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Quickly detecting and correctingmistakes is a crucial brain function. EEG studies have identified an idiosyncratic elec-
trophysiological signature of online error correction, termedmidfrontal theta. Midfrontal theta has so far been investi-
gated over the fast time-scale of a few hundredmilliseconds. But several aspects of behavior and brain activity unfold
over multiple time scales, displaying “scale-free” dynamics that have been linked to criticality and optimal flexibility
when responding to changing environmental demands. Here we used a novel line-tracking task to demonstrate that
midfrontal theta is a transient yet non-phase-locked response that is modulated by task performance over at least
three time scales: a few hundred milliseconds at the onset of a mistake, task performance over a fixed window of
the previous 5 s, and scale-free-like fluctuations over many tens of seconds. These findings provide novel evidence
for a role of midfrontal theta in online behavioral adaptation, and suggest new approaches for linking EEG signatures
of human executive functioning to its neurobiological underpinnings.
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Introduction

Biological and social success in a complex and rapidly changing
world requires the ability to monitor one's actions and engage fast but
effective adjustments to avoid or correctmistakes. The neural computa-
tions underlying action monitoring and how those computations are
implemented by neural circuits remain under-explored and largely
speculative (Cohen, 2014a). One promising finding is theta-band oscil-
lations (~6 Hz) in the medial prefrontal cortex observed during action
monitoring tasks, in particular, tasks that elicit conflict between multi-
ple competing responses (Cohen and Donner, 2013; Huster et al.,
2013; Nigbur et al., 2012; Oehrn et al., 2014). This action monitoring-
related increase in midfrontal theta is seen using a variety of experi-
mental tasks (e.g., Stroop, flankers, Simon), data analysis methods,
and spatial and temporal filters. It does not reflect band-pass filtering
an ERP or other non-oscillatory transient (Cohen and Donner, 2013). It
has high statistical power (N0.9 with 18 subjects) and correlates both
with single-trial performance (as measured through reaction times)
and with individual differences in the ability to adapt behavior after er-
rors or learning from negative feedback (Cohen, 2011; Nakao et al.,
2012). Some of these features have also been observed in non-human
animals (Narayanan et al., 2013; Womelsdorf et al., 2010). In order
words, midfrontal theta is a robust and sensitive marker for the recruit-
ment of the brain's action monitoring system.

Action monitoring-related midfrontal theta may provide a link be-
tween cognitive psychological studies of human decision-making and
in-vivo and in-vitro neurophysiology studies of oscillations in lower an-
imals and in computational models. Indeed, neural oscillations are evi-
dent across many spatial and temporal scales of the brain (Donner
and Siegel, 2011; Le Van Quyen et al., 2013; Varela et al., 2001), and
the underlying biophysical mechanisms of oscillations are increasingly
well-understood (Wang, 2010). Among other functions, oscillations
are thought to provide a temporal structure for local and long-range
neural communication in the brain (Akam and Kullmann, 2012;
Buzsáki and Moser, 2013; Fries, 2005).

Research on midfrontal theta has been performed exclusively using
discrete trial-based tasks that elicit midfrontal theta over the time-
scale of a few hundred milliseconds. It is unknown whether the phasic
nature of midfrontal theta is related to the phasic trials in computer-
based tasks, or whether this reflects the phasic nature of the neural
computations underlying action monitoring.

Furthermore, many aspects of behavior and brain activity occur over
multiple time-scales in a manner consistent with scale-free or fractal
dynamics (Kello et al., 2010). “Scale-free behavior” refers to time series
that lack a characteristic time-scale. Such behavior was initially ob-
served in physical systems like sand piles and Earthquake magnitudes.
The discovery that similar scaling laws are present in biological systems
including the human brain has led to ideas about shared fundamental
principles that may govern both physical and biological phenomena,
in particular as it relates to complexity and system stability. Debate re-
mains in the literature as to how precisely to quantify evidence for
scale-free organization, and further debate concerns whether a scale-
free organization has any functional significance (Beggs and Timme,
2012; Farrell et al., 2006). Indeed, even if the brain exhibits
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characteristics consistent with a scale-free organization, this organiza-
tion ismerely a curious epiphenomenon if it does not constrain or relate
to cognition or neural computations. However, increasing evidence sug-
gests that scaling properties of the brain are in fact relevant for brain
function: Scaling exponents are correlated, across subjects, with clinical
symptoms such as Alzheimer's disease severity (Montez et al., 2009),
and with performance in peri-threshold sensory detection tasks (Palva
et al., 2013) and memory tasks (Stokić et al., 2015).

