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Encoding and retention of information in memory are associated
with a sustained increase in the amplitude of neuronal oscillations
for up to several seconds. We reasoned that coordination of
oscillatory activity over time might be important for memory and,
therefore, that the amplitude modulation of oscillations may be
abnormal in Alzheimer disease (AD). To test this hypothesis, we
measured magnetoencephalography (MEG) during eyes-closed
rest in 19 patients diagnosed with early-stage AD and 16 age-
matched control subjects and characterized the autocorrelation
structure of ongoing oscillations using detrended fluctuation anal-
ysis and an analysis of the life- and waiting-time statistics of
oscillation bursts. We found that Alzheimer’s patients had a
strongly reduced incidence of alpha-band oscillation bursts with
long life- or waiting-times (< 1 s) over temporo-parietal regions
and markedly weaker autocorrelations on long time scales (1–25
seconds). Interestingly, the life- and waiting-times of theta oscil-
lations over medial prefrontal regions were greatly increased.
Whereas both temporo-parietal alpha and medial prefrontal theta
oscillations are associated with retrieval and retention of informa-
tion, metