 2014; Meso et al., 2016). 

 

 

Figure 1. The Necker cube bistable illusion. When participants attend a 3-dimensional cube, (A) they perceive, 
alternately, the bottom left (B) or the top right (C) as the front of the cube. The neural mechanisms that govern these 
perceptual switches are not entirely understood. 
 

 

The notion that neuronal noise influences perception is not a new concept, e.g., 

fluctuations in spontaneous activity as measured with functional magnetic resonance imaging 

have been related to inter-trial variability in perception (Fox et al., 2006). What aspects of brain 

fluctuations influence multistable perception? Jensen and Mazaheri (2010) have proposed that 

alpha oscillations regulate neuronal network excitability through a mechanism of functional 

inhibition. In this framework, lower alpha power should lead to excitability windows with a low 

threshold for perceptual discrimination—possibly increasing the probability of perceptual 

switches—whereas higher alpha power should increase the discrimination threshold and 

promote percept maintenance (Lange et al., 2014). This idea is supported by the finding that a 

reduction in alpha power precedes perceptual switches (Isoglu-Alkaç et al., 2000; Strüber & 

Herrmann, 2002; Isoglu-Alkaç & Strüber, 2006; Piantoni et al., 2017), and that the extent to which 
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alpha power increases right after a perceptual switch predicts how long the percept stays stable 

(Piantoni et al., 2017). Interestingly, patients with schizophrenia have reduced alpha power 

during rest (Sponheim et al., 2000) and are less capable of maintaining percepts stable for a long 

time (McBain et al., 2011), which is in line with a relationship between alpha power and percept 

maintenance (Piantoni et al., 2017). 

The delta and gamma bands have also been associated with perceptual reversals of 

bistable stimuli, with increases in delta (Müller et al., 2005; Mathes et al., 2006; Ozaki et al., 2012) 

and gamma power occurring right before or during the perceptual changes (Başar-Eroglu et al., 

1996; Strüber et al., 2000, 2001; Mathes et al., 2006). These have been interpreted as top-down 

signals that trigger perceptual reversals, evidence for causality coming from studies that used 

transcranial alternating current stimulation at gamma frequency over the posterior cortex, which 

led to an increased number of perceptual switches (Strüber et al., 2014; Cabral-Calderin et al., 

2015). 

While momentary brain fluctuations influence perception of ambiguous stimuli over the 

course of time within each individual, some aspects of bistable perception, such as the 

distribution of percept durations, are characteristic for each individual. To explain the lack of 

short percepts in some participants, Kloosterman et al. (2015) proposed a stabilizing mechanism 

comprised of low-level neuronal adaptation and top-down signals, which acts on the percept 

after a reversal, and varies in strength across individuals. On a related note, Hancock (2013) 

suggested that genetic factors related to sinistrality impact the level of neuronal noise 

responsible for spontaneous switching and, subsequently, affect the percept dominance 

distributions. Furthermore, Dowlati et al. (2016) showed that perceptual beliefs are more likely 

to bias bistable perception in older individuals, possibly owing to a heightened role of top-down 

processes.  

Here, we investigate whether resting-state activity, which shows stable individual 

differences in oscillation power (Smit et al., 2005) and long-range temporal correlations (LRTC) 

(Linkenkaer-Hansen et al., 2007), could explain inter-individual differences in the anatomical and 

functional organization of the underlying networks with implications for perception. We consider 

alpha oscillations as a source of neuronal noise impacting bistable perception, possibly through 
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a mechanism of gating via functional inhibition or top-down control for which the role of LRTC is 

poorly understood. Therefore, we define two aspects of this neuronal noise: the level of noise, 

as reflected in the power of alpha oscillations, and the temporal structure of noise, reflected in 

the strength of LRTC.  

When participants had to tap their finger rhythmically every 1 second without feedback, 

the temporal structure of alpha oscillations during resting-state predicted the temporal structure 

of timing errors in a subsequent finger-tapping task (Smit et al., 2013). In another study, the 

temporal structure of the distribution of hits and misses in auditory and visual threshold 

detection tasks has been associated with individual differences in LRTC of neuronal oscillations 

(Palva et al., 2013). We hypothesize that the temporal structure of alpha oscillations in the 

resting-state is also predictive of behavior in bistable perception. We consider that a more 

chaotic state, characterized by reduced temporal correlations, will lead more often to percept 

destabilization. Conversely, we expect that strengthening the LRTC of alpha oscillations should 

have the effect of stabilizing the percepts for longer durations, leading to less spontaneous 

switches. 

It is also known that participants differ in the content of thoughts experienced during 

resting-state (Hurlburt et al., 2015); however, the type of mentation occurring during rest is 

relatively stable within individuals (Stoffers et al., 2015). Thus, it is plausible that individual 

differences in thoughts during rest are predictive of attention and perception performance. In 

particular, we hypothesized that Discontinuity of Mind—as measured by the Amsterdam Resting-

State Questionnaire (ARSQ) (Diaz et al., 2013, 2014)—reflects a more noisy organization of 

neuronal and cognitive systems. Therefore, individuals with greater continuity of thoughts should 

experience less spontaneous switches during viewing of a bistable visual stimulus. 
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Methods 
 

Eyes-Closed Rest (ECR)  

The classical ECR recording of continuous EEG was performed for 5 minutes while participants 

were seated with eyes closed. The instruction was: “Please sit in a comfortable position, relax, 

keep your eyes closed, move as little as possible and try not to fall asleep.” After 5 minutes a tone 

signaled them to open their eyes and to fill in the Amsterdam Resting-State Questionnaire.  

 

Amsterdam Resting-State Questionnaire (ARSQ) 

To investigate thoughts and feelings experienced during rest participants completed the ARSQ 

following the ECR recording. The ARSQ consists of 55 statements presented on the computer 

screen and rated on a 5-points Likert scale from completely disagree to completely agree (Diaz 

et al., 2014). The statements are grouped into 10 factors labeled: Discontinuity of Mind, Theory 

of Mind, Self, Planning, Sleepiness, Comfort, Somatic Awareness, Health Concern, Visual 

Thought, and Verbal Thought.  

 

Structure From Motion (SFM) 

In the next step, we investigated perceptual switches with the SFM task (van Loon et al., 2013), 

while EEG was recorded. The SFM is a bistable stimulus in which a cloud of moving dots can give 

rise to the perception of a sphere moving clockwise or counterclockwise (Fig. 2). The perceived 

rotation of the sphere spontaneously changes direction at irregular intervals. The SFM stimulus 

was presented for 133 seconds in three blocks. The task instruction differed for every block and, 

therefore, each block was preceded by a 20-second training period. In the first block, named 

Neutral, participants were instructed to passively observe the stimulus. For the second block, 

Switch, they were asked to observe the same stimulus and attempt to flip the percept as often 

as possible. For the third block, Hold, they were asked to maintain the percept as stable as 

possible, i.e., try to maintain the perceived direction of motion at any given moment. To prevent 

eye movements from destabilizing the percepts and initiate reversals, we required participants 

to fixate a green dot at the center of the screen. For all three blocks participants were required 
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to report switches by pressing the Z (for the leftward turning percept) and X (for the rightward 

turning percept) keys on the keyboard. After each block, participants rated their Feeling of 

Control of the perceptual switches using a Likert scale from 1 to 7 where 1 corresponds to 

“completely uncontrolled” and 7 corresponds to “completely controlled”.  

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2. Snapshot of the structure from the motion stimulus. The white and black dots move continuously from 
left to right and, once they reached the edge, from the right to the left. The dots moving from left to right tend to 
be perceived as the back or front of the sphere, creating the 3D illusion of a ball turning clockwise or counter 
clockwise. Structure from motion stimulus same as in van Loon et al. (2013). 
 
 
 

Data acquisition  

Recordings were performed using an Electrical Geodesics (EGI, Eugene, OR) EEG system (GES400 

DC), with 128-EGI HydroCel channel sponge-based EEG caps. Impedances were kept below 70 

kOhm (a suitable threshold for this EEG system). Data were recorded at 1000 Hz sampling rate, 

with a 400 Hz low-pass (GES250), 0.01 Hz high-pass hardware filter and with 16 Bit resolution and 

reference at Cz (vertex).  
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Participants 

The 65 participants were healthy students of the Vrije Universiteit Amsterdam, as well as healthy 

volunteers from the general population, overall ranging between 20–48 years (mean = 25 years, 

SD = 6.2; 35 females). All participants provided written informed consent and the study has been 

approved by the ethics committee of the Vrije Universiteit Amsterdam. The tasks were developed 

in OpenSesame and were displayed on a 60 Hz, Dell E178FP monitor with a resolution of 1280 × 

1024 pixels, viewed at a distance of 50 centimeters. Participants underwent the SFM tasks as 

described above. For 55 of the participants, we also recorded, right before the SFM, 5 minutes of 

ECR, after which they filled in the ARSQ describing the content of their thoughts throughout the 

ECR. 

 

EEG and ARSQ data analysis 

The statistical analysis of EEG and ARSQ data was performed using the Neurophysiological 

Biomarker Toolbox (Hardstone et al., 2012), available at www.nbtwiki.net. First, noisy channels 

were removed, then, remaining signals were inspected in windows of 10 s, and transient artifacts, 

for example, caused by head movements were manually marked and omitted from the 

subsequent analyses. The average duration of the cleaned signals was 291 s (ranging from 255 s 

to 300 s) for the 300 s ECR recordings, and 125 s (ranging from 85 s to 133 s) for the 133 s SFM 

recordings. We used Independent Component Analysis (Bell & Sejnowski, 1995a) to identify eye-

movement artifacts and project these out of the EEG data. Subsequently, quantitative measures 

of oscillatory activity were computed. We refer to these values as biomarkers. Further, we 

removed 5 participants due to extreme values in the alpha and delta absolute power (deviating 

more than 6 standard deviations from the mean), thus leaving a total of 60 participants for the 

SFM tasks, and 50 participants for ECR.  

The Alpha band was defined as 8–13 Hz. Absolute power was estimated by applying 

Welch’s modified periodogram method implemented in Matlab as pwelch(),with non-

overlapping Hamming windows of 1 second followed by computing the square root of the power 

spectrum obtained.The Detrended Fluctuation Analysis (DFA) was used to analyze the scale-free 

decay of temporal (auto)correlations in the amplitude envelope of neuronal oscillations, also 
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known as LRTC. The DFA was introduced as a method to quantify correlations in complex data 

with less strict assumptions about the stationarity of the signal than the classical autocorrelation 

function or power spectral density (Linkenkaer-Hansen et al., 2001a; Hardstone et al., 2012). An 

additional advantage of DFA is the greater accuracy in the estimates of correlations, which 

facilitates a reliable analysis of LRTC up to time scales of at least 10% of the duration of the signal 

(Chen et al., 2002; Gao et al., 2006). Furthermore, estimates of LRTC by means of DFA are robust 

to the removal of portions of the signal, even when up to 50% of the signal is cut out (Chen et al., 

2002). As such, the artefact removal procedure described above should not have any discernible 

effects on the results. DFA exponents in the interval of 0.5 to 1.0 indicate scale-free temporal 

correlations (autocorrelations), whereas an exponent of 0.5 characterizes an uncorrelated signal. 

The main steps from the broadband signal to the quantification of LRTC using DFA have been 

explained in detail previously (Linkenkaer-Hansen et al., 2001a; Hardstone et al., 2012). In brief, 

the DFA measures the power-law scaling of the root-mean-square fluctuation of the integrated 

and linearly detrended signals, F(t), as a function of time window size, t (with an overlap of 50% 

between windows). The DFA exponent is the slope of the fluctuation function F(t), and can be 

related to the power-law scaling exponent of the autocorrelation function. The signal was first 

band-passed in the alpha range using finite impulse response filters with a Hamming window of 

1 second and a filter order of 250. The amplitude envelope was extracted using the Hilbert 

transform. F(t) was computed on time windows situated on a log-scale between 0.5 and 80 

seconds, with an overlap of 50%. The DFA exponent was fit between 1 and 20 seconds.  

 

Statistical testing 

Given that the distribution of the number of switches is non-normal, and the self-rated Feeling 

of Control is ordinal with a restricted range, we used non-parametric statistical tests for 

hypothesis testing involving this data. More specifically, we used Wilcoxon’s sign-ranked test for 

comparing across conditions, and Spearman’s rank correlation coefficient to assess the 

relationship between variables. When plotting linear correlations, we showed Spearman’s 𝑟𝑠 

coefficient computed on the ranked-data, but displayed the raw values, with a least-squares line 

fit to the raw data, for visual guidance. Statistical comparisons between EEG biomarkers were 
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made using the paired t-test. To evaluate the overall correlation between alpha-band LRTC and 

the number of switches, aggregated across all three SFM conditions, we used the repeated 

measures correlation (Bland & Altman, 1995a, 1995b; Bakdash & Marusich, 2017). For all 

statistical tests, we set a p-value significance threshold of 0.05. To correct for multiple 

comparisons across the 128 electrodes, we used the binomial correction (Montez et al., 2009; 

Nikulin et al., 2012; Schiavone et al., 2014). According to the binomial distribution, the likelihood 

of having 12 significant electrodes out of 128 is <2%. As such, for every statistical test involving 

all 128 electrodes, we consider the effects to be significant, only when the number of significant 

electrodes is higher or equal to 12.  

 

Results 
 

Because our primary goal was to understand how inter-individual variability during the resting 

state relates to variability in bistable perception, we recorded EEG during 5 minutes of eyes-

closed rest, and then while participants watched a SFM bistable stimulus (Fig. 2). The SFM task 

consisted of three conditions: Neutral (simply watch the stimulus), Switch (the percept as often 

as possible) and Hold (maintain the percept for as long as possible). 

 

Perceptual switches are under voluntary control 

To investigate whether the participants were able to voluntarily control their percepts according 

to the task requirements, we compared the number of switches across the three blocks: Hold (M 

= 12.28, SD = 7.19), Neutral (M = 20.32, SD=17.49), and Switch (M = 34.05, SD = 26.51) (Fig. 3A). 

Participants were able to reduce the number of switches relative to the passive viewing 

condition, when instructed to maintain their percepts for as long as possible: Hold – Neutral (Z = 

-3.38, P = 0.0007; Wilcoxon’s non-parametric sign-rank test), and, conversely, increase the 

number of switches, when instructed to switch as often as possible: Switch – Neutral (Z = 4.35, P 

< 0.0001). After confirming that participants were able to exert control over the SFM percepts, 

we evaluated whether the rate of spontaneous switches during passive viewing, related to the 
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rate of switching during voluntary control. Using Spearman’s rank-correlation test, we found that 

significant correlations between the number of switches in Neutral and Hold (𝜌58 = 0.29, P = 

0.025, Fig. 3B), as well as between Neutral and Switch (𝜌58 = 0.55, P < 0.0001, Fig. 3C). Thus, 

participants who experience more spontaneous switches during passive viewing, tend to 

experience more switches when attempting to control the percepts, regardless of their intention. 

The number of switches between the two voluntary conditions, Hold and Switch, were not 

correlated (𝜌58 = 0.17, P = 0.20, Fig. 3D). 