A complex system (e.g., the brain) operating at or near a critical
point ismaximallyflexible and able to adjust its responses to various ex-
ternal demands (Chialvo, 2010; Linkenkaer-Hansen et al., 2001). Given
that midfrontal theta is consistently linked to rapid and flexible adjust-
ments of behavior, it seems natural towonderwhethermidfrontal theta
exhibits properties consistent with a scale-free system, or whether
midfrontal theta is modulated by scale-free properties in behavior.

The purpose of this study was to examinewhether error monitoring
and online action adjustments operate over a range of time scales con-
sistent with a scale-free-like organization; and if so, how such behavior
might be related to midfrontal theta. In particular, the main analyses
were focused on whether the phasic midfrontal theta activation to re-
sponse errors and their correction is related to temporal scaling proper-
ties of behavior. Exploratory analyses were also conducted to examine
how scaling exponents of neural oscillations were related to scaling ex-
ponents of behavior over a wider range of frequencies and topographi-
cal regions.

To study scale-free-like dynamics in behavior, the discrete trial ap-
proach that dominates empirical research in cognitive neuroscience
may be suboptimal. In part this is because neurocognitive processes
might be “reset” by the staccato nature of discrete-trial task designs,
and in part because neural processes may become entrained to the
task structure (typically around 0.5 to 1 Hz). These features might not
impede investigations into scale-free dynamics over long time-scales
(minutes to hours), but they impede understanding faster time-scale
dynamics, for example in the range of seconds to tens of seconds.
More relevant for studying cognitive control, action monitoring tasks
typically involve different trial types (e.g., incongruent vs. congruent tri-
als) that are pseudo-randomly intermixed, and this mixing may “reset”
or otherwise interferewith dynamics at time scales of seconds to tens of
seconds. Indeed, it is well-known that response conflicts and errors in
cognitive control tasks induce trial-sequence effects that affect behavior
for many seconds (Egner et al., 2010; Egner, 2007). Therefore, this re-
search involved developing a new experimental paradigm that might
be better suited for examining long-range temporal correlations in be-
havior and linking them to brain activity over multiple time scales.

Materials and methods

Human participants

Twenty-one right-handed healthy adults (12 females) participated
in this experiment, all with normal or corrected-to-normal vision. Age
ranged from 20 to 33 years (M=24.7; SD=3.3). Subjects were current
or former students from the University of Amsterdam. They gave in-
formed consent according to an ethics protocol approved by the ethics
committee at the department of psychology. Subjects were compen-
sated with course credits or a monetary reward of 10.50 Euros. Data
from two male participants were excluded from the analysis due to ex-
cessive EEG artifacts.

Experiment and behavioral data

In the continuous action adjustment task (programmed using Pre-
sentation software; neurobs.com), subjects were instructed to move a
disk on the computer screen in order to keep the disk on top of amoving
line (Fig. 1A). The diskwas centered on the screen and its y-axis position
was controlled using a trackpad. Whenever the disk did not touch the
line, its color would turn from green to red. The diameter of the disk ad-
justed to the level of performance, such that relatively poor perfor-
mance increased the disk diameter—thus making the tracking
easier—and vice-versa for better performance. An absolute minimum
radius of 6 pixels, and an absolutemaximum radius of 40 pixels,was im-
posed. The diameter of the disk reflected the subject's performance over
a fixed sliding window of 5 s; the more time the disk spent on/off the
line, the smaller/bigger the disk became. The purposes of this feature
were (1) to provide subjects with continuous visual feedback about
their performance over the past 5 s, and (2) to titrate task difficulty to
make sure that subjects made sufficient errors during the task. Subjects
were informed about the relationship between disk diameter and task
performance, and were thus able to use this as an indicator of their
short-term accuracy.

The task included two conditions,whichwere designed to facilitate a
proactive strategy (subjects could visually predict where the linewould
go) or a reactive strategy (subjects could not predict the line's
impending movements). These conditions are termed, respectively,
“wavey” and “flat.” In the wavey condition, the line moved in a smooth
fashion defined by the sum of several sine waves that varied randomly
but continuously over time. The effect of this manipulation was that it
was possible to predict when the center point (where the disk was po-
sitioned) would move up vs. down. In the flat condition, the line was
straight horizontal and moved up and down smoothly but with ran-
domly varying speed and unpredictable direction-reversals.

Subjects sat on a comfortable office chair, with their eyes approxi-
mately 90 cm from the 1024 × 768 19″ computer monitor (subjects
were instructed to remain still but were not physically restrained).
The track-padwas attached to the right armrest of the chair, via a velcro
strap that was adjusted for each subject's comfort. After receiving in-
structions, they practiced the task for about 15 min while the EEG cap
and electrodes were placed. The recording was conducted in a quiet,
dimly lit setting, and lasted about 48 min (12 blocks of 4 min each,
plus short self-paced breaks between blocks). Block condition alter-
nated, with the condition of the first block being chosen randomly.

The primary behavioral dependent measure was accuracy, defined
aswhether the linewas touching or not touching the disk. This accuracy
was coded as +1 (on the line) or −1 (off the line) at each monitor re-
fresh (60 Hz). Offline, these and other behavioral data were aligned
with the EEG datamarkers and up-sampled to 512Hz to facilitate direct
comparison with the EEG data.
EEG acquisition and preprocessing

EEG data were recorded from 64 sites according to the international
10–20 system, using Ag/AgCl surface electrodes of the Active-Two
BioSemi system (BioSemi, Amsterdam, The Netherlands) (see www.
biosemi.com for hardware details). Two additional electrodes were
placed on the earlobes, and four periocular electrodes were used for
the vertical and horizontal electro-oculogram (EOG). Electrode offsets
were kept below 50 KΩ and the signal was sampled at 512 Hz.

All processing and analysis steps were conducted in Matlab R2015a
using custom scripts and supplementedwith tools from the eeglab tool-
box (Delorme and Makeig, 2004). Continuous data were high-pass fil-
tered at 0.1 Hz and re-referenced to the average of the 64 scalp
electrodes. Manual rejection was used to identify and remove periods
of large EEG artifacts. Task events used for time-locking the epoched
data (transitions between correct and error) from two seconds before
artifacts until two seconds after artifacts were removed; this ensured
that peri-artifact EEG data were not used in the analyses. Independent
components analysis was computed, and components clearly identifi-
able as capturing oculomotor, heart-beat, electromyogram, or other
non-brain artifactswere removed; on average, 2.8 componentswere re-
moved per subject. EEG and behavioral data can be downloaded from
mikexcohen.com/data.

http://neurobs.com
http://www.biosemi.com
http://www.biosemi.com
http://mikexcohen.com/data
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Fig. 1. Overview of behavioral task and results. Panel A illustrates the two conditions: “Flat,” in which volunteer research participants tracked a line (using a mouse track-pad) as it slid
vertically on the screen; “wavey,” in which the line wiggled sinusoidally. The disk turn red when it fell off the line, and the diameter of the disk was proportional to average
performance over the previous five seconds. Each time point was categorized as “+1” when the disk was on the line or “−1” when the disk was off the line. The cumulative sum of
this performance time course (panel B) exhibited properties of self-similarity. This was quantified through demeaned fluctuation analysis (DMA) (panel C), in which the average root-
mean-square is computed as a function of window size, using data from the entire experiment (average of 47.06 min, standard deviation of 1.34). A linear fit in this log-log plot is
taken as evidence consistent with a scale-free system. Panel C shows an example result from one subject; the inset shows this scaling coefficient for all 19 subjects. (Panel D) To
determine an appropriate time window size for computing local scaling coefficients, the local DMA analysis was conducted using 20 to 200 s. Based on these results, a window size of
60 s was used for subsequent analyses.
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EEG analyses

Time-frequency decomposition was performed via complex Morlet
wavelet convolution, which is detailed elsewhere (Cohen, 2014b).
Forty frequencies between 1 and 80 Hzwere extracted from the contin-
uous data, using a logarithmically spaced number of cycles between 4
(at 1 Hz) and 12 (at 80 Hz). Continuous time series were epoched sur-
rounding each behavioral transition (correct to error, and error to cor-
rect). The average number of epochs per subject per condition was
1283.00, 1283.47, 750.16, 749.16 (standard deviation: 300.06, 300.03,
115.44, 116.88), corresponding to conditions wavey error, wavey cor-
rect, flat error, flat correct (see also Fig. 2). The number of error and cor-
rect epochs are necessarily nearly perfectly matched because each
correct epoch is the end of an error epoch, and vice-versa; slight differ-
ences resulted from epoch removal during data cleaning. Time-
frequency power was taken as the squared magnitude of the result of
complex convolution, and instantaneous phase angle was taken as the
argument of the complex result. Inter-trial phase clustering is computed
as the length of the average of the vectors at each time-frequency point
over trials.

Estimating global and local scaling exponents

The scaling exponent was computed using the demeaned fluctua-
tion analysis (DMA), which is comparable and, in some situations,
preferable to, detrended fluctuation analysis (DFA) (Jiang and Zhou,
2011; Shao et al., 2012). Nonetheless, the two methods provide very
similar results. The overall goal of DMA is to determine how themagni-
tude of time series fluctuations is related to the size of the timewindow
inwhich those fluctuations aremeasured. The primary dependentmea-
sure of DMA andDFA is the scaling exponent, whichmeasures the linear
fit between the logarithm of the fluctuations and the logarithm of the
time windows used to measure those fluctuations. Uncorrelated ran-
dom noise with no long-range “memory” will have a scaling exponent
of 0.5, while processes with long-range positive temporal autocorrela-
tions will have scaling exponents between 0.5 and 1. Procedures for
DMA and DFA are detailed in many other publications (e.g., Hardstone
et al., 2012; Ihlen, 2012) and briefly described here. First, the data
were de-meaned and integrated over time (as described below, the
raw EEG signal was not integrated; the power time series extracted
fromwavelet convolutionwas integrated). Next, for each of 20 logarith-
mically spaced scales between one and 400 s, the data were mean-
smoothed using a filter kernel whose length is the length of that scale
(filteringwas implemented via convolution). The residual of thefiltered
minus the pre-filtered signal is then cut into equally spaced epochs,
each with a length defined by that scale. The variance of each epoch is
computed as root-mean-square, and the average variance (“fluctua-
tions”) of all epochs is computed. Finally, a least-squares fit is computed
between the logarithm of these fluctuations and the logarithm of the
time scales. The slope of this fit is taken as the scaling exponent. DMA