 

 

Figure 3. The number of perceptual switches increase or decrease according to task requirements. 
(A) Subjects can voluntarily affect percept reversals. The number of switches differs significantly across conditions, 
in line with the task demands. (B,C) Significant positive correlations indicate that participants who experience many 
switches during the passive viewing condition (Neutral) also experience many switches when asked to maintain the 
percepts stable (Hold), or when required to switch as often as possible (Switch). (D) The number of switches in the 
Hold and Switch conditions were not correlated.  

 

Participants feel partially in control of perceptual switches 

That participants, on average, are able to influence the number of perceived switches does not 

necessarily mean that they feel in control of this process. To investigate this, we compared the 

self-reported Feeling of Control. Interestingly, participants reported an intermediate and equal 

level of control in all three conditions: Hold (M = 3.83, SD = 1.77), Neutral (M = 4.05, SD = 1.97), 

Switch (M = 4.10, SD = 1.94), Hold - Neutral (Z = -0.71, P = 0.48), Neutral – Switch (Z = -0.15, P = 

0.88), Hold – Switch (Z = -1.10, P = 0.26) (Fig. 4A). There was only a trend towards the Feeling of 

Control correlating with the change in the number of switches relative to the Neutral condition: 

Hold (𝑟𝑠 58 = -0.245, P = 0.059), Switch (𝑟𝑠 58 = 0.252, P = 0.052). The Feeling of Control, 
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however, did correlate with the absolute number of switches for the conditions Hold (𝑟𝑠 58 = -

0.44, P = 0.0005, Fig. 4B) and Switch (𝑟𝑠 58 = 0.37, P = 0.0032, Fig. 4D), but not in the Neutral 

condition (𝑟𝑠 58 = 0.19, P = 0.14, Fig. 4C). Thus, the Feeling of Control corresponds to a great 

extent to how well the participants can control their percepts, when they have an explicit 

intention to do so. 

 

Figure 4. The Feeling of Control reflects subjects’ ability to conform to task requirements. 
(A) The Feeling of Control did not change between the three conditions. (B,D) The absolute task performance 
correlated with the self-reported Feeling of Control. Thus, participants reporting a high Feeling of Control 
experienced a low number of perceptual switches in the Hold condition and a high number of switches in the Switch 
condition. C. In the Neutral condition, where the subjects do not receive any instructions about the number of 
switches they should make, the Feeling of Control did not correlate with the number of switches.  

 

 

Eyes-closed rest oscillations predict the number of switches during Hold 

Next, we evaluated the link between resting-state brain dynamics and bistable perception. Our 

expectation was that participants with stronger LRTC in the alpha band and, hence, less random 

neural dynamics, would experience less switches. To evaluate LRTC in the alpha band, we used 

DFA (Hardstone et al., 2012), which quantifies the scaling of signal auto-correlations across 

multiple time windows, here spanning 1 to 20 seconds (see Methods). A DFA of 0.5 corresponds 

to a memoryless signal, whereas a higher DFA closing towards 1 reflects stronger LRTC. We found 

that LRTC of alpha oscillations correlated negatively with the number of switches, in line with our 

hypothesis, albeit only for the Hold condition (𝑟𝑠 48= -0.38, P = 0.0059, Spearman’s rank-

correlation test, calculated for the average across the significant electrodes, Fig. 5D). 
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Figure 5. Eyes-closed rest (ECR) activity predicts the number of switches during the Hold condition. Long-range 
temporal correlations (LRTC) of ECR alpha oscillations shows a significant correlation with the number of switches in 
the Hold condition (D). Thereby, subjects with stronger resting-state alpha LRTC are better at maintaining stable 
percepts. For the other conditions, there is no significant relationship between alpha biomarkers and the number of 
switches. White circles represent significant electrodes. (G) Correlation between LRTC and the number of switches 
in the Hold condition, shown for the significant electrodes. 
 
 

Regulating perceptual switches is associated with high changes in power and LRTC of alpha 

oscillations 

Previous research has related changes in alpha power to bistable perception, such that a 

decrease in alpha power occurs right before a percept reversal, and the level of alpha power 

predicts percept duration (Piantoni et al., 2017). Since the participants were able to voluntarily 

reduce or increase the number of reversals, we investigated whether changes in the number of 

switches were reflected in alpha power measured during the task. To compare the EEG 

biomarkers between conditions, we used paired t-tests. After correcting for multiple 

comparisons using the binomial correction criterion, we averaged values across all significant 



89 
 

electrodes, and compared between conditions. We found alpha power in the Hold condition to 

be significantly higher than the Neutral condition, in line with our expectations (𝑡59 = 3, P = 

0.0042, paired t-test, Fig. 6A). For the Switch condition the pattern was more complex, showing 

increases in alpha at a few frontal and occipital electrodes, and widespread decreases in alpha 

for most central electrodes (representative central electrode, 𝑡59 = 2.76, P = 0.0077, Fig. 6B). The 

LRTC tended to mirror the oscillation-power effects with an increase during Hold compared to 

Neutral (𝑡59 = 4.2, P = 0.0001, Fig. 6D), and a decrease during Switch (Fig. 6E), albeit this did not 

reach significance. Finally, we evaluated the differences between Neutral and eyes-closed rest. 

We found both alpha power (𝑡59 = 8.9, P < 0.0001, Fig. 6C) and DFA (𝑡59 = 4.5, P < 0.0001, Fig. 6F) 

to be reduced broadly across the entire scalp during passive viewing compared to eyes-closed 

rest

 

Figure 6. Alpha power changes according to task requirements.  
(A,D) Alpha power and long-range temporal correlations (LRTC) are elevated in the Hold compared to the Neutral 
condition, whereas (B) alpha power is suppressed in the Switch condition. In addition, LRTC is the highest in the Hold 
condition. (C,F) The difference between Neutral and eyes-closed rest (ECR) is higher than that between any of the 
Structure from motion (SFM) conditions, suggesting a different cortical state during ECR compared to tasks, with 
reduced alpha power and weaker LRTC. White circles represent significant electrodes. 
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Perceptual instability is associated with weak LRTC and—to some extent—low power of alpha 

oscillations 

Our main hypothesis was that stronger resting-state LRTC in the alpha band would lead to fewer 

switches. Indeed, DFA correlates negatively with the number of switches across each of SFM 

conditions: Hold (𝑟𝑠 58= -0.36, P = 0.005, Spearman’s rank-correlation test, calculated for the 

average across the significant electrodes, Fig. 7D,G), Neutral (𝑟𝑠 58 = -0.38, P = 0.0025, Fig. 7E,H), 

Switch (𝑟𝑠 58 = -0.47, P = 0.0002, Fig. 7F,J), as well as when aggregated across all three conditions 

(repeated-measures correlation, Fig. 7K). In addition, in line with previous research, we found a 

negative correlation between alpha power and the number of switches, albeit only during 

Neutral (𝑟𝑠 58 = -0.31, P = 0.015, Fig. 7B,I), when there is no explicit instruction to control the 

percepts. 
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Figure 7. Strong LRTC is associated with fewer perceptual switches in all conditions.  
(B) Alpha power is associated with the number of switches only in the Neutral condition. (D-F) The long-range 
temporal correlations (LRTC) biomarker of alpha oscillations is negatively correlated with the number of switches 
across each of the three conditions. White circles represent significant electrodes. (G-J) Correlations shown for the 
significant electrodes. (K) Inter-individual differences in alpha-band LRTC aggregated across all three Structure from 
motion (SFM) conditions, correlate negatively with inter-individual differences in the number of switches across the 
same three conditions, as calculated using repeated-measures correlation. 
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Discontinuity of Mind does not affect the number of switches 

Our second hypothesis was that experiencing continuity of thoughts occurring during rest reflects 

neuronal systems that are less “noisy” when compared to discontinuous thought patterns and, 

hence, should promote the stabilization of percepts in the visual task. Contrary to our 

expectation, the Discontinuity of Mind score from the ARSQ—measured right after eyes-closed 

rest—did not correlate with the number of switches in any of the conditions: Hold (𝑟𝑠 48 = -0.01, 

P = 0.51), Neutral (𝑟𝑠 48 = -0.22, P = 0.12), Switch (𝑟𝑠 48 = -0.1, P = 0.47). As an exploratory test, we 

then investigated whether any of the other nine ARSQ dimensions would predict the number of 

switches in any of the three conditions; however, we did not observe any significant associations 

(after correcting for multiple comparisons using Bonferroni’s criterion). 

 

Discussion 

What causes spontaneous switching during multistable perception? It is known that perceptual 

reversals emerge out of low-level interactions between mutually inhibiting neural populations 

coding for the competing percepts (Noest et al., 2007; van Loon et al., 2013), and are subject to 

slow adaptation dynamics (Pastukhov & Braun, 2008, 2013; Huguet et al., 2014). While this 

implies an influence of previous history on successive percepts, Leopold and Logothetis (1999) 

noticed that percept-dominance times are stochastically independent (Borsellino et al., 1972). 

They proposed that the function of this stochastic process is similar to that of attention sampling 

the environment for salient stimuli, allowing the brain to randomly explore different 

representations of the same stimuli. Various computational models (Moreno-Bote et al., 2007; 

Gigante et al., 2009; Freyer et al., 2011; Huguet et al., 2014; Meso et al., 2016), have integrated 

the two ideas, and suggest that while mutual inhibition and adaptation do bias the perceptual 

dynamics, intrinsic brain fluctuations characterized as “noise” also initiate perceptual switches. 

In this framework, the contribution of noise would explain the stochastic nature of spontaneous 

percept reversals. 
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Differences in cortical state explain why the relationship of task-related LRTC to percept 

switching is stronger than that of resting-state LRTC 

Here, we proposed that resting-state LRTC in the alpha band reflect the randomness of 

spontaneous brain fluctuations, and that a stronger LRTC is conducive to fewer switches, by 

means of a more temporally structured neuronal noise. We found a link between resting-state 

LRTC and behavior only in the Hold condition. On the other hand, task-related LRTC revealed this 

association in all conditions. Why is it that resting-state LRTC are not as powerful at predicting 

behavior as task-related LRTC? Clearly, task-related activity is measured at the same time with 

behavior, while resting-state activity is measured at an earlier time point. Still, the difference may 

be heightened by the ECR and SFM conditions reflecting different cortical states. Hahn et al., 

(2017) found that the visual cortex state in cats shifts from critical to subcritical when the animal 

opens their eyes. In our experiment, the weaker alpha LRTC, and reduced alpha power in Neutral 

when compared to ECR, is likely to reflect such a shift towards subcritical dynamics (Fig. 6C,F). 

What may enable ECR to be predictive of behavior in Hold but not in the other two SFM 

conditions, is that Hold comes closest to ECR in terms of alpha power spectrum and LRTC. It is 

also plausible that the Hold condition invokes less top-down mechanisms and in that way 

resembles the resting state more. 

 

Relationship of LRTC with percept-switching rate not merely a consequence of percept 

durations 

That LRTC of task-related alpha oscillations predict the number of switches seems to confirm our 

hypothesis that the temporal structure of neuronal noise influences bistable perception. Smaller 

percept durations could result in shorter time scales over which signal auto-correlations can 

emerge, and, in consequence, weaker LRTC. Are the stronger LRTC seen during the task simply a 

byproduct, rather than a cause, of a decreased number of switches? The effects that we see for 

task-related LRTC are similar to those observed in resting-state LRTC, even when the latter are 

not significant. Since ECR activity is void of task-related artefacts, this lends support to a causal 

relationship between LRTC and spontaneous switching. Furthermore, it is notable that the 

topology of resting-state and task-related LRTC effects on bistable perception corresponds to the 
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involvement of the parietal cortex in the initiation of perceptual switches (Britz et al., 2008; Baker 

et al., 2015; Megumi et al., 2015).  

 

Importance of LRTC in percept stabilization 

In Piantoni et al. (2017), the authors have established a causal role of alpha oscillations in 

perceptual switching, showing that sleep deprived participants, with increased alpha activity, 

experience less percept reversals. In line with these results, we found that alpha power is 

modulated in the SFM tasks, with low power associated with rapid percept switching and high 

power with percept maintenance. On the other hand, Mathes et al. (2006), studying voluntary 

control of the Necker cube illusion, noticed that top-down control modulates delta and gamma-

band, but not alpha. It is important to note at this point that the two tasks differ. In the Necker 

cube task, a simple shift of attention between the front and the back of the cube can switch the 

percept. The SFM illusion, however, requires complex integration of motion information to form 

a stable percept, which makes perceptual switching more difficult to control. Helfrich et al. 

(2016), propose that alpha oscillations play a role in inter-hemispheric integration of motion 

information, which would explain why, in our experiment, the modulation of alpha power across 

the 3 SFM conditions is effective. This could relate to the role of LRTC in decreasing the number 

of switches. In networks with strong LRTC, external input is more likely to have lasting effects on 

network activity than in a network with more chaotic dynamics. As such, we speculate that 

connected local cortical patches with strong LRTC are more likely to entrain each other and 

establish synchrony. If efficient information integration across brain areas requires coherence of 

local network signals (Fries, 2005), and a neuronal state with stronger LRTC makes it easier to 

establish coherence, then transient functional connectivity established under strong LRTC would 

stabilize for longer durations, leading to a decrease in the number of percept reversals. This 

hypothesized role of LRTC in establishing long-range synchrony should be tested in a future study. 
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LRTC and power of alpha oscillations are regulated according to task goals 

Irrmischer et al. (2017) showed that strong resting-state LRTC in the alpha band over the 

sensorimotor region were associated with fast reaction times in a subsequent sustained visual 

attention task. In our SFM task, nonetheless, how LRTC is associated with performance depends 

on the task requirements, with weaker alpha LRTC correlating with better performance when the 

goal is to increase the number of switches, and stronger alpha LRTC resulting in better 

performance when the goal is to decrease the number of switches. Leopold and Logothetis (1999) 

suggested that the spontaneous percept reversals occurring during multistable perception reflect 

an internal mechanism for exploring stimulus representations. Taken in this context, the proposal 

of Aston-Jones and Cohen (2005), that neuromodulation regulates task performance by 

promoting exploitation or exploration of alternatives, makes it a candidate mechanism for 

regulating neural dynamics in line with the SFM task goals.  

 

How might neuromodulation alter LRTC?  

Computational modeling has shown that LRTC can emerge from a balance between excitatory 

and inhibitory connectivity in neuronal networks producing oscillations (Poil et al., 2012). Recent 

extensions to this model have shown that neuromodulation can dynamically regulate LRTC 

presumably by shifting the excitation/inhibition balance (Pfeffer et al., 2018). This was supported, 

in the same study, by pharmacological modulation showing that potentiation of the 

catecholaminergic system leads to increased LRTC both during eyes-open rest and during a 

structure-from-motion task. Surprisingly, Pfeffer et al. (2018) reported an increase in the number 

of perceptual switches when pharmacologically increasing LRTC of alpha oscillations in occipital 

and parietal regions, which is unexpected in view of the negative association that we report here 

for the within-subject relationship between LRTC and perceptual switches. It is likely that the 

pharmacological manipulation in Pfeffer et al. (2018) affects aspects of neuronal dynamics other 

than LRTC in a different manner from our study, resulting in the observed discrepancy. It is known 

that activity in the locus-coeruleus norepinephrine system is related to the level of arousal 

(Rajkowski et al., 1994; Aston-Jones et al., 2007). As such, administration of atomoxetine may 

result in more stringent changes in arousal, impinging on perception, than the dynamical self-

regulation of neuronal activity present in our study. Also, atomoxetine may affect differentially 
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the interaction between neuronal populations coding for competing percepts. Notably, while 

atomoxetine administration is not followed by changes in alpha power during the SFM task 

(Pfeffer et al., 2018), in our study, alpha power increases significantly between the Neutral and 

the Hold condition. Still, we expect that in the cortical state with LRTC elevated by means of 

atomoxetine, the same results as in our study should hold: subjects with higher LRTC should 

experience more stable percepts, and regulation of the number of switches due to task 

requirements should be accompanied by changes in LRTC. Discontinuity of Mind not predictive 

of behavior in bistable perception 

We found no evidence for our second hypothesis, which predicted that subjects with less 

Discontinuity of Mind during rest should experience less switches. This hypothesis was in part 

motivated by intuition and in part by preliminary evidence from our lab showing a negative 

association between LRTC in the alpha band and Discontinuity of Mind; however, this effect may 

not be sufficiently strong to show up in the present experiments. After all, we noted that the 

cortical state during ECR is radically different from that during the SFM tasks (Fig. 6C,F). 