Image of Fig. 1
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line) is the result of applying DMA to the surrounding 60 s of behavioral performance data (centered; see hashed gray line). The red circles indicate EEG events (disk color-changes,
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of the EEG data was computed based on the power time series at each
frequency band (see below for description of time-frequency decompo-
sition method) and at each channel.

Statistical significance of the overall DMA score was evaluated
against a null-hypothesis distribution of scaling exponents generated
from each subject's data. For each subject, twenty random behavioral
performance vectors were constructed by computing the average
length of the state durations, and generating new state sequences by
randomly selecting run lengths from around that average duration. Al-
though visually these new vectors appear qualitatively similar to the
empirical observations (see also Fig. S1), they do not contain long-
range autocorrelated processes. Significance was then evaluated as the
probability of the Z-normalized distance of the empirical observation re-
lated to the center of this distribution.

Linking behavior and EEG activity

In order to link the behavioral scaling exponent to phasic midfrontal
theta activity within-subjects, it was necessary to obtain a “localized
DMA.” This was obtained by computing the scaling coefficient over
shorter time windows centered on each time point (Fig. 2). There is a
trade-off here, with shorter windows providing better temporal preci-
sion for the EEG analyses, but poorer estimates of scaling behavior. To
determine the shortest temporalwindows thatwould provide stable es-
timates of local scaling exponents, a local DMA was applied using win-
dows ranging from 1–20 s to 1–200 s. Experiment-averaged local
scaling exponents appeared to stabilize at a 1–60 s range (Fig. 1D). Fur-
thermore, cross-subjects correlations between average local scaling ex-
ponents and the global (1–400 s) scaling exponents were statistically
significant for all windows after 1–40 s (similar results between Spear-
man and Pearson correlations imply linear relationships that are not in-
fluenced by outliers). Correlations among results from the different
local DMA windows were all strong, with many pair-wise correlations
above 0.9 (Fig. S2), indicating that the local DMA estimates are robust
to temporal window size. Temporal fluctuations in local DMA were
not observed when applying the analysis to shuffled data (Fig. 2). To-
gether, these results confirm that the local DMA is consistent with the
global DMA, and furthermore suggest that there are temporal dynamics
in local scaling behavior that are unique and missed by the global DMA
result.

The analyses shown in Figs. 7 and 9 were also performed using sev-
eral other time scale ranges (1–40 s, 5–60 s, 3–60 s), and the results
remained qualitatively the same and statistically significant. Outliers
in local DMA (defined as N2 standard deviations above the mean local
DMA) occurred when there were too few fast-scale events to estimate
fluctuations, and were removed from the analyses (results of this anal-
ysis remained statistically significant without removing outliers).

The following procedure was used to correlate the epoched EEG
time-frequency data with the behavioral data (local scaling exponent,
or disk diameter). First, a design matrix was created with the number
of rows corresponding to the number of data epochs, and five columns
corresponding to an intercept and a column for each of four conditions
(line vs. flat, error vs. correct). The entries in the columnswere the local
behavioral DMA, or the disk diameter, at the time point of the epoch
onset (time = 0 in Figs. 5–9). The condition regressors were then z-
normalized. The EEG data over epochs at each time-frequency point
were z-normalized and projected onto the design matrix as ATA\ATB,
where A is the design matrix, B is the data matrix, and the back-slash
is the Matlab least-squares solution to Ax = B, and is equivalent to
left-multiplying by the inverse. The solutions (beta values) were stored
for each time-frequency-electrode point, for each subject. Having all
conditions in the same design matrix ensures that potentially shared
variance was appropriately split.

EEG statistical evaluations

Statistics were performed via permutation-based tests, which have
the advantage of not making assumptions about data or parameter

Image of Fig. 2
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distributions, and also facilitate corrections for multiple comparisons
(Cohen, 2014b; Maris and Oostenveld, 2007). At each of 10,000 itera-
tions, the sign of the time-frequency plots (power, correlation with
disk diameter, correlation with local DMA) was flipped for a random
subset of subjects. This tests against the null hypothesis of zero power
change or correlation coefficient. Then, a t-test was performed at each
time-frequency pixel against zero. This provided a null-hypothesis dis-
tribution against which the observed results were compared at
p b 0.001. Multiple comparisons were controlled by extracting the size
of the largest supra-threshold cluster in each permutation, and
accepting only those clusters in the real data that were larger than
99.9% of this distribution (corresponding to a cluster threshold of
p b 0.001).

Results

Behavioral task and results

In the continuous action task, subjects used a mouse track-pad to
follow a line on the computer monitor. In different blocks, the line
was horizontal and moved up and down with fluctuating speed and
random direction reversals (“flat condition”), or the line was a
sinusoidal-like wave function that “waved” in addition to moving
up and down (“wavey condition”). The disk was colored green
while touching the line and red while off the line (respectively, cor-
rect and error) (Fig. 1A).

On average, subjects correctly tracked the line during 84.6%
(standard deviation: 6.47%) of the time for the wavey condition,
and 62.5% (standard deviation: 3.27%) of the time in the flat condi-
tion (t18 = 23.5, p b 0.001). This difference in performance confirms
that the task was significantly more difficult in the flat condition,
consistent with the intention of allowing proactive action monitor-
ing during thewavey condition and requiring reactive control during
the flat condition.

The cumulative sum of the binary behavior time series transforms
the data into an unbounded form (Fig. 1B). Qualitative inspection of
these time courses suggests self-similar dynamics over at least
three orders of magnitude. More formally, scale-free dynamics can
be assessed via detrended or demeaned fluctuation analysis (DMA),
in which the variance of the time series (root-mean-square) is com-
puted as a function of the time window of analysis (1–400 s for con-
sistency with previous studies). Scaling exponents N 0.5 are taken as
evidence consistent with a scale-free organization (Fig. 1C) (a scal-
ing exponent of 0.5 indicates a random process with no “memory”
or auto-correlated behavior). This average scaling exponent of all
19 subjects was 0.8233 (standard deviation 0.0245), which is in the
range of scaling exponents reported in previous investigations of
human task performance (Palva et al., 2013), and is statistically sig-
nificantly greater than the chance level of 0.5 (all individual subject
p's b 0.001), assessed via simulated performance runs drawn from
random distributions. These findings suggest that performance in
the continuous action adjustment task followed statistical character-
istics of a scale-free system with positive auto-correlated (“long-
term memory”) behavior.

Anothermethod to provide evidence for this task eliciting scale-free-
like behavior is to examine the distribution of time durations in each
state, where “state” refers to error vs. correct (off the line vs. on the
line) for the flat and wavey conditions. Histograms of these duration
distributions per condition and per subject were created using 100
bins. The group average plots in log-log space exhibited a 1/f-like de-
crease for all conditions (Fig. S3).

EEG results: overall characteristics

EEG scaling exponents were computed over the continuous dataset
(thus, over all conditions and noise-free break periods) for frequencies
from 2 to 80 Hz and for each electrode (Hardstone et al., 2012). These
findings suggest a rich landscape of long-range temporal correlations
in EEG oscillatory activity, with scale-free-like patterns emerging only
in some topographical regions and at some frequency ranges (Fig. 3).
Higher frequencies showed generally higher scaling exponents, sug-
gesting that broadband activity is more scale-free-like than lower-
frequency or frequency-specific activity. In fact, only in the alpha band
were local peaks in scaling exponents observed, consistent with previ-
ous reports that alpha oscillatory power exhibits long-range temporal
auto-correlated structure (Berthouze et al., 2010; Montez et al., 2009).
No peaks were observed in the theta band, suggesting that temporal
fluctuations in midfrontal theta do not exhibit long-range temporal au-
tocorrelations consistent with scale-free-like organization (note that
this does not imply that there was no theta activity; it merely shows
that temporal fluctuations in theta power did not exhibit scale-free-
like patterns).

EEG results: cross-subjects correlations

EEG scaling exponents were correlated with each subject's overall
behavior scaling coefficient at each frequency and at each electrode. Sta-
tistics were performed by treating the data as a 2D grid and using
permutation-based testing to control for multiple comparisons using
cluster-correction accounting for spatial-spectral autocorrelations.
When applying cluster-correction to control for multiple comparisons
over electrodes, no correlationswere statistically significant. The results
thresholded at anuncorrected level of p b 0.05 are shown in Fig. 4. These
weakly significantfindings do not lend themselves to a straight-forward
interpretation. They are included in the interest of completeness and
comparison with other studies (e.g., Palva et al., 2013), but are not fur-
ther discussed.