 

Outlook 

Our study shows that individual differences in ongoing alpha power and LRTC can be regulated 

according to task goals, and are predictive of SFM task performance. While the impact of alpha 

power on perception has been the subject of extensive research, much less is known about how 

LRTC influences perception. In this respect, our data suggests that bistable visual perception is to 

some extent under voluntary control and influenced by LRTC of alpha oscillations. Thus, it seems 

that not only the level of noise but also the temporal structure of the noise in neural activity 

should be considered as an important aspect of neural dynamics, responsible for variation in 

perception and behavior. 
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Abstract 
 

Our focus of attention naturally fluctuates between different sources of information even when 

we desire to focus on a single object. Focused Attention (FA) meditation is associated with 

greater control over this process, yet the neuronal mechanisms underlying this ability are not 

entirely understood. Here, we hypothesize that the capacity of attention to transiently focus and 

swiftly change relates to the critical dynamics emerging when neuronal systems balance at a 

point of instability between order and disorder. In FA meditation, however, the ability to stay 

focused is trained, which may be associated with a more homogeneous brain state. To test this 

hypothesis, we applied analytical tools from criticality theory to EEG in meditation practitioners 

and meditation-naïve participants from two independent labs. We show that in practitioners—

but not in controls—FA meditation strongly suppressed long-range temporal correlations (LRTC) 

of neuronal oscillations relative to eyes-closed rest with remarkable consistency across frequency 

bands and scalp locations. The ability to reduce LRTC during meditation increased after one year 

of additional training and was associated with the subjective experience of fully engaging one’s 

attentional resources—also known as absorption. Sustained practice also affected normal waking 

brain dynamics as reflected in increased LRTC during an eyes-closed rest state, indicating that 

brain dynamics are altered beyond the meditative state. Taken together, our findings suggest 

that the framework of critical brain dynamics is promising for understanding neuronal 

mechanisms of meditative states and, specifically, we have identified a clear electrophysiological 

correlate of the FA meditation state. 
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Introduction  
 

Meditation is frequently described as a form of mental training to cultivate cognitive capabilities, 

including attention, concentration and emotion regulation (Lutz, et al., 2008). With its popularity 

for attaining relaxation, for physical and mental health (review: Chiesa and Serretti, 2011), and 

enhanced awareness and absorption (Ott, 2007), there is increasing scientific interest in 

understanding the brain mechanisms involved (review: Tang, et al, 2015).  

 The history of meditation practice is rich and diverse, and, therefore, it is important to 

refrain from using ‘meditation’ as an umbrella term, but instead specify which practice is used 

for greater experimental control (Tang, et al, 2015). In this study, we work within the framework 

of the neurophenomenological matrix model (Lutz et al., 2015) according to which meditation 

practices differ on phenomenological dimensions (e.g., clarity, stability, object orientation). For 

example, Open Monitoring is a meditation where monitoring skills are transformed to a state of 

reflexive awareness with a broad scope of attention without focusing on one specific object (Lutz 

et al., 2008, 2015). In contrast, Focused Attention (FA) meditation is a concentrative practice with 

a well-defined object such as the breath (Lutz, et al., 2008). It entails the continuous focus on the 

given object, without distraction from internal (e.g., thoughts) or external (e.g., sounds) sources, 

resulting in a narrow aperture of focus with high clarity and stability (Lutz et al., 2015, 2008). 

Whenever the mind wanders or attention is drawn to another object, the meditator is supposed 

to redirect attention to the original target object. FA meditation is especially interesting, because 

the cultivation of monitoring skills are necessary for many of the meditation types (Lutz et al., 

2008) and particularly important for better control of mind-wandering dynamics (Hasenkamp et 

al., 2011). Concentrative, object-based meditation techniques such as FA meditation can further 

be conceptualized as mental training to cultivate the faculty of absorption (Ott, 2003). Absorption 

reflects a person’s ability to fully engage his or her attention in an experience (Wenk-Sormaz, 

2005), and can be seen as an accumulation of focused attention or attentional control (Grant et 

al., 2013). It is associated with openness to new emotional and cognitive experiences (Tellegen, 

A., Atkinson, 1974), leading to an increased ability to concentrate and focus on a given object, 

especially inward experience (Pekala et al., 1985). 



112 
 

Functional magnetic resonance imaging (fMRI) during FA meditation has revealed correlated 

brain activations in areas related to voluntary regulation of attention, such as the prefrontal 

cortex, premotor cortex and dorsal anterior cingulate cortex (Fox et al., 2016). In contrast, brain 

areas related to mind-wandering, most notably the posterior cingulate cortex and the posterior 

parietal lobule of the default mode network, show relative deactivation (Buckner et al., 2008; 

Hasenkamp et al., 2011). EEG target frequencies for attention modulation are in the alpha and 

beta range, since modulation of oscillations at those frequencies is connected to the facilitation 

of selective sensory gating (Jensen and Mazaheri, 2010), attentional suppression of distracting 

stimuli (Foxe & Snyder, 2011), detection of subtle tactile stimuli (Linkenkaer-Hansen et al., 2004), 

and signal-to-noise ratio of incoming sensory information (van Ede et al., 2011). Indeed, FA 

meditation on mindful breathing has been associated with decreased spectral power in the beta 

frequency band (Saggar et al., 2012) and increased frontal alpha and occipital beta power in 

focused Zen meditation (Huang and Lo, 2009), but also with increased alpha and decreased theta 

spectral power during focus on breathing in the lower abdomen (Yu et al., 2011). This makes the 

uniform identification of spectral associations for FA meditation difficult. Therefore, in this study 

we go beyond traditional EEG spectral analysis and test whether the temporal structure of brain 

oscillations, as reflected in the strength of long-range temporal correlations (LRTC), is altered 

during FA meditation and after meditation training.  

 LRTC in neuronal oscillations are a well-established property of oscillations emerging 

when networks are near the critical state (Linkenkaer-Hansen et al., 2001, Hardstone et al., 2012). 

Critical-state dynamics in the brain have been related to optimal information processing (Shew 

& Plenz, 2013) and the degree to which the brain remains capable of quick reorganization (Deco 

et al., 2013; Singer, 2013; Tognoli and Kelso, 2014) and, thus, is responsive to natural 

environments (Beggs and Plenz, 2003). It has been found that the temporal structure of these 

oscillations are influenced by performing a task (Palva et al., 2011, 2013, Irrmischer et al., 2017) 

and that these oscillations are associated with trial-by-trial variability in performance (He and 

Zempel, 2013; Linkenkaer-Hansen et al., 2004a), and dynamics of finger-tapping errors (Smit et 

al., 2013). So far it has not been shown if these dynamics in neuronal oscillations are also 
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influenced in the absence of an overt task, by the mere intention to switch our focus from a 

thinking resting state to a meditative focused attention state. 

We hypothesized that attention is balanced at a point of instability between order and 

disorder, characteristic of so-called critical systems, which allows transient focus as well as swift 

change. Since practitioners restrain from distraction during meditation in order to maintain a 

single focus, we predict that they might experience a shift from more complex brain dynamics to 

a state of reduced information propagation and reduced temporal complexity of oscillations. 

Using data from two independent laboratories, we here show that the temporal complexity of 

neuronal oscillations is affected by FA meditation training. Further, it is sensitive to the 

meditative state and the subjective experience of absorption as measured with the Tellegen 

Absorption Scale (Tellegen, & Atkinson, 1974), a measure of full attentional engagement (Grant 

et al., 2013). 

 

Methods 
 

Study 1: 

Participants  

Data were obtained at the VU Amsterdam from 8 healthy, experienced meditation practitioners 

(4 female, mean age: 41.7 years, SD = 6.7), with a minimum meditation practice of 5 years (M= 

18 (SD=10.7)), who were recruited through advertisement at local meditation schools that 

practice FA meditation on the breath (Zen and Vipassana). Additionally, data were obtained from 

11 healthy but meditation-naïve controls (9 female, mean age = 21.6 years, SD = 2.1).  

 

 

Measurements & Design 

EEG recordings were acquired using the Electrical Geodesics EEG system (GES200) with 128-EGI 

HydroCel channel sponge-base EEG-caps at a sampling rate of 1000 Hz. Participants were 
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measured during five minutes eyes-closed rest (ECR) while sitting on a chair with the instruction 

“Please keep your eyes closed, relax, and try not to fall asleep,” followed by the Amsterdam 

Resting-State Questionnaire (ARSQ) (Diaz et al., 2014, 2013), allowing the investigation of the 

content and quality of thoughts and feelings experienced during the experimental conditions. 

Statements were rated on a 5-point Likert scale and, subsequently, the mean score of items 

belonging to each of the ten dimensions of thoughts and feelings were computed. Following the 

ECR experiment, participants performed five minutes of FA meditation (MED) with the 

instruction: “Focus on the sensations of breathing, without trying to change it. If you notice that 

the mind was wandering, try to return to the breath.” After the MED condition, the ARSQ was 

filled out again. In view of the high test-retest reliability of LRTC during ECR (Nikulin and Brismar, 

2004), we decided it is feasible to keep the order of conditions constant to prevent possible carry-

over effects of meditation. 

 

Study 2: 

Participants  

Data were obtained at the Bender Institute of Neuroimaging in Giessen from 20 healthy 

practitioners (10 female, mean age = 46.95 years, SD = 12.46) from different traditions, who had 

an average sitting practice of 3.7 days per week (SD = 1.7) for 36 minutes (SD = 12), but a great 

range of meditation experience ranging from 1 month to 33 years (M=10.8 (SD = 10.2)), and 10 

meditation-naïve healthy controls (5 female, mean age = 41.4 years, SD = 14.44). 

 

Measurements & Design 

EEG was recorded inside an fMRI scanner using the BrainVision Recorder and the 32-channel 

EASYCAP system (10-20 System, Jasper, 1958), including 2 EOG channels and ECG, with a 

sampling rate of 5000 Hz. After gradient artifact removal data had been down-sampled to 250 

Hz. Participants were measured during 20 minutes eyes-closed rest (ECR), with the instruction to 

“lie passively and let thoughts flow without trying to concentrate on a specific topic”. This 

experiment was followed by 20 minutes of FA meditation (MED) with the instruction to “focus 

on the sensations of breathing around the nostrils without influencing the breath pattern, and 
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returning your focus as soon as the mind was wandering off.” Meditation practitioners 

underwent the first year of the Academy of Inner Science (AIS) Timeless Wisdom Training (TWT), 

which included a focus on concentrative meditation practices during the first year. The 

participants committed to follow the meditation practice on a daily basis. After this year, the 

measurements were repeated with both the practitioners and the controls. Immediately 

following the MED condition, participants filled in the Tellegen Absorption Scale (TAS) (Tellegen, 

& Atkinson, 1974), a set of self-report items that assesses an individual’s trait absorption level in 

everyday life (five-point Likert scale). One example for absorption is being so focused on the 

storyline while reading a book that the surroundings are completely forgotten. 

 

Cleaning procedure EEG 

EEG data of both studies were pre-processed using EEGLAB (Delorme and Makeig, 2004) and the 

Neurophysiological Biomarker Toolbox (NBT; http://www.nbtwiki.net; Hardstone et al., 2012). 

Signals were bandpass-filtered between 0.5 and 45 Hz using the Butterworth FIR-filter 

implemented in Matlab. All signals were visually inspected in windows of 10 s and transient 

artifacts, for example, caused by head movements or eye blinks, and noisy channels were 

manually marked and omitted from the subsequent computations of spectral power and 

detrended fluctuation analysis (DFA). Typically, only 1–2 s around an artifact were marked. 

Subsequently, we re-referenced the signals to the common average and applied Independent 

Component Analysis (Infomax) (Bell and Sejnowski, 1995; Makeig et al., 2000) for identification 

of independent components related to heartbeat or eye movements, which were visually 

identified and removed (on average only two components were removed). The remaining 

components were projected back to signal space. On average, 0.78% of time samples of the raw 

signals was removed due to sharp transient artifacts (Mdn = 0.78%, Min = 0%, Max = 5.63%) and 

the number of time samples removed was not different between conditions Meditation (Mdn = 

0.72%) and Mind-wandering (Mdn = 0.82%).  

 

 

 

http://www.nbtwiki.net/
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Analysis 

Before the analysis of power spectral density and long-range temporal correlations, we down-

sampled the EEG signals from both studies to 250 Hz. This operation does not affect the power 

nor the temporal structure of oscillations in the five classical frequency bands investigated here 

(delta 1–4 Hz, theta 4–8 Hz, alpha 8–13 Hz, beta 13–30 Hz, and gamma 30–45 Hz). The power of 

oscillations was computed using the Welch method with a 4096-point Hamming window and a 

frequency resolution of 0.25 Hz. The central frequency, 𝑓𝑐, was computed according to these 

formulas: 𝑓𝑐 =
∑ 𝑓𝑃(𝑓)

𝑓𝐻
𝑓=𝑓𝐿

∑ 𝑃(𝑓)
𝑓𝐻
𝑓=𝑓𝐿

, here 𝑓𝐿 and 𝑓𝐻 represent the lowest and highest frequency that defines 

a given frequency band, and 𝑃(𝑓) denotes the power at frequency f. 