EEG results: time-frequency characteristics

Because midfrontal theta has not been characterized using continu-
ous action adjustment tasks, it is important to demonstrate that the EEG
results are qualitatively similar to those observed during traditional
discrete-trial cognitive control tasks. Thus, EEG data were analyzed in
an epoch-based manner to examine the fast-time-scale time-
frequency dynamics. Four epoch types were created for each subject,
corresponding to error and correct transitions for the two conditions.
Results indicate a typical pattern of midfrontal theta time-locked to
error onset (Fig. 5). Peak frequency was 7.56 Hz in both wavey error
and flat error conditions. Peak times were 200 ms for flat errors and
250 ms for wavey errors. This pattern of results is important because
it demonstrates that errors in this task evoke a pattern of EEG activity
that is comparable with those of mistakes in other classical discrete-
trial tasks (e.g., flankers task, Simon task, Stroop task). Significant
error-related modulations in the beta-band were also observed, though
only in the flat condition.

Inter-trial phase clustering analyses revealed little “phase reset” by
the condition onsets, and virtually no phase clustering in the theta
band (Fig. 6). In other words, the theta dynamics reflected amplitude-
modulations of ongoing rhythmic activity, as opposed to additive or
phase-aligned evoked responses. This finding is also consistent with
previous methodological investigations that have revealed little func-
tional importance of the phase-locked component of midfrontal theta
(Cohen and Donner, 2013), although other studies have highlighted
that the phase-locked component of error-related activitymay also pro-
vide some unique information (Munneke et al., 2015; Trujillo and Allen,
2007).

EEG results: within-subjects

The results so far demonstrate that behavioral performance during
online action adjustments is organized over a range of time scales



.6

.66

.72

.57

.60

.64

.55

.58

.61

.7

.85

.95

.66

.72

2-4 Hz 4-8 Hz 8-12 Hz

12-20 Hz 20-40 Hz

Frequency (Hz)
10 30 50 70

.6

.8

FC5
POz
CzS

ca
lin

g 
ex

po
ne

nt.78

Fig. 3.DMAwas computedon the continuouspower time series fromeach electrode for a range of frequencies. These topographicalmaps show the spatial distribution of scalingexponents
from different frequency ranges, with results from three electrodes highlighted in the lower-left panel.

267M.X. Cohen / NeuroImage 141 (2016) 262–272
from seconds to hundreds of seconds, and that neural signatures of task
performance are observed at a fast time-scale of a few hundred ms. Are
these multiscale dynamics related to each other? To address this ques-
tion, the temporally localized adaptation of the DMA was correlated
with the phasic EEG results using within-subjects regression analyses.
Note that in these analyses, the local scaling exponent time series was
generated from the behavioral data, not from the EEG data. This elimi-
nates any possible biases of temporal smoothing or of circular analyses
that could arise if the local DMAwas correlatedwith the samedata from
which it was estimated.
2-4 Hz 4-8 Hz

12-20 Hz 20-40 H

Fig. 4. The EEG scaling exponents shown in Fig. 3 were correlated across subjects with scalin
permutation testing and are displayed here. Black contours outline regions exceeding p b 0.05
dot in the lower-right panel is a subject.
The temporally localized behavioral scaling exponent was extracted
at each time = 0 point in the plots in Fig. 5 (in other words, each time
the subject initiated an error or a correction). Local scaling exponents
were then correlated with EEG time-frequency power over trials (Fig.
2). Results are presented in Fig. 7. In these plots, the color at each
time-frequency pixel corresponds to the subject-average correlation co-
efficient between power over epochs and the behavioral local scaling
exponent at the time of the color change. In the flat error condition,
there appears to be two significant regions around the theta band, one
in the classical theta band (4.8 to 9.4 Hz) and another in the upper
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Fig. 5. Each color-change of the disk (transitions between error and correct) was taken as a marker for cutting the EEG data into epochs (time = 0). Time-frequency decomposition was
applied to identify phasic neural responses to these transitions. Black contour lines outline regions in which power was statistically significantly different from “baseline,” defined as the
average over all epoched time points for both error and correct conditions (separately for wavey vs. flat conditions), p b 0.001, cluster-corrected. Time-frequency plots are shown from
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delta band (2.2 to 3.8 Hz). This distinction may reflect statistical
thresholding rather than truly distinct frequency components, so the
two blobs are interpreted as reflecting a single theta-band component
(indeed, there is only a single supra-threshold theta peak preceding cor-
rect responses). The peak time-frequency point was 6.76 Hz at 200 ms.
The time-frequency-topographical characteristics of this correlation
were similar to the overall theta power effect (i.e., compare the theta-
052- 0520

2

4

10

25
40

80

6

16

052- 0520

2

4

10

25
40

80

6

16

Time (ms)

F
re

qu
en

cy
 (

H
z)

0

+.3

IT
P

C

Flat error

Wavey error

Fig. 6. This figure highlights that the time-frequency power results in Fig. 5 were predominant
consistency over trials for each condition.
band activity in Fig. 7 with Fig. 5), suggesting that these correlations
may reflect behavioral modulations of the phasic theta dynamics
shown in Fig. 5.

Perhaps this correlation is due to the limited time range used for the
local DMA, such that the result simply reflects average task performance
over the previous few seconds. Fortunately, the disk diameter provided
a useful control analysis: disk diameter reflected the unweighted
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Fig. 7. The local DMA value at each epoch onset was correlated with power at each time-frequency point across trials (see Fig. 2 for an overview of this analysis method). Shown here are
the average correlation coefficients over subjects. Black contours indicate statistically significant coefficients at p b 0.001, cluster-corrected. The color scaling is the same for all time-
frequency plots, and scaled by 0.5 for the topographical maps.
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behavioral performance over a fixed time-scale of the 5 preceding sec-
onds (disk diameter was titrated according to the proportion of time
spent off the line). Therefore, disk diameter was used in the same
within-subjects correlation analysis that was used to link the local scal-
ing to EEG.

Interestingly, disk diameter was also significantly correlated with
theta-band power (Fig. 8), but with different temporal characteristics
compared to the correlations with local scaling exponents. The correla-
tions were observed in all conditions, and peaked earlier in time. A
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Fig. 8. The same analysis as in Fig. 7 was applied using the disk
comparison between the EEG-disk diameter and the EEG-local scaling
exponent correlations can be seen in Fig. 9. In this figure, the time-
courses of the correlation coefficients for each subject in the theta
band are shown (averaged from 3 to 8 Hz). The subject-average correla-
tion coefficient time course plots reveal the differential timing between
how action adjustment-relatedmidfrontal theta was related to local be-
havioral scaling vs. the disk-diameter. They also show that the within-
subjects correlations, though small in magnitude, are highly consistent
over subjects.
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Image of &INS id=
Image of Fig. 8


Time (ms) Time (ms) Time (ms)
-250 0 250 -250 0 250 -250 0 250

C
or

re
la

tio
n 

co
ef

fic
ie

nt

0

.1

.2

-.1

-.2

0

.1

.2

-.1

-.2

0

.02

.04

-.02

-.04

Scaling wavey
Scaling flat
Ball wavey
Ball flat

Local DMA-theta correlations Disk diameter-theta correlations Comparison of time courses

Each line is a subject Each line is a subject Subject-averaged

Fig. 9. These time courses are individual-subject correlation coefficients for the analyses shown in Figs. 7 and 8, averaged from 3 to 8 Hz. Importantly, the right-most panel disambiguates
the correlation time courses, illustrating that the theta-local DMA correlations are distinct from the theta-disk diameter correlations.

270 M.X. Cohen / NeuroImage 141 (2016) 262–272
Taken together, these findings suggest that the EEG-scaling-
exponent correlations are attributable to fluctuations in scaling expo-
nents in behavior over tens of seconds, and are not confounded by
fixed-time-scale performance indicators over 5 s. Indeed, it seems that
the midfrontal theta response—which so far has been studied only in
the phasic time-scale of hundreds of milliseconds—is sensitive to task
performance over multiple longer time scales.

Discussion

The relationship between human EEG activity and actionmonitoring
has been studied exclusively using one time scale: a few hundreds of
milliseconds between stimulus onset and manual response. Over the
past 25 years, this approach has led tomany important findings, includ-
ing the initial identification of a phasic event-related potential to re-
sponse conflict and errors, the observation of non-phase-locked
oscillations, large-scale cortico-cortical and cortico-subcortical synchro-
nization, and links to psychopathologies and clinical conditions includ-
ing obsessive-compulsive disorder and Parkinson's disease (Cavanagh
and Frank, 2014; Cavanagh and Shackman, n.d.; Cohen et al., 2008;
Gehring et al., 2012). The contribution of the present study is to demon-
strate that this phasic midfrontal theta-band response to action moni-
toring and error correction is modulated by behavioral dynamics over
a broad range of time scales spanning at least three orders ofmagnitude,
from hundreds of milliseconds to a few seconds to scale-free-like pat-
terns over several tens of seconds.

What are these slower and long-range temporally autocorrelated
processes, and what causes them? The answers to both questions are
uncertain. They may reflect a combination of fluctuations in task en-
gagement or sustained attention, and fluctuations in neurochemical
and hormonal release. Indeed, slow fluctuations in brain activity are
known to predict mistakes in attention tasks, in some cases several
tens of seconds before the error (Eichele et al., 2008; O'Connell et al.,
2009).