To quantify the strength of long-range temporal correlations in the amplitude modulation 

of the oscillations, we used the detrended fluctuation analysis (DFA) (Peng, et al., 1995). In DFA, 

a signal profile is created by computing the cumulative sum of the time series (Figure 1A,B). The 

signal profile is then divided into time-window sizes that are equidistant on a logarithmic scale, 

a local least-square straight line is fitted to each of the windows, and the linear trend is removed 

(Figure 1C). Next, we calculate a fluctuation function which is defined as the average root-mean-

square fluctuations of the integrated and linearly detrended signals for each time-window size 

(with an overlap of 50% between windows). The fluctuation function is computed for all window 

sizes, plotted in double-logarithmic coordinates, and a least-square line fitted to the data (Figure 

1D). The slope of the line represents the DFA exponent and an exponent of α = 0.5 indicates that 

the time series is uncorrelated, whereas 0.5 < α < 1 demonstrates a positive correlation in the 

signal. We applied this method to the amplitude envelope of each oscillation frequency band the 

way it was introduced by Linkenkaer-Hansen et al. (Linkenkaer-Hansen et al., 2001) and it has 

been explained in detail with reference to open-access Matlab scripts elsewhere (see Hardstone 

et al., 2012). Thus, the EEG signal is first bandpass-filtered and the Hilbert transform is then used 

to extract the amplitude envelope (Figure 2B,C). Next, the root-mean-square fluctuations of the 

integrated and linearly detrended signals, F(t), were calculated as a function of time window size, 

t (with an overlap of 50% between windows). As can be seen from the grand average DFA plot 
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(Figure 2D), the DFA fluctuation function increased linearly in double-logarithmic coordinates 

both during ECR and MED in agreement with previous studies using this analysis approach (for a 

review, see Hardstone et al., 2012). The DFA exponent is the slope of the fluctuation function F(t) 

in a given interval, which was set to 5 to 50 seconds for delta and theta band, from 2 to 50 seconds 

for alpha and 1 to 50 seconds for the beta and gamma bands. The lower time scale of fitting the 

power-law was set higher for slow oscillations in order to exclude temporal autocorrelations 

introduced by the bandpass filters. The upper end of the fitting interval was set to 50 seconds 

because it is generally recommended to incorporate 6–10 independent windows of the longest 

time scale investigated to avoid noisy estimates of the DFA exponent (Hardstone et al., 2012; Hu 

et al., 2001). Note that we did not compare exponents of signals of different length, and 

applications of DFA have also been used with fits longer than half the signal length (Palva et al., 

2013). In practice, the only minimum duration of a signal for which one can compute the DFA 

exponent is the size of the largest time window (i.e., 50 s in our case). 

Parametric tests (paired-samples t-tests, significance level: p < .05) were used in both 

studies for possible effects of condition (ECR vs. MED) within participants and between. Further, 

correlations between questionnaire scores and DFA were calculated. For an analysis of 

covariance with demographic variables (age and gender) an ANCOVA model was computed in R 

(version 3.3.1). Tests were performed per channel, and binomial multiple-comparisons corrected 

(Montez et al., 2009; Poil et al., 2011). The binomial multiple comparisons correction tests 

whether a significant number of channels reaches the significance level of p < 0.05 within a 

specific frequency band. The likelihood of having 12 channels out of 128 (Study 1) or 5 channels 

out of 30 (Study 2) by chance is given by the binomial distribution to be less than 5%, cf. (Montez 

et al., 2009; Nikulin, et al., 2012; Schiavone et al., 2014). All DFA exponents reported in the main 

text are averages of significant electrodes across subjects. 
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Figure 1: Step-wise explanation of Detrended Fluctuation Analysis. Adapted with permission from 
"Detrended fluctuation analysis: a scale-free view on neuronal oscillations" by R. Hardstone, S.S. Poil, G. 
Schiavone, R. Jansen, V. Nikulin, H. D. Mansvelder, and K. Linkenkaer - Hansen, 2012, Frontiers in physiology,3, 
p. 7. A: Original time series. Taken from a 1/f signal sampled at 5 Hz with a duration of 100 s. B: Cumulative 
sum of original signal shows large fluctuations away from the mean. C: For each window size looked at, remove 
the linear trend from the signal, and then calculate the fluctuation. Signal shown as solid line, and detrended 
signal shown as dotted line. D: Plot the mean fluctuation per window size against window size on logarithmic 
axes. The DFA exponent is the slope of the best-fit line (α = 1). 
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Figure 2: Beta oscillations exhibit greater complexity of amplitude modulations during eyes-closed rest 
than during meditation. A: Fractals are common in nature. These are complex physical structures exhibiting 
self-similarity on multiple spatial scales (adapted from:(Goldberger, et al., 2002). Similarly, the temporal 
structure of a signal can be self-similar in time. B: Example of a 10 minutes EEG from Cz filtered in the beta-
frequency range (13–30 Hz) during eyes-closed rest (green trace) and during meditation (yellow trace) (data 
taken from Study 2). Note the change to more homogeneous variation in amplitudes during meditation 
compared to eyes-closed rest, without change in average power. C: amplitude of beta oscillations (13–30 Hz) 
is shown in yellow and the amplitude envelope in red. D: The grand average function of the DFA from all 
participants is plotted against window size in double-logarithmic coordinates for channel Cz (αECR =0.8 (+/- 
.03), αMED =0.73 (+/- .03)). 

 

Results 
 

Results of Study 1 

We compared cognitive state and neuronal oscillations during 5 minutes of eyes-closed rest (ECR) 

and 5 minutes of FA meditation (MED) in a group of meditation practitioners and a group of 

meditation-naïve participants (see Methods). Measurements were done in the lab in Amsterdam, 

The Netherlands. 



120 
 

Thoughts and feelings during rest and meditation 

To investigate whether cognitive changes emerge during meditation    compared to the classical 

eyes-closed resting-state condition, where no restrictions for the focus of thoughts are given, the 

participants of Study 1 filled in the Amsterdam Resting-State Questionnaire (ARSQ), both 

immediately after the ECR and after the MED condition. During MED, the practitioners 

experienced less Theory of Mind (MECR= 2.2, MMED=1.1, t(7)=-4.1, p=.007), Planning (MECR=2.3, 

MMED=1, t(7)=-3.7, p=.01), Sleepiness (MECR=1.3, MMED=0.7, t(7)=-2.8, p=.03), Verbal Thought 

(MECR=1.1, MMED=.04, t(7)=-2.9, p=.026), Health Concern (MECR=2.3, MMED=1.1, t(7)=-3.6,p=.011) 

and Discontinuity of Mind (MECR=1.81, MMED=1, t(7)=-2.3, p=.059) compared to ECR, while 

Somatic Awareness (MECR=1.6, MMED =2.7, t(7)=3.9, p=.026) increased, in line with the objective 

of taking the breath as the focus of attention (Figure 3). The control group decreased in Health 

Concern (MECR=2.1, MMED=1.2, t(10)=-2.7, p=.022), and also increased in Somatic Awareness 

(MECR=1.5, MMED=2.7, t(10)=3.8, p=.003 (see Figure 3). 

 

 
 

Figure 3: Meditation affects the content and quality of thoughts and feelings. Spider plots of thought 
dimensions measured using the ARSQ show differences between ECR (green) and MED (red). Meditation 
reduced thoughts about theory of mind, planning, sleepiness, verbal thought, thinking about health and 
discontinuity of mind, while increasing somatic awareness in practitioners. The control group showed reduced 
health concern and increased somatic awareness. Stars represent significance of the difference in ARSQ 
dimension between ECR and MED: * p < 0.05; the dashed line represents the standard error of the mean.   
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Meditation reduces the complexity of neuronal oscillations during meditation 

To test the effect of meditation on the temporal structure and stability of neuronal oscillations, 

we computed the DFA exponent as an index of LRTC. Paired-samples t-tests were conducted to 

compare the difference in DFA between ECR and MED for meditation practitioners and 

meditation-naïve controls within each frequency band (Figure 4). Compared to ECR, practitioners 

showed a decrease of DFA during meditation for theta (αECR= .69 ± .03, αMED= .61 ± .02, t(7) = -

3.4, p = .01), alpha (αECR= .70 ± .02, αMED= .64 ± .02, t(7) = -3.7, p = .008) and beta (αECR= .67 ± .02, 

αMED= .63 ± .01, t(7) = -4.2, p = .004) frequency bands and a trend for the delta band (Figure 4A). 

These changes in DFA between ECR and MED were widespread across the scalp but were most 

pronounced above parietal, central and frontal regions (Figure 4A). Importantly, these effects 

were not present in meditation-naïve controls, suggesting that meditation training influenced 

the ability to control temporal structure of neuronal oscillations during this FA meditation task 

(Figure 4B). The DFA values in the boxplots of Figure 4A and Figure 4B show average DFA 

exponent values across all significant channels. In addition to within-group analyses, a group 

comparison was carried out to investigate differences in temporal structure of oscillations 

between meditation practitioners and controls. Independent-samples t-tests were conducted to 

compare the difference in DFA between ECR and MED for meditators with the corresponding 

difference in DFA for controls within each frequency band. DFA decreased more for meditators 

compared to controls, although the effect was significant after binomial multiple comparisons 

correction only for DFA within the delta band (ΔαMeditators = -0.10 ± 0.10, ΔαControls = 0.01 ± 0.05, 

t(17) = 3.2, p = 0.006) (Figure 4C). A one-way analysis of covariance (ANCOVA) was then used to 

determine whether this difference in change in delta-band DFA was significant when controlling 

for age and gender. After controlling for age and gender, there was no significant effect of group 

on change in DFA for the delta frequency band (Supplemental Figure 1). 
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Figure 4: Study 1: Only meditation practitioners exhibit weaker LRTC during meditation compared to 
rest. A: Grand-average topographies of DFA are shown for ECR (1st column) and MED (2nd column), and the 
difference of MED minus ECR (3rd column). 4th column shows the average DFA exponent across significant 
electrodes for each subject. The delta-band did not pass the multiple-comparison criterion, but the topography 
speaks for the same trend as theta, alpha and beta. B: The same plots as in (A) are shown for the control group. 
C: Grand-average topographies comparing the effect of condition in the meditator and control groups. The 
difference was calculated as Meditators (MED-ECR) minus Controls (MED-ECR).The rows display the DFA for 
the delta (1–4 Hz), theta (4–8 Hz), alpha (8–13 Hz), beta band (13–30 Hz), respectively. White circles denote 
channels with p < 0.05 (t-test, binomial multiple comparison corrected). Meditation reduces the complex 
dynamics of neuronal oscillations in experienced practitioners, but not in controls.  
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Results of Study 2 

Independent sample confirms that meditation was associated with reduced LRTC 

In parallel to Study 1 in Amsterdam, an independent EEG study on practitioners and meditation-

naïve participants was done in Giessen, Germany. This study had increased power due to a larger 

sample size and longer recording time for the EEG. Similar to Study 1, participants were recorded 

during eyes-closed rest (ECR) followed by 20 minutes of FA meditation (MED). Paired-samples t-

tests were conducted to determine within-group differences in DFA between ECR and MED. In 

agreement with Study 1, LRTC were decreased during MED compared to ECR for meditation 

practitioners for multiple frequency bands (Figure 5). DFA in the delta (αECR= .71 ± .02, αMED = .64 

± .02, t(19) = -2.4 p = .025), theta (αECR= .72 ± .02, αMED= .66 ± .02, t(19) = -2.7, p = .013), alpha 

(αECR= .73 ± .03, αMED = .68 ± .03, t(19) = -2.7, p = .015), beta (αECR= .76 ± .03, αMED= .7 ± .03, t(19) 

= -2.8, p = .011) and gamma (αECR= .81 ± .01, αMED = .75 ± .02, t(19) = -2.7, p = .013) band decreased 

during meditation with a widespread and Cz-centered scalp topography, suggesting a global 

change of brain state (Figure 5A). Interestingly, meditation-naïve controls did not show a 

reduction but rather showed an increase of LRTC during MED for alpha (αECR= .68 ± .03, αMED = 

.74 ± .04, t(9) = 2.6, p = .027), beta (αECR= .66 ± .03, αMED= .72 ± .03, t(9) = 2.9, p = .018) and gamma 

(αECR= .70 ± .02, αMED = .76 ± .02, t(9) = 2.7, p = .023) frequency bands (Figure 5B). Again, 

independent-samples t-tests were used to investigate differences in LRTC between meditators 

and controls. The decrease in DFA from ECR to MED was larger for meditators compared to 

controls for delta (ΔαMeditators = -0.05 ± 0.09 , ΔαControls = 0.04 ± 0.10, t(28) = 2.7, p = 0.013), alpha 

(ΔαMeditators = -0.04 ± 0.08 , ΔαControls = 0.04 ± 0.07, t(28) = 3.1, p = 0.005), beta (ΔαMeditators = -0.05 

± 0.07, ΔαControls = 0.06 ± 0.05, t(28) = 4.5, p = 0.0001) and gamma (ΔαMeditators = -0.04 ± 0.08 , 

ΔαControls = 0.07 ± 0.08, t(28) = 3.3, p = 0.002) frequency bands (Figure 5C). After controlling for 

age and gender using a one-way ANCOVA, the effect of group remained significant for all 

frequency bands: delta (F(1,24) = 9.3, p = 0.006), alpha (F(1,24) = 8.6, p = 0.007), beta (F(1,24) = 

18.5, p = 0.0002) and gamma (F(1,24) = 10.1, p = 0.004) (Supplemental Figure 2). 
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Figure 5: Study 2: Changes in DFA for practitioners and meditation-naïve controls from ECR to MED. A: 
Grand-average topographies of DFA values are shown for for ECR (1st column) and MED (2nd column), and the 
difference of MED minus ECR (3rd column). 4th column shows the average of significant electrodes for each 
subject. B: The same plots as in (A) shown for the controls participants. C: Grand-average topographies 
comparing the effect of condition in the meditator and control groups. The difference was calculated as 
Meditators (MED-ECR) minus Controls (MED-ECR). The rows display the DFA for the delta (1–4 Hz), theta (4–
8 Hz), alpha (8–13 Hz), beta (13–30 Hz) and gamma band (30–45 Hz), respectively. White circles denote 
channels with P < 0.05 (t-test, binomial multiple comparisons corrected). In practitioners complex dynamics of 
neuronal oscillations are reduced during meditation. The changes are significant in 5 frequency bands, showing 
a global state effect with central locations. The control group has increased LRTC during meditation. 
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Suppression of LRTC during FA meditation is related to duration of meditation and absorption 

Given the fairly long 20-minute period of meditation, we next asked if the suppression of LRTC 

could be used to monitor changes in the meditative state. First, we split the 20 minutes MED and 

ECR recordings of the practitioners into two 10-minute segments and analyzed those separately. 

The mean reduction of LRTC over all electrodes in the MED condition relative to ECR was stronger 

in the second half compared to the first half for alpha (Δα= -.0227 ± .001 to Δα = -.0522 ± .001 

(t(29) = -11.46, p = <.0001)), and for beta oscillations (Δα = -.0432 ± .023 to Δα = -.0593 ± .019 

(t(29) = -7.78, p = <.0001) (Figure 6). 

 

  

 

 

 

 

 

 

 

 

Figure 6: Meditation-related reduction in LRTC is more 
pronounced in the second half of experiments. Splitting the 
recordings into first and second 10 minutes shows that the 
difference in DFA between MED and ECR is larger for 
practitioners in the second half (second column) compared to 
the first half of the recordings (left column) in the alpha (8–13 
Hz) and beta (13–30 Hz) bands. White circles denote channels 
with p < 0.05 (t-test, binomial multiple comparisons 
corrected).  

 

Next, we correlated the Tellegen Absorption Scale (TAS) with the change in LRTC from ECR to 

MED to test whether the suppression of temporal structure in neuronal oscillations was 

associated with the individual experiences of absorption. We observed negative associations in 

the delta (r(28)=-.53, p=.003), theta (r(28)=-.47, p=.01), alpha (r(28)=-.59, p=.0006) and beta 

bands (r(28)=-.48, p=.007) (Figure 7). This is adding subjective evidence to the notion that the 
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observed reductions in LRTC are related to the ability to produce a stable state of focused 

attention. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7: DFA is negatively correlated to the 
Tellegen Absorption Scale. Topographies show 
correlation between scores on the TAS and the 
difference in DFA exponents between MED and 
ECR for delta (1–3 Hz), theta (4–8 Hz), alpha (8–13 
Hz) and beta (13–30 Hz) frequency bands. Both 
practitioners (blue) and controls (red) are included 
in this analysis. White circles denote channels with 
p < 0.05 (paired-samples t-test, binomial multiple 
comparisons corrected). Participants who report 
higher trait absorption show more suppression of 
LRTC during meditation.  
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Training reinforces meditation-induced suppression of complex brain dynamics 

To test whether the ability to reduce LRTC of oscillations during meditation is a ‘skill’ that the 

practitioners have to begin with, or if it could be developed further through training, the 

practitioners were measured again after participating in a one-year meditation training with a 

focus on concentrative meditation practices, which the participants committed to in the form of 

daily meditation (see Methods). After the training, the reported meditation frequency increased 

from 3.7 (SD 1.7) to 4.7 (SD 1.6) days per week, (t (13)= 2.1, p = .028, one-tailed). The meditations 

lasted on average for 37.3 (SD: 11.6) minutes, ranging from a minimum of 15 to a maximum of 

60 minutes. 

Intriguingly, LRTC during MED decreased from the first to the second measurement in all 

frequency bands, albeit reaching significance only in alpha (αMED1=.70 ±.03, αMED2=.64 ±.03, 

t(19)=-2.5, p=.02), suggesting that participants became more skilled at entering a functional state 

characterized by suppressed LRTC (Figure 8).  

 
   
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 8: One year of meditation training is associated lower LRTC during meditation.  
The topography shows the difference in DFA exponents during meditation before and after one year of 
meditation training in the alpha band (8–13 Hz). White circles denote channels with P < 0.05 (t-test, binomial 
multiple comparisons corrected). Right, the average DFA exponent across significant electrodes for each 
subject at the intake (pre) and after one year of training (post). After the training, the LRTC of alpha oscillations 
during MED is reduced. The Greek delta symbol is used to denote a “difference”. 
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Meditation also affects the eyes-closed rest brain dynamics 

The strength of LRTC in eyes-closed rest EEG is a trait-like phenomenon, stable over time and 

strongly influenced by genes (Linkenkaer-Hansen et al., 2007; Nikulin & Brismar, 2004). Our data 

confirmed this as in none of the analyzed frequency bands did we observe a change in LRTC 

reaching the p < 0.05 level of significance (data not shown) in the control group after one year 

delay. 

In contrast, the practitioners showed an increase of LRTC in the ECR recordings after the 

training in the delta (αECR1=.65 ±.02, αECR2=.72 ±.02, t(19)=2.6, p=.016), beta (αECR1=.71 ±.02, 

αECR2=.77 ±.03, t(19)=2.4, p=.029), and gamma bands (αECR1=.74 ±.02, αECR2=.79 ±.01, t(19)=2.5,  

p=.022) (Figure 9). This suggests that in addition to the short-term state effect of FA meditation 

(Figure 5), regular practice also has long-term influences on the brain, even when not engaged in 

meditation. 

 

 

 

 

 

 

 

 

 

Figure 9: One year of meditation training is 
associated with increased resting-state LRTC in 
multiple frequency bands. Scalp topographies 
show post- minus pre-training resting-state LRTC 
for delta (1–3 Hz), beta (13–30 Hz) and gamma (30–
45 Hz) frequency bands. White circles denote 
channels with p < 0.05 (paired-samples t-test, 
binomial multiple comparisons corrected). Right, 
the average of significant electrodes for each subject 
for ECR before (ECR1) and ECR after training (ECR2) 
are shown. LRTC during resting state increase after 
one year of meditation training.  
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Additional EEG analysis: Meditation-induced changes in spectral power and central frequency  

Finally, we investigated possible changes in spectral power and central frequency to compare our 

study with existing literature. In Study 1, none of these measures reached significance. In Study 

2, we replicated the findings that FA meditation is associated with a widespread increase in alpha 

power in frontal, central, parietal and occipital locations (MECR=113 ±17 μV2/Hz, MMED=136 ±19 

μV2/Hz, p=.03) (Yu et al., 2011), and a decrease in alpha central frequency oscillations in frontal 

and parietal regions (MECR= 9.92 ±.07 Hz, MMED=9.78 ±.08, t(19)=-2.8, p=.011), which is in line with 

the decrease in Individual Alpha Frequency reported previously (Saggar et al., 2012). It is 

important to stress that DFA was sensitive in both studies, even with the smaller sample size and 

recording duration of Study 1. Taken together, our data suggest that LRTC of oscillations is a 

sensitive biomarker for monitoring short- and long-term effects of FA meditation. 

 

Discussion  
 

To the best of our knowledge, this study presents the first application of temporal correlation 

analysis of neuronal oscillations during FA meditation. We measured ongoing EEG and observed 

in two independent datasets that prior experience with FA meditation was associated with 

reduced long-range temporal correlations (LRTC) during the meditation period compared to the 

eyes-closed rest condition. Additionally, Study 2 showed that this reduction was stronger in the 

second half of the 20-minute meditation session, enhanced by an additional 1 year of meditation 

training, and correlated with the subjective experience of absorption. We also found that regular 

practice can increase resting-state LRTC.  

In Study 1, the transition from eyes-closed rest (ECR) to FA meditation (MED) showed a 

reduction of LRTC for theta (4–8 Hz), alpha (8–13 Hz) and beta (13–30 Hz) frequency bands. 

Importantly, this change was not observed in the control group of meditation-naïve subjects. The 

between-group test showed that in the meditators the DFA reduced more than in the controls in 

all frequency bands, but this effect only passed multiple comparisons correction in the delta 

band, possibly due to too little power caused by the small sample size. 
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In light of recent discussions about replicability in research (Open Science Collaboration, 2015) it 

is important to acknowledge that these findings were replicated and more pronounced in Study 

2, which included more participants and longer recordings. Here, the within-subject reduction of 

LRTC reached significance in all five frequency bands measured (delta, theta, alpha, beta, 

gamma), indicating a change in global brain state. Although the number of channels in the two 

studies differed, and minor differences in scalp topographies were visible, one should note the 

similarities in terms of scalp-wide reductions in LRTC in both studies. In Study 2, the between-

group test showed again that in the meditators the DFA reduced more than in the controls in all 

frequency bands, passing multiple comparisons correction in the delta, alpha, beta and gamma 

frequency band. An analysis of covariance showed that the demographic factors age and gender 

did not influence the reduction in LRTC. This is in line with observations that LRTC in these brain 

oscillations have been shown to remain stable throughout adulthood (Smit et al., 2011) and show 

no significant gender effects at the single-electrode level (Nikulin and Brismar, 2005).   

A surprising result is the increase in LRTC found for the alpha, beta, and gamma frequency 

bands in the controls of study 2 while the control group in study 1did not show any significant 

change. A possible explanation could be the difference in the duration of experiments (5 minutes 

vs. 20 minutes): The ARSQ showed that in experiment 1 the control participants increased in 

“Somatic Awareness” during the meditation condition, suggesting that it is possible for 

inexperienced participants to follow the instruction to focus on the body sensation of breathing. 

In study 2, the inexperienced participants may have found it challenging to maintain—or even 

increase—attentional focus for 20 minutes. As a consequence, frequent switching between 

focusing on the sensations of breathing and mind-wandering may have occurred. This, in turn, 

may have resulted in more complex variability in oscillatory brain activity and a higher DFA 

exponent in the control cohort, which is analogous to recent findings of reduced LRTC when 

subjects successfully attend to a sustained visual attention task (Irrmischer et al., 2017). 

However, what could be the functional role of the reduction in LRTC associated with FA 

meditation? For optimal functioning, the brain needs to adapt in response to internal and 

external demands. For this, neuronal activity is required to organize on different topological and 

temporal scales in order to produce a certain brain state, which is capable of adapting to the 
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requirements at hand (Fries, 2005; Singer, 2013; Varela et al., 2001). LRTC allow organization at 

multiple topological and temporal scales, which in ‘normal’ waking consciousness are observable 

near the critical state (Linkenkaer-Hansen et al., 2001). This is pointing towards an adapted 

response to a natural environment which displays many critical features (Beggs and Plenz, 2003). 

If the demands change, in this case, an alteration from normal waking conscious state to FA 

meditation (i.e., ‘one-pointed focused attention’), information propagation ultimately needs to 

be reduced. This fits with the neurophenomenological matrix model (Lutz et al., 2015) in which 

FA meditation is associated with a narrow aperture of focus, clarity and stability, whereas mind-

wandering—which is opposing FA meditation—is related to low stability. Increased perceptual 

stability has indeed been observed after and during FA meditation (Carter et al., 2005). Similarly, 

increased performance stability in attention tasks were found after an intensive meditation 

retreat (Lutz et al., 2009; Zanesco et al., 2013).  

Last, it has been argued that less temporal redundancy leads to more efficiency in 

processing (He, 2011), perhaps enhancing the conscious experience of the object of focus. 

Indeed, the ARSQ showed that the practitioners decreased in nearly all dimensions of resting 

state cognition, but increased in somatic awareness, the focus of their attention.  

 

Long-term effects of regular practice 

The longitudinal design, with a measurement before and after one year of meditation training, 

provided the unique opportunity to test whether mental training can directly influence these 

brain dynamics. Comparing LRTC during the meditative state before and after the training 

showed a trend towards further attenuating LRTC in all frequency bands, albeit significant only 

in the alpha band. This indicates that the ability to influence brain dynamics through FA 

meditation is a skill that may be learned and enhanced through regular practice. Another striking 

observation from our data was the change in resting-state EEG in practitioners. The strength of 

LRTC in eyes-closed rest EEG is a trait-like phenomenon, which is both significantly heritable 

(Linkenkaer-Hansen et al., 2007) and stable over time (Nikulin & Brismar, 2004). The control 

group did not follow any intervention or training and therefore as expected showed no change 

in resting-state brain dynamics. The practitioners on the other hand showed an increase of LRTC 
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in delta, beta, and gamma bands during normal rest after a one-year meditation training. This 

observation shows a lasting impact of regular practice on normal waking state consciousness and 

brain dynamics, even without engaging in meditation. This observation is adding to the 

cumulative evidence of lasting effects of meditation on daily life (Chan & Woollacott, 2007; 

Frewen, et al., 2011). From a dynamic perspective, it is very intriguing that regular practice 

showed the dichotomy of increased LRTC during resting state, while at the same time enhancing 

the ability to create a state of reduced LRTC during FA meditation. This shows an increase in the 

total dynamical range of neuronal oscillations in the practitioners.  

 

LRTC and absorption 

Attentional absorption as measured with the TAS can be described as the tendency to have 

“episodes of ‘total’ attention that fully engage one’s representational resources” (Tellegen &, 

Atkinson, 1974). Practitioners have a greater tendency to be absorbed in experiences, report 

higher absorption scores using this scale (Davidson et al., 1976; Hölzel & Ott, 2006), and people 

with high absorption level can reach deeper meditative states more quickly (Hölzel & Ott, 2006). 

Further, a higher absorption level is associated with thicker gray matter in nodes of the cingulo-

fronto-parietal attention networks (Grant et al., 2013), suggesting a relationship between 

absorption and attentional control. Additionally, absorption scores of practitioners have been 

found to be related to the frequency of their practice (Hölzel & Ott, 2006), suggesting the trait 

may be sensitive to training. Our data shows that the participants that showed a larger reduction 

in LRTC during meditation are also the ones who report higher trait absorption. 

 

Possible mechanisms causing the change in LRTC during meditation 

In light of a theory development explaining potential underlying neuronal correlates causing the 

reduction in LRTC during FA meditation, we are looking at mechanisms related to global changes 

in cortical dynamics both in terms of anatomical locations (scalp regions) and frequency bands. 

Therefore, we speculate that the target mechanisms are neuromodulators, as well as changes in 

the thalamus and the cingulate cortex activity. 
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Neuromodulators have been shown to influence global neuronal fluctuations by balancing the 

excitation/inhibition ratio within the signal. For example, an increase in serotonin is related to a 

shift towards excitability (Moreau, 2009) and has been observed during Zen practice (Yu et al., 

2011). GABA, on the other hand, leads to inhibition (Shew et al., 2009), and increases have been 

found after meditation (mindfulness/vipassana) (Guglietti et al., 2013) and yoga practice 

(Streeter et al., 2007; Streeter et al., 2010). Based on computational models of LRTC (Poil et al., 

2012a), one would expect a meditation-related increase in GABA to drive neuronal dynamics 

towards a sub-critical regime characterized by lower DFA exponents as we observed it. 

 Another possible driver for widespread changes in cortical stability could be thalamic 

activity in the form of slow underlying oscillations, typically visible in central scalp locations 

(Steriade, 2006). Thalamic input has long been associated with selective attention (Crick, 1984) 

and alertness (Halassa et al., 2011; Steriade et al., 1993) by integrating the competition between 

different inputs at the thalamic level itself (Lam and Sherman, 2011). Indeed, thalamic 

involvement in FA meditation has repeatedly been hypothesized (Austin, 2013; Guglietti et al., 

2013; Kerr et al., 2013; Newberg & Iversen, 2003) and, recently, successfully modeled (Saggar et 

al., 2015). 