Scale-free-like dynamics in brain structure and function are taken as
evidence for the brain operating in a criticality regime (Beggs and Plenz,
2003; Linkenkaer-Hansen et al., 2001). Operating at a critical or near-
critical state may help maximize the flexibility to adapt to sudden
changes in the environment (Chialvo, 2010). On the other hand, the lit-
erature on midfrontal theta consistently demonstrates that midfrontal
theta is a signature of the rapid engagement of an adaptive system
that flexibly responds to errors or the possibility of errors (Cavanagh
and Frank, 2014; Cohen, 2014a; Gehring et al., 2012). The present
study is the first to link these two literatures by demonstrating that
the phasic brain response to errors and error corrections is modulated
by slow fluctuations in criticality as measured by task performance.

Computational modeling studies demonstrate that certain types of
neural network configurations can produce scale-free-like or self-
organized activity (Poil et al., 2012; Priesemann et al., 2014). On the
other hand, midfrontal theta power did not exhibit robust signatures
of scale-free-like activity. It is possible that midfrontal theta would ex-
hibit scale-free-like patterns during longer periods of rest (e.g., Euler
et al., 2016), and that the task engagement disrupts these long-range
temporal autocorrelations. Nonetheless, the absence of scale-free-like
organization of midfrontal theta makes the phasic theta modulation
by behavioral local scaling particularly interesting. It is tempting to
speculate that slower fluctuations in scale-free-like patterns provide a
backgroundmilieuwithinwhichphasic neural responses are computed.
Precisely what causes these fluctuations in backgroundmilieu and how
it affects the neural computations thatmanifest asmidfrontal theta is an
open question. But clearly it is not a simple matter of generic brain re-
sponses being yoked to behavioral temporal dynamics, because these
correlations were specific in time, frequency, space, and condition. In-
stead, it seems that thesemodulations are present primarilywhen reac-
tive control is needed.

Another important finding of this study is that the EEG responses to
errors and their corrections were broadly consistent with findings ob-
tained in typical cognitive control tasks. The effect sizes (in terms of
dB-normalized power) were generally smaller than in discrete-trial
tasks, but this should not be very surprising: Typical tasks have many
components at each trial onset, including orienting, attention, and
working memory (to recall the task instructions and learned rules).
This and other recent studies (Cavanagh and Castellanos, 2016) demon-
strate that the classic computerized tasks used in this field can be sup-
plemented by more real-world relevant tasks.

Furthermore, in most tasks that are used to study executive func-
tioning, errors are rare and thus elicit additional processes related to
novelty detection, arousal, and emotion (Notebaert et al., 2009;
Wessel et al., 2012). The present task avoids these additional factors
(for example, there were an equal number of error onsets and correc-
tions), and thus allows the findings to reflect more uncontaminated ac-
tion monitoring and adjustment properties. The topography of the
error-correct effect, however, was slightly more posterior than seen in
other studies, which tend to show maximal error-correct activity
around FCz. It is not immediately clearwhy the topography shifted pos-
terior, but this may be due to the strong motoric aspects of the present
task.

The theta dynamics were more apparent during the flat condition
compared to the wavey condition (Fig. 5). This matches the goal of the
manipulation, which was to force subjects to utilize a reactive control
strategy (flat condition, with unpredictable movements) or a proactive
control strategy (wavey condition,with predictablemovements). Previ-
ous studies have shown that frontal EEG responses are stronger, and
sometimes only observed, during trials that require reactive control
(Bartholow et al., 2005; Folstein and Van Petten, 2008). Furthermore,
action monitoring-related midfrontal theta appears to be particularly
sensitive to reactive control that is driven by visual-spatial properties,
such as in the “Simon task” (Leuthold, 2011), and in the present task.

What have we learned about midfrontal theta and response conflict
from this study? One of the important questions in this literature is
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whether midfrontal theta plays a meaningful role in the neural compu-
tations underlying action monitoring, and if so, what is the computa-
tional significance of theta? Recent evidence using rhythmic electrical
brain stimulation supports the idea that theta plays a causal role in
these processes (van Driel et al., 2015). Unfortunately, the present re-
sults provide no new insights into the possible causal role of the theta
rhythm in the neural computations underlying actionmonitoring. How-
ever, these results demonstrate thatmidfrontal theta is sensitive to sub-
tle fluctuations in behavior over multiple time-scales, which provides a
tighter link between the EEG signal and online action adjustments, be-
yond simple correlations with reaction times. Perhaps the most impor-
tant aspects of this study are forming a bridge between previously
disparate literatures on scale-free dynamics and action monitoring,
and demonstrating that phasic neural responses to cognitive-motor de-
mands are more sensitive than previously thought to larger and longer
ongoing behavioral state fluctuations. Slow fluctuations in meta-
stability and criticality seem to modulate the phasic computations that
underlie rapid online error corrections. Discovering why this is the
case may shed new light onto the functional significance and possible
clinical relevance of cognitive control-related midfrontal theta.
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