 Last, strongly connected to the thalamus is the highly active and anatomically widely 

connected cingulate cortex (Hagmann et al., 2008). Here, especially the posterior cingulate cortex 

is related to attention regulation in terms of broadening or narrowing of the focus as well as its 

direction towards internal versus external sources of information (Fox et al., 2005; Leech et al., 

2011). Possibly acting as a ‘transmodal thalamocortical hub’, it is exhibiting complex interactions 

across the whole brain, including attentional networks, and therefore tuning the meta-stability 

of the system according to demands (Leech and Sharp, 2014). Indeed, increased functional 

connectivity has been observed during meditation (Brewer et al., 2011) and PCC deactivation has 

been used successfully in open monitoring meditation neurofeedback (Garrison et al., 2013; 

Lutterveld et al., 2016). 
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Outlook 

According to the neurophenomenological matrix model, meditation practices differ according to 

phenomenological dimensions. For example, Open Monitoring meditation, which is similar to FA 

meditation in high clarity and stability, has larger aperture and less object orientation (Lutz et al., 

2015). Thus, it could be interesting to compare the effect of other meditation types on brain 

complexity. Still, from the perspective of identifying a physiological indicator of meditation-

related changes in brain states, we see the DFA exponent to be very promising. 
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Supplemental Figures 

 

 

 

 

 

 

 

 

 

 

 

Supplemental Figure 1: Effect of group on 
DFA in Study 1. A: Grand-average 
topographies comparing the effect of 
condition in the meditator and control 
groups. The difference was calculated as 
Meditators (MED-ECR) minus Controls 
(MED-ECR). The rows display DFA for the 
delta (1–4 Hz), theta (4–8 Hz), alpha (8–13 
Hz) and beta band (13–30 Hz), 
respectively. White circles denote 
channels with p < 0.05 (Independent 
samples t-test, binomial multiple 
comparisons corrected). B: Topographies 
showing the effect of group on DFA in a 
one-way analysis of covariance (ANCOVA) 
including the demographic variables Age 
and Gender. White circles denote 
channels with p < 0.05 (F-test, binomial 
multiple comparisons corrected).  
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Supplemental Figure 2: Effect of group on DFA in 
Study 2. A: Grand-average topographies 
comparing the effect of condition in the meditator 
and control groups. The difference was calculated 
as Meditators (MED-ECR) minus Controls (MED-
ECR). The rows display DFA for the delta (1–4 Hz), 
theta (4–8 Hz), alpha (8–13 Hz), beta (13–30 Hz) 
and gamma band (30–45 Hz), respectively. White 
circles denote channels with p < 0.05 (Independent 
samples t-test, binomial multiple comparisons 
corrected). B: Topographies showing the effect of 
group on DFA in a one-way analysis of covariance 
(ANCOVA) including demographic variables Age 
and Gender. White circles denote channels with p 
< 0.05 (F-test, binomial multiple comparisons 
corrected). 
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Abstract 
 

The spontaneous oscillatory activity in the human brain shows long-range temporal correlations 

(LRTC) that extend over time scales of seconds to minutes. Previous research has demonstrated 

aberrant LRTC in depressed patients; however, it is unknown whether the neuronal dynamics 

normalize after psychological treatment. In this study, we recorded EEG during eyes-closed rest 

in depressed patients (N = 71) and healthy controls (N = 25), and investigated the temporal 

dynamics in depressed patients at baseline, and after attending either a brief mindfulness 

training or a stress reduction training. Compared to the healthy controls, depressed patients 

showed stronger LRTC in theta oscillations (4–7 Hz) at baseline. Following the psychological 

interventions both groups of patients demonstrated reduced LRTC in the theta band. The 

reduction of theta LRTC differed marginally between the groups, and explorative analyses of 

separate groups revealed noteworthy topographic differences. A positive relationship between 

the changes in LRTC, and changes in depressive symptoms was observed in the mindfulness 

group. In summary, our data show that aberrant temporal dynamics of ongoing oscillations in 

depressive patients are attenuated after treatment, and thus may help uncover the mechanisms 

with which psychotherapeutic interventions affect the brain. 
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Introduction 
 

Spontaneous neuronal oscillations, arising from synchronized activity of large assemblies of 

neurons are a hallmark of the electrical activity of the brain during rest. Despite their 

considerable variability and seeming randomness, these oscillations follow characteristic 

patterns in their temporal structure (Linkenkaer-Hansen et al., 2001). It is now well documented 

that amplitude fluctuations are correlated over thousands of oscillatory cycles (Nikulin and 

Brismar, 2005; Palva et al., 2013; Smit et al., 2013), a phenomenon that is being referred to as 

long-range temporal correlations (LRTC). 

It has been speculated that the dynamics of such coordinated activity during rest may 

serve as an indicator of the adaptability of the neural system, and that a medium degree of LRTC, 

reflecting a balance of uncorrelated random and strictly correlated patterns, would be optimally 

adaptive (Linkenkaer-Hansen et al., 2001). Consistent with this view, aberrations in LRTC have 

been reported in a wide range of psychopathologies, such as Major Depression (Linkenkaer-

Hansen et al., 2005), Alzheimer’s disease (Montez et al., 2009), Schizophrenia (Nikulin et al., 

2012), and Parkinson’s disease (Hohlefeld et al., 2012). Several studies have compared LRTCs of 

depressive patients and healthy controls. The majority of these studies report aberrations in LRTC 

of depressive patients (Linkenkaer-Hansen et al., 2005; Lee et al., 2007; Bornas et al., 2013, 2015; 

Bachmann et al., 2014), but there are studies that did not find such differences (Hosseinifard et 

al., 2013). However, research into the nature of these aberrations is still at an early stage with 

studies differing in methodology and being based on only small samples of patients. For instance, 

it is currently unclear which are the most relevant frequency bands demonstrating abnormal 

temporal EEG dynamics in depression, and whether depression is characterized by more 

persistent (correlated) or more random (decorrelated) temporal dynamics. Thus, further 

research with larger cohorts seems necessary in order to delineate the nature of aberrations in 

the temporal structure of spontaneous oscillations in depression. An initial aim of the current 

study was therefore to compare resting-state assessments of LRTC in currently depressed 

patients and healthy control participants. Furthermore, given accumulating evidence for LRTC 

aberrations across a range of mental disorders, it seems important to investigate the possibility 
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to modify them. In a recent study, it was shown that a single session of Neurofeedback training 

reduces aberrations in alpha LRTC in patients suffering from posttraumatic stress disorder (PTSD; 

Ros et al., 2016). The results of this study also showed that normalization of alpha LRTCs in PTSD 

patients was associated with symptom relief. 

Given these encouraging findings, the second aim of our study was to investigate the 

modification of LRTC by means of therapeutic interventions. A particularly promising approach 

in this context might be training in mindfulness meditation. It is aimed at establishing an open 

and acceptant awareness of present-moment experience and has been introduced into clinical 

contexts as a means of helping patients to become better at decentering from engagement in 

maladaptive repetitive patterns of thinking (Teasdale, 1999). The practice counters habitual 

tendencies of drifting into mind wandering and, therefore, may have effects that could 

potentially generalize to the dynamics of neural processes during rest. Indeed, previous research 

has demonstrated effects on resting-state brain activity in clinical and non-clinical samples 

(Davidson et al., 2003; Barnhofer et al., 2007). In order to test changeability in the current study, 

we allocated depressed participants to either participate in a brief mindfulness meditation 

intervention or an active control condition, in which participants were guided to reduce stress by 

taking regular periods of rest, and assessed LRTC again after the psychological treatments for 

depression, both of which were 2 weeks in duration. This allowed exploring the stability of LRTC 

under conditions of change in severity of symptoms. The current study focused on patients with 

chronic and recurrent depression following the assumption that changes in resting-state activity 

of the brain might be particularly pronounced in this group. 

 

Methods 
 

Participants 

Depressed participants and healthy control participants were recruited through advertisements 

in newspapers, on the Internet, and in public transport. Before participants were included in the 

study they were screened by Structured Clinical Interview for DSM IV (First et al., 2002). Details 
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about inclusion and exclusion criteria and the recruitment procedure are provided in 

Supplementary Material S1. Clinical and socio-demographic characteristics of the final sample 

are shown in Table 1. 

 

TABLE 1. Sociodemographic characteristics, course characteristics and current use of antidepressants in depressed 
participants with valid EEG data who completed the mindfulness training (n = 36) and depressed participants with 
Valid EEG data who completed the stress reduction training (n = 29). 

 

Characteristic Mindfulness Stress reduction df Test statistic p Effect size 
 training training     
         

Age, M (SD) 41.6 (12.8) 42.3 (11.8) 63 F = 0.05 0.82       µ2 = .001 

Gender, nfemale (%) 23 (63) 16 (55) 1 2 = 0.51 0.48  

Age of onset, M (SD) 17.3 (8.5) 17.2 (11.2) 63 F = 0.001 0.97       µ2 = .000 

Number of previous episodes, Med 
[range] 6.5 [1, 14] 6 [2, 35]  Median test 0.91  

Current use of antidepressants, n 
(%) 10 (27) 9 (31) 1 2 = 0.08 0.77  

Tricyclics  2  1     

SSRIs  4  6     

SSNRIs  3  2     

Anticonvulsants  1  0     
 

 

 

Procedure 

Depressed and healthy control participants who met the respective inclusion criteria participated 

in the baseline EEG assessment. Depressed participants were then randomly allocated to one of 

two treatment conditions, brief mindfulness training or stress-reduction that included psycho-

educational interventions. The 2-week interventions were delivered in a series of three 1.5-h 

weekly individual sessions and included intensive daily home practice. Participants of both groups 
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received a booklet that described in detail the practices for each day along with their rationale 

and related psycho-educational material. 

Participants in the mindfulness training engaged in formal meditation practice for about 

25 min twice per day on 6 out of 7 days of each of the 2 weeks using recorded guided meditations. 

Practices were shorter in duration than the practices in Mindfulness-Based Cognitive Therapy 

(MBCT; Segal et al., 2002) in order to allow for more flexibility in scheduling the practices, but 

followed the standard sequence of mindfulness-based interventions ranging from focused 

attention to open monitoring practices with a particular focus on practices that helped patients 

recognize and disengage from maladaptive patterns of thinking. Participants allocated to the 

stress-reduction condition were asked to schedule regular periods during which they took time 

to rest as a means of deliberately retreating from the activities of the day. Length and frequency 

of the rest periods mirrored the time demands of the meditation training. Participants received 

a plausible rationale for the stress-reduction training that linked acute depression to stress and 

suggested ways of using rest, relaxation, and disengagement from negative thinking as an initial 

and preliminary step towards recovery from depression. Trained clinical psychologists delivered 

both treatments. For a more detailed description of the interventions see Fissler et al. (2016). 

The post-treatment assessment was conducted within 1 week after the end of the intervention 

and followed the same sequence as the pre-treatment assessment apart from including a 

shortened clinical interview focusing on presence of mood symptoms during the time of the 

intervention. 

The study protocol for the trial was approved by the ethics committee of the Charité 

University Medicine Berlin, Campus Mitte (EA4/055/13). All participants gave their written 

informed consent after being informed about the study, first, in writing and then again in through 

a detailed individual discussion with a clinician. The ethics board of the Charité approved the 

study without requiring a clinician to judge whether all patients that participated in the study 

were able to understand the aims and risks of the study. It was therefore not a requirement for 

the study to have a clinician to make such judgments, yet in practice both of the researchers who 

consented participants were trained clinicians and would have excluded participants who were 
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unable to understand the aims and risks of the study. None of the potential participants had to 

be ruled out for this reason. 

 

Clinical Measures 

The Structured Clinical Interview for DSM-IV (SCID-I; First et al., 2002). The SCID is a well-validated 

semi-structured interview to determine current and past DSM–IV axis-I diagnoses. Interviews 

were administered by one of two trained clinical psychologists. The SCID was used to assess 

diagnostic status at baseline and after the end of the interventions.  

 

Beck Depression Inventory-II (BDI-II; Beck et al., 1996). The BDI-II is a widely used self-report 

measure, to assess severity of current symptoms and consists of 21 groups of statements, 

referring to the presence of symptoms of depression over the past 2 weeks. Internal consistency 

in the current sample was a = 0.77 at pre-test and a = 0.89 at post-test. 

 

Ruminative Response Style Questionnaire (RRSQ; Treynor et al., 2003). Ruminative tendencies 

were assessed using the RRSQ. The RRSQ includes 22 items that assess the degree to which 

individuals respond to depressed mood with thoughts that are self-focused, symptom-focused, 

and focused on the possible causes and consequences of the mood. Internal consistency of the 

scale in the current sample was a = 0.90 at pre-test and a = 0.88 at post-test. 

 

Experimental Condition 

For the EEG assessment, participants were seated in a chair and asked to rest with their eyes 

being closed for a 10 min recording session. A sound indicated the end of the experimental rest 

condition. Participants were instructed not to try to reach a specific mental state, but rather let 

the natural flow of thoughts occur. 
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EEG Recording 

Continuous EEG was recorded from 32 Ag/AgCl active electrode sensors with integrated noise 

subtraction circuits (actiCap, Brain Products GmbH, Gilching, Germany), placed according to the 

10/10 system with a reference electrode located at FCz. Signals were recorded in the frequency 

range from 0.016 to 450 Hz, and digitized with a sampling rate of 1000 Hz using a Brain Products 

BrainAmp MR plus (Brain Products GmbH, Gilching, Germany). Electrode impedance was 

maintained below 10 KΩ. 

 

EEG Data Analyses 

Offline analyses were conducted using the Brain Vision Analyzer 2.0 Software (Version 2.0.4.368, 

Brain Products GmbH, Gilching, Germany) and MATLAB (Version R2010b, The MathWorks, Inc., 

Natick, MA, USA). Preprocessing of the data consisted of the following steps: The data were 

downsampled to 200 Hz, highpass filtered at 1 Hz (12 dB/oct) and re-referenced to a common 

average reference. Vertical and horizontal eye movements were removed from the data using an 

automated ocular correction approach based on independent component analysis (ICA; Jung et 

al., 2001; as implemented in the Brain Vision Analyzer software). Next, bandpass filtering and the 

Hilbert transform were applied to obtain the amplitude envelope of oscillations in the following 

frequency bands: theta (4–7 Hz), alpha (8–13 Hz), and beta (15–25 Hz) for all 32 electrodes. The 

temporal structure of these amplitude envelopes was then analyzed using detrended fluctuation 

analysis (DFA; Peng et al., 1994) as implemented in a custom MATLAB script. DFA estimates the 

scaling of the root mean-square fluctuation of the integrated and linearly detrended signal across 

different time windows (for details see Hardstone et al., 2012). Figure 1 provides an illustration 

of scaling behavior in the amplitude dynamics of oscillatory activity using an example with an 

almost perfect linear relationship between the logarithm of the time scale and the logarithm of 

the DFA fluctuation function computed on the amplitude envelope. The slope of the least-

squares line in this graph is called the ‘‘scaling exponent’’ (Lux and Marchesi, 1999), which 

quantifies LRTC. Scaling exponents in the 0.5–1 range indicate a presence of persistent temporal 

correlations, where larger fluctuations are likely to be followed by larger fluctuations. 

Uncorrelated signals (e.g., for white noise) have a scaling exponent 0.5. Before DFA, artifactual 
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segments exceeding an amplitude threshold of 150 mV were flagged as bad, and LRTC were 

calculated avoiding the inclusion of segments with discontinuous EEG. LRTC were estimated in 

the range from 5 s to 50 s with 20 windows distributed equidistantly on a logarithmic scale, and 

control analyses showed that an average of 10.9 (SD 1.2) segments of maximal length (50 s) were 

maintained per subject and condition after artifact handling. 

In addition to the LRTC, we also conducted exploratory analyses of the mean 

instantaneous amplitude for each frequency band. The purpose of these analyses was to 

investigate whether the strength of oscillatory activity played a role in depression and to assess 

to what extent potential effects observed in LRTC were independent from effects observed in 

time-averaged amplitude modulations. 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

Figure 1: Estimating the scaling exponent of neuronal oscillations with DFA. (A) 10 s of broadband EEG from the 
Fz electrode in a healthy subject. (B) The theta-band activity is obtained from the signal in (A) using bandpass 
filtering (4–7 Hz) and the Hilbert transform is used to extract the amplitude envelope (red line). (C) The DFA 
fluctuation function, F(n), scales linearly with window size, n, in the range of 5–50 s in double-logarithmic 
coordinates. The slope of the least-squares line is the scaling exponent, which in this case was 0.65. 
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Statistical Analyses 

In order to compare LRTC and average amplitude in depressed patients and controls, we 

performed independent t-tests for each electrode. A cluster-based permutation approach was 

applied to account for multiple comparisons (Maris and Oostenveld, 2007). Clusters were defined 

by the sum of t-values of neighboring electrodes (at least one significant neighbor at alpha <0.1). 

The size of the clusters detected in the actual data was compared to the size of clusters detected 

in randomly permuted group memberships (1000 random permutations). Separate analyses 

were conducted for the three frequency bands, and Bonferroni adjusted alpha levels of 0.017 per 

test were applied to avoid conduction of type I errors. 

Pre-post comparisons of treatment-related changes in LRTC and amplitude were 

investigated using paired t-tests for single electrodes with the cluster-based permutation 

approach described above performed to account for multiple comparisons. 

Furthermore, we explored the relations between treatment-related changes depressive 

symptomatology and LRTC difference scores in the observed clusters using Pearson’s coefficient. 

 

 

Results 
 

Comparisons between Depressed Patients and Healthy Controls 

Valid EEG data at baseline were available for 71 of the 74 depressed participants, and for all of 

the 25 healthy control participants. Socio-demographic and clinical characteristics of all 

participants are provided in Table 1. 

Comparison of the scaling exponents in healthy controls and depressed patients showed 

elevated LRTC of theta oscillations in the patient group (cluster statistic, p = 0.011). No 

differences were observed for alpha and beta LRTC. The spatial distribution of the scaling 

exponents for theta oscillations in depressed patients and healthy controls is shown in Figures 

2A,B, respectively. In both subject groups, the spatial maximum of the exponent was over the 

parietal areas. Differences between groups in theta LRTC were observed at multiple sensor 



153 
 

locations including mid and left frontal as well as left temporal electrode sites (Figures 2C,D). 

Exploratory analyses of the time-averaged amplitude of neuronal oscillations showed no 

differences between the depressed and control groups in any of the examined frequency bands 

(data not shown). 

In order to explore the influence of antidepressant medication on LRTC, we compared 

scaling exponents in patients who were taking antidepressant medication at the time of the study 

and those who were not taking medication. There were no significant differences in scaling 

exponents and mean amplitude in any of the frequency bands between these two groups. 

 

 

Figure 2: Depressive patients exhibit stronger long-range temporal correlations (LRTC) in theta oscillations 
compared to healthy controls. Topographic distributions of the DFA exponents point to strongest LRTC in theta 
oscillations in the parietal region both in depressive patients (A) and healthy controls (B). (C)The difference 
topography (controls minus patients) indicates that patients had stronger LRTC in many cortical areas. Cluster-based 
permutation statistic revealed a significant cluster in left temporal and frontal regions (cluster-electrodes are marked 
with a star). (D) Mean exponent values at a central cluster-electrode (FC5, t-statistic, p < 0.05). 
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Pre- to Post-Treatment Changes in Chronically Depressed Patients 

Analyses of pre- to post-treatment changes were based on participants who had completed the 

treatment and had valid EEG data (N = 65; n = 36 in the mindfulness group and n = 29 in the 

stress-reduction group). The final treatment groups did not differ in socio-demographic and 

clinical characteristics as shown in Table 1. Importantly, the number of patients that used 

antidepressant medication during the study did not differ between treatment groups, and 

numbers indicated no obvious group differences in the different types of antidepressant 

medication (see Table 1). 

Pre- to post-changes of self-reported depression and rumination were analyzed using 

repeated-measures analysis of variance (ANOVA) with time as within- and treatment as between-

subjects factor. Analysis of changes in BDI-II scores yielded a significant main effect of time (F.1,63/ 

= 143.5, p < 0.001), treatment (F.1,63/ = 14.1, p < 0.001), and a significant time by treatment 

interaction (F.1,63/ = 12.6, p < 0.001), due to stronger reductions of BDI-II scores in the mindfulness 

group, than in the stress reduction group (see Table 2). Analysis of the RRSQ rumination scores, 

revealed a significant main effect of time (F.1,63/ = 7.8, p = 0.007), no main effect of treatment, 

and a significant time by treatment interaction (F.1,63/ = 9.1, p = 0.004), due to significant 

decreases in the mindfulness group and no significant change in the stress reduction group (see 

Table 2). We applied the Lilliefors test to check our psychological variables for normality. At 

baseline, BDI and RRSQ values were confirmed to come from a normal distribution, the same was 

observed for post-treatment RRSQ values. Post-treatment BDI values showed a slight deviation 

from a normal distribution. There were no outliers in any of the datasets. It has been shown that 

ANOVA is robust against moderate deviations from normality; simulation studies show that false 

positive rate is not affected considerably by violations of the normality assumption (Harwell et 

al., 1992). 
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Table 2: Means and standard deviations of depression and rumination scores at pre- 

 and post-assessment in the mindfulness (n = 36) and stress reduction groups (n = 29). 

 
 
  Mindfulness    Stress reduction 
      

 Pre Post  Pre Post 
        

BDI-II 27.4 (7.1) 9.8 (6.3) 28.9 (6.9) 19.4 (9.3) 

RRSQ 57.2 (11.4) 48.8 (11.9) 56.9 (11.2) 
54.1 (14.2) 
ns. 

         
Note. BDI-II, Beck Depression Inventory II; RRSQ, Ruminative Response Style Questionnaire. p < 0.001, ns., not significant. 

 

 

Given that both interventions were associated with pronounced reduction in depression scores, 

we conducted an initial EEG analysis in which we pooled the treatment groups in order to test 

whether temporal brain dynamics had also changed. Indeed, analysis of pre- to post-treatment 

changes in scaling exponents showed LRTC reduction in the theta frequency band (cluster 

statistic, p = 0.006). No significant clusters were observed in the other two frequency bands. The 

cluster in the theta frequency range was observed at centroparietal, left frontal, central, and 

temporal electrodes (Figure 3), thus suggesting an attenuation of LRTC in depressed patients 

towards the level of healthy controls reported above. Exploratory analyses of the time-averaged 

amplitude of neuronal oscillations showed pre- to post-treatment changes in the beta frequency 

range (see Supplementary Figure S2). 
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Figure 3.  LRTC in theta oscillations are reduced by psychological treatment. The topographic distribution of 
DFA exponents in theta oscillations is similar for the baseline measurement (A) and the post-treatment 
measurement (B) for the pooled treatment groups. (C) The difference topography (Post minus Pre) indicates 
widespread reductions in LRTC due to interventions. Cluster-based permutation statistic revealed a significant 
cluster at widespread electrode locations (cluster-electrodes are marked with a star). (D) Mean exponent values 
at a central cluster-electrode (Pz, t-statistic, p < 0.05). 

 

 

Next, we tested whether the observed effect in the theta frequency range differed between the 

two treatment groups. Cluster-statistics, conducted on the pre-post differences scores of the two 

groups, revealed a marginally significant cluster (cluster statistic, p = 0.09) at posterior electrode 

locations (Figures 4C,D). Explorative analyses of the pre-post differences in separate treatment 

groups showed that in the stress-reduction group theta LRTC attenuation was mainly observed 

along the fronto-parietal midline region (Figure 4B), while in the mindfulness group we observed 

a bilateral attenuation of theta LRTC in central and temporal regions that were more pronounced 

over the left hemisphere (Figure 4A). 
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Figure 4: Mindfulness training and stress-reduction differentially affect the topography of LRTC in theta 
oscillations. The difference topography in the mindfulness group (A) and the stress reduction group (B) shows 
distinct topographic patterns (significant pre-post differences are marked with a star). Direct comparison of the 
two groups revealed a marginally significant cluster (C), which was located at posterior midline electrodes 
(cluster-electrodes are marked with a star). (D) Mean D-exponent values at a central cluster-electrode (Oz, t-
statistic, p < 0.05). 

 

 

Correlational Analyses 

Finally, we investigated whether changes in theta LRTC were associated with the pre- to post-

treatment changes in depressive symptomatology (BDI-II) or rumination (RRSQ). These analyses 

were restricted to the electrodes that showed significant pre to post changes and alpha levels 

were adjusted using Bonferroni correction. The only significant finding was a positive correlation 

between BDI-II score reduction and reduction of theta LRTC within the mindfulness group (see 

Figure 5). 
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Figure 5: The reduction in depression symptoms correlate with reductions in LRTC in theta oscillations. The 
scatter plot shows the relationship between reduction of BDI score and the reduction of theta LRTC in the 
mindfulness treatment group (Pearson correlation coefficient, r = 0.44, p < 0.01) at electrode TP9. 

 

 
 

Discussion 
 

The aim of the present study was to examine differences in LRTC in neuronal oscillations between 

depressed patients and healthy controls, and to investigate treatment-related changes in LRTC 

in depressed patients after attending a brief mindfulness or stress reduction training. To our 

knowledge, this is the largest study so far to investigate differences in LRTC between depressed 

patients and healthy controls, and the first to investigate effects of psychological interventions 

on this parameter. In line with previous research, our findings show significant aberrations in the 

temporal structure of spontaneous oscillatory brain activity in depressed patients as compared 
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to healthy controls, and extend previous research by indicating that such aberrations are likely 

to disappear as patients recover from the acute state of depression. 

Differences in LRTC between depressed patients and healthy control participants indicated more 

persistent LRTC in patients thus adding to the existing evidence indicating that depression is 

characterized by changes in the temporal dynamics of resting-state neuronal oscillations 

(Mumtaz et al., 2015). We surmise that increased LRTC in depression is reflective of a reduced 

ability to switch transiently between brain states, a deficit that may be related to the increased 

persistence of maladaptive thinking observed in depression. In contrast, the medium levels of 

LRTC in healthy subjects may reflect relatively faster switching between neuronal states, which 

should reduce the likelihood of being drawn for a long time into a given state. Interestingly, our 

findings in depressed patients contrast with what is observed in patients with schizophrenia 

(Nikulin et al., 2012), where LRTC were attenuated (compared to healthy subjects), potentially 

reflecting unusually fast changes in neuronal states, which may indicate tendencies towards 

disorganized thinking. 

Previous studies on LRTC in depression reported both, more persistent (e.g., Lee et al., 

2007), and more random (e.g., Linkenkaer-Hansen et al., 2005) temporal dynamics in depressive 

patients, suggesting reductions in adaptability of the neural system in depression that could be 

due either to rigidity or lack of associations. The reasons for these conflicting findings are unclear 

at this point although there are a number of factors with regard to which the studies differed. It 

is important, for example, to keep in mind that the current study was based on a sample of 

patients with a chronic or highly recurrent course of the disorder, where brain patterns 

characteristic of depression may have become more engrained and rigid over time. Patient 

samples for the other studies were not chosen based on any additional restrictions regarding the 

course of the disorder. Future research will have to investigate whether aberrations in LRTC are 

specific to particular aspects or types of depression and what the functional correlates of LRTC 

aberrations in depression are. With regard to methodological factors, it is noteworthy that the 

abovementioned studies differ with regard to the length of windows used for the recording of 

the EEG and the time scales to which the DFA analysis was applied. In the study by Linkenkaer-

Hansen et al. (2005), which found reduced LRTC in depression, the duration of the eyes-closed 
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period was 16 min while it was only 10 min in the present study. Longer duration of the eyes-

closed state might be associated with more sleepiness and as a result with more alterations in 

EEG and consequently less pronounced LRTC (Diaz et al., 2013). It is possible, therefore, that LRTC 

was affected by differences in the psychological states of subjects in the two studies. 

In this context it is also worth noting, that the effects were specifically observed in the 

theta frequency range. The amplitude of theta oscillations has previously been implicated in 

depression and has been closely linked to working memory and cognitive control in task-based 

EEG studies (Jensen and Tesche, 2002; Cavanagh and Frank, 2014; Gärtner et al., 2014). It is still 

unclear whether spontaneous theta fluctuations and their temporal structure during rest are 

related to such higher order cognitive functions. However, it is an interesting possibility that 

altered theta LRTC during rest might relate to processes affecting mechanisms of cognitive 

control in depressive patients. 

The results of the pre-to-post treatment analyses showed that aberrations in theta LRTC 

were reduced after treatment. In healthy controls resting state LRTC has been found to show 

relatively high temporal stability (Nikulin and Brismar, 2004) and there is preliminary evidence 

for the heritability of LRTC (Linkenkaer-Hansen et al., 2007). The current data are remarkable 

from this perspective as they provide an initial evidence that aberrations in LRTC in depressed 

patients are malleable. The fact that changes occurred after only brief interventions further 

supports the view that LRTC aberrations in depression predominantly represent a state rather 

than a trait characteristic. In both of the intervention groups LRTC in the theta frequency range 

was reduced to levels, which were comparable to those observed in healthy controls, thus 

indicating complete reversibility. In contrast to our expectations, there was no significant 

evidence that mindfulness meditation was especially successful in reducing aberrations in LRTC 

compared to our stress-reduction training that did not include a mental training component. 

Thus, it is not possible from the current results to clearly attribute the observed LRTC changes to 

specific treatment effects, as we cannot rule out the influence of third factors. While there was 

some evidence for a relation between BDI-II score reduction and reduction of theta LRTC, this 

relation did not emerge in both groups, but was restricted to changes in electrodes that were 
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specifically affected by the mindfulness training, thus indicating a need for further exploration of 

correlates of change. 

In interpreting the current findings, it is important to keep in mind that our study used only 

minimal interventions. Standard mindfulness trainings consist of 8 weeks of intensive training as 

compared to the 2 weeks of our intervention, and many of the findings demonstrating effects of 

meditation training on brain functioning are based on even longer trainings or investigations of 

expert meditators (Tang et al., 2015). Clinical interventions in acutely depressed patients tend to 

produce strong effects at the early stages of the interventions, a phenomenon that is referred to 

as early gains (Hayes et al., 2005), and it is possible that the strong reductions in symptoms 

observed in our study might have overshadowed more specific effects that resulted from the 

mental training. 

A preliminary indication for differential treatment effects comes from our finding that 

indicated topographic differences between the two treatment groups. In the stress-reduction 

group, theta LRTC were mainly attenuated at electrodes close to the midline. The strongest effect 

was observed at parietal midline electrodes, but the effect was also evident for frontal midline 

electrodes. In the mindfulness treatment group a different topographic distribution was 

observed. Theta LRTC reductions in this group were mainly located at left and right central 

electrodes, and at left temporal electrodes. However, it has to be noted that direct comparison 

of the two groups only revealed a marginally significant cluster located at posterior midline 

electrodes, which indicated stronger reduction of theta LRTC in the stress-reduction group in 

these electrode locations. The relatively small number of electrodes used in this study, the 

relatively low spatial resolution of EEG recordings in general, and the applied cluster statistic that 

requires electrodes to be neighbors, might have obscured additional topographic differences 

between groups. Nevertheless, we think that very different topographic LRTC distribution 

between the groups should be taken into account for further investigation of treatment effects, 

considering that the reduction of depressive symptoms and attenuation of the temporal 

dynamics might depend on the location of the effect. This can be addressed in the future using 

larger numbers of electrodes in combination with source localization techniques in order to 

better understand the functional significance of such differences in topographical patterns. 
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Conclusion 

Altogether, the current results provide further evidence for aberrations of LRTC in depression 

and add to the current evidence by showing that these aberrations can be modified over 

relatively brief periods of time. Further research will have to delineate the functional significance 

of LRTC in psychological terms, and explore effects of mindfulness training on temporal neuronal 

dynamics using more extensive training programs in order to test whether they might reduce the 

likelihood of aberrations to recur. 
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Chapter 7 

Discussion 
 

This thesis aimed at answering the question whether brain dynamics and cognitive performance 

show critical behavior and whether these are affected by mind wandering, mental health, 

training and mood. I applied concepts derived from criticality physics to real-life neuro-cognitive 

topics. More specifically, I combined the foundations of the theory of critical brain dynamics with 

the investigation of mind wandering, the behavioral and neural dynamics of switching attention, 

perception, and meditation. 

In line with the theory of self-organized criticality and mounting evidence that neuronal 

systems operate close to a state characterized by critical dynamics (for review, see Hardstone et 

al., 2012). This dynamic state is characterized by a rich repertoire of spatio-temporal patterns of 

cell assemblies, with functional importance as it enables complex information processing. We 

showed that the integrity of neuronal activity across many time scales were modified according 

to demands. Changes were also measurable in behaviour during attention, bi-stable visual 

perception, and meditation tasks.  

 

The main questions examined in this thesis were: 

Can we observe critical dynamics in behavior and are these related to mind wandering, mood 

and performance? 

In Chapter 2, we used the working model that attention is naturally fluctuating between internal 

and external sources of information. Translating these fluctuation into a single time series, 

representing the fluctuations over time from internal to external focus, we measured its 

dynamics by randomly probing and relating them to reaction-time performance. We found that 

trial-to-trial variability in reaction times exhibit long-range temporal correlations in agreement 

with the criticality hypothesis. The fastest responders were the subjects with the weakest long-

range temporal correlations in reaction-time fluctuations. This shows that there is significant 

information in the variability of responses: They did not occur ‘at random’ but are temporally 
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correlated and behaviorally meaningful as they have a direct relationship to performance and 

performance decrement. Information that would have been lost using traditional analysis of 

central tendency such as average reaction times. Interestingly, these reaction times became 

more “patterned” when healthy volunteers had been subjected to a negative mood induction. In 

the mind wandering task, we also found that distracting thoughts indeed occurred in highly 

nonrandom sequences, with more mind wandering related to increased LRTC, meaning periods 

of absent-mindedness also do not occur at random but are temporally correlated.  

 

Are critical brain dynamics related to attention performance?  

In Chapter 3, we went one step further and measured the brain activity during an attention task. 

Here, the neural correlates of sustained attention were recorded in healthy volunteers using 

electroencephalography (EEG) during eyes-closed rest and during a sustained attention task. We 

hypothesized that a healthy attention system operates near a critical state. A key prediction 

derived from this hypothesis is that external/internal transitions in attention occur 

spontaneously and that these dynamics are characterized by long-range temporal correlations. 

We found that ‘resting-state criticality’ of neuronal networks predicted swift behavioral 

responses in the sensorimotor attention task, with high LRTC on motor-areas being related to 

better performance. During the task, on the other hand, the steady attentive processing of visual 

stimuli was facilitated by brain dynamics with suppressed temporal complexity. This shows that 

the ability to focus attention is also reflected at the level of brain dynamics: the more people 

succeed in suppressing complex fluctuations in brain oscillations during the task, the better they 

perform.  This finding is in line with the observation that the human heartbeat also has the 

highest complex variability during rest and shows an adaptation response (decrease in variability) 

to a task such as running (Goldberger & West, 1987, Goldberger et al., 2006). 

 

Does this complexity in brain activity influence perception? 

In Chapter 4, a different type of attention task was used, namely a bi-stable perception task. In 

bi-stable illusions, the percept switches spontaneously between two mutually exclusive 

interpretations of a constant stimulus. Ongoing brain dynamics have been proposed to act as 
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“neuronal noise” that initiates spontaneous switches. Using EEG, we tested if the neuronal 

dynamics are related to the rate of switching in percepts and found that a lower number of 

switches was associated with stronger task-related LRTC of alpha oscillations, suggesting that the 

neuronal LRTC also have a stabilizing effect on perception. 

 

Does mental training affect the temporal structure of brain activity? 

In Chapter 5, we investigated whether spontaneous neuronal complexity also was influenced 

without an external overt visual task, but solely by mental training. FA meditation is the process 

of sustained non-distraction to the present experience and, therefore, acts to oppose the onset 

of mind wandering and the naturally ‘fluctuating’ mind. Further, meta-awareness is trained to 

notice the emergence of intruding thoughts and subsequently to switch back to a chosen point 

of focus quicker, leading to a more stable percept. Using EEG, we tested if this subjectively 

perceived mental stability is reflected in changes in neuronal dynamics. In experienced 

meditators, the temporal complexity of brain-activity fluctuations was strongly suppressed, and 

related to trait absorption, whereas the meditation-naïve healthy volunteers were unable to 

achieve this brain state when given the same instruction to focus on their breath. Strikingly, a 

sustained practice over a period of a year also affected normal waking brain dynamics as reflected 

in increased LRTC during an eyes-closed rest state, indicating that brain dynamics were altered 

beyond the momentary meditative state.  

 

Does depression affect the temporal structure of brain activity, and does mental training affect 

this structure and depression symptoms? 

In Chapter 6, we followed up on the observation that mental health problems have an influence 

on brain resting state activity. We therefore measured if depression alters the temporal structure 

of brain activity compared to controls. EEG during eyes-closed rest in depressed patients and 

healthy controls was recorded, and the temporal dynamics in depressed patients at baseline, and 

after attending either a brief mindfulness training or a stress reduction training was investigated. 

LRTC in the theta band were higher in the depressed patients than in controls. Participating in 

both interventions reduced LRTC, although at different scalp locations. Further, in the 
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mindfulness group a positive relationship between the reduction in LRTC and changes in 

depressive symptoms was observed. 

 

 

7.1 General discussion 
 

This research was in line with efforts acknowledging the significance of the fluctuations or ‘idling’ 

in spontaneous brain activity which is making up 95% of the brain’s global metabolism (Clarke & 

Sokoloff, 1999). We showed that these ‘unstructured’ spontaneous fluctuations, both during 

resting state and task activity, can be quantified and have behavioral significance and even 

predictive value. This work adds to the growing number of empirical studies highlighting the 

importance of critical dynamics for optimal brain functioning.  

Our results make sense in line of the arguments for the functional significance of critical 

dynamics in the networks: As many natural phenomena display critical features (Beggs & Plenz, 

2003), for the resting brain to display near critical features is pointing towards an adapted 

response to the multitude of possible demands from the environment, and is giving it the 

greatest flexibility to change in adaptation. Indeed, alteration in these scale-free dynamics of 

oscillations are observable in brain disorders, including depression (Linkenkaer-Hansen et al., 

2005, Gärtner et al., 2017); Alzheimer (Montez et al., 2009); epilepsy (Monto et al., 2007); 

Parkinson’s (Hohlefeld et al., 2012), and autism (Lai et al., 2010). 

 Further, the human attention system combines two seemingly opposing functional 

properties: the ability to stay focused for a sustained period of time and rapid switching in 

response to changing internal or external demands. This is conceptually similar to the properties 

of dynamical systems operating near a critical state in which metastable patterns form and 

rapidly dissolve upon perturbations (Deco et al., 2013; Linkenkaer-Hansen et al., 2001; Singer, 

2013; Tognoli & Kelso, 2014). A system operating near criticality is poised between ordered (sub-

critical) and disordered (super-critical) states, optimally combining the ability to form patterns 

while also responding swiftly to input. Indeed, critical-state dynamics has been related to optimal 

information processing (Shew & Plenz, 2013) and capacity (Shew et al., 2009), high robustness 
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against perturbations (Hahn et al., 2010), and largest dynamic range in sensory processing 

(Gautam et al., 2015; Kinouchi & Copelli, 2006). In a supercritical state, the brain would be in a 

state of hyperarousal, whereas in a subcritical state propagation of neuronal activation is 

suppressed. A reduction in LRTC indicates less autocorrelations and, therefore, less influence of 

past dynamics on the present (Eke et al., 2002; Mandelbrot & Van Ness, 1968), suggesting less 

distractions on the task at hand, for example the mind wandering off the task. Further, it has 

been argued that less temporal redundancy leads to more efficiency in processing (He, 2011), 

perhaps enhancing the conscious experience of the object of focus, therefore possibly allowing 

for faster recognition of deviant features and subsequent quicker response in attention tasks. 

 Additionally, having the critical state acting as an attractor for the dynamics may help 

prevent that the activity gets trapped in the non-optimal regimes of high or low activity for too 

long, as the system will always seek back to this more critical organization, naturally disengaging 

from the current state of consciousness or behaviour. While this prevents being trapped in a low-

dimensional attractor state for too long, it seems not optimal for continuous focused attention. 

In fact, the inability of people to prevent the brain from automatically returning to a more critical 

state results in distraction and lapses in narrowly-focussed attention tasks. In line with this, we 

observed that in undisturbed resting conditions the dynamics approach the increasing complexity 

associated with criticality, while the scaling exponent decreased during successful focus in tasks.   

From a dynamic perspective, it is very intriguing that there seems to be even more to this 

ability to shift. We showed that regular meditation practice resulted in a dichotomy of increased 

LRTC during resting state, while at the same time it enhanced the ability to create a state of 

reduced LRTC during focussed attention meditation. So, it is not only possible to shift the 

dynamical state, but also it is possible to increase the dynamical range of neuronal oscillations. 

This is opening room for discussion if not only a ‘higher’ or ‘lower’ scaling exponent is more 

beneficial, but that the key possibly lies in the available range of probable adaptations to the 

current demands.   
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7.2 Open questions/ outlook 
 

There are open questions about the exact neuronal mechanisms causing the change in LRTC 

during task performance. We speculate that the target mechanisms are neuromodulators, 

specifically ones which have been shown to influence global neuronal fluctuations by balancing 

the excitation/inhibition ratio within the signal, as a driving force. Therefore, in future research 

the influence of for example serotonin (as a modulator toward excitability) or GABA (as a 

modulator towards inhibition) on the system could be measured. Very recent work shows that 

pharmacological neuromodulation indeed can shift the E/I balance and the associated LRTC of 

ongoing oscillations (Pfeffer et al., 2018).  

Further, brain imaging techniques such as fMRI could be used to check for deep brain 

activation for example in the thalamus as a driver for widespread changes in cortical stability 

usually in the form of slow underlying oscillations, typically visible in central scalp locations. Or 

the cingulate cortex, as it is exhibiting complex interactions across the whole brain, including 

attentional networks and, therefore, tuning the meta-stability of the system according to 

demands.  

And last, the question which is burning on many meditation researcher’s hearts: If there 

is a difference between the different meditations styles, for example between focussed attention 

and open awareness meditation. This research we will most certainly see in the near future.  

 

7.3 Conclusion implications 
 

Together, our research has indicated that the proposed measurement of complex fluctuations in 

behavior and brain activity offers a reliable biomarker to quantify states of attentional focus, 

meditation and mood, suggesting that these measures could fruitfully be included in future 

studies aiming to monitor the effects of (non-pharmaceutical) intervention and mental training 

on our brain.    
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Summary 
 

Interruption of attentional focus by task-unrelated thoughts is a frequent, spontaneous and 

intermittent phenomenon known as “mind wandering”, which has the potential to impair 

learning, behavior, and emotional regulation. Until recently, the quantitative temporal 

dynamics—and its underlying neural correlates—were not known. We hypothesized that mind 

wandering and the underlying neuronal systems can be understood within the framework of so-

called “critical dynamics”—a quantitative framework for understanding fluctuations in complex 

systems. We applied analytical tools from criticality theory in combination with attention tasks 

and mental training to understand the dynamics of attention and mind wandering in healthy 

volunteers, expert meditators, and in patients with major depressive disorder.  

Behaviorally, we found that distracting thoughts indeed occurred in highly nonrandom 

sequences and that the temporal structure of these interruptions became more “patterned” 

when healthy volunteers had been subjected to a negative mood induction. The ability to focus 

attention was also reflected at the level of brain dynamics: the more people succeed in 

suppressing complex fluctuations in brain oscillations, the better they perform. Interestingly, a 

related phenomenon was observed during so-called focused attention meditation: experienced 

meditators strongly suppressed the temporal complexity of brain-activity fluctuations, whereas 

meditation-naïve healthy volunteers were unable to achieve this brain state when given the same 

instruction to focus on their breath. Further, we showed that these brain dynamics are subjective 

to changes after prolonged meditation practice in healthy volunteers, and also in depressed 

patients after an intervention.  Last, we showed that temporal dynamics in neuronal oscillations 

are not only important for attention, but also for perception as we observed that task-related 

neuronal dynamics are related to the perception during a bi-stable visual experiment.  

Together, our research has indicated that the proposed measurement of complex 

fluctuations in behavior and brain activity offer a reliable biomarker to quantify states of 

attentional focus, meditation, mood and visual perception suggesting that these measures could 

fruitfully be included in future studies for example aiming to monitor the effects of (non-

pharmaceutical) intervention and mental training on our brain. 
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Samenvatting (Dutch Summary) 
 

Onderbreking van onze aandacht door willekeurige gedachten gebeurt vaak en spontaan. In 

gedachten ‘afdwalen' of wegdromen kan ons gedrag en emotionele regulatie belemmeren. Tot 

voor kort was de temporele dynamiek ervan — en de onderliggende neurale correlaten — niet 

bekend. We veronderstelden dat het wegdromen en de onderliggende neuronale systemen 

begrepen kunnen worden in het kader van de zogenaamde "kritische dynamica" — een 

kwantitatief raamwerk voor het begrijpen van fluctuaties in complexe systemen. We hebben 

analytische gereedschappen van kritische dynamica toegepast in combinatie met mentale 

training om de dynamiek van aandacht en wegdromen bij gezonde vrijwilligers, mediteerders en 

bij patiënten met depressieve stoornis te begrijpen. 

 Gedragsmatig vonden we dat afleidende gedachten in regelmatige sequenties 

voorkwamen en dat de temporele structuur van deze onderbrekingen meer "patroon" kreeg 

wanneer gezonde vrijwilligers onderworpen waren aan een negatieve stemming inductie. Het 

vermogen om aandacht te richten, te concentreren, was ook terug te zien in hersendynamica: 

hoe meer mensen erin slaagden complexe fluctuaties in hersenoscillaties te onderdrukken, hoe 

beter ze presteerden. Interessant genoeg werd een vergelijkbaar fenomeen waargenomen 

tijdens de zogenaamde gerichte aandachtmeditatie: ervaren mediteerders onderdrukten sterk 

de temporale complexiteit van hersenactiviteitfluctuaties, terwijl meditatie-naïeve gezonde 

vrijwilligers deze hersentoestand niet konden bereiken, hoewel ze dezelfde instructie kregen om 

zich te concentreren op hun adem. Verder vonden we dat deze hersendynamiek beïnvloed kon 

worden met meditatie-oefeningen door gezonde vrijwilligers en depressieve patiënten na een 

interventie. Tenslotte vonden we dat temporele dynamiek in neuronale oscillaties niet alleen 

belangrijk is voor aandacht en concentratie, maar ook voor perceptie, aangezien we hebben 

waargenomen dat taak gerelateerde neuronale dynamieken gerelateerd zijn aan de waarneming 

tijdens een bi-stabiel visueel experiment. 

 Ons onderzoek heeft aangetoond dat complexe fluctuaties in gedrag en 

hersenactiviteit een betrouwbare biomarker zijn voor het kwantificeren van toestanden van 

aandacht, meditatie, stemming en visuele perceptie, wat suggereert dat deze parameters met 
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succes kunnen worden opgenomen in toekomstige studies, bijvoorbeeld gericht op de effecten 

van (niet-farmaceutische) interventie en mentale training op onze hersenen. 
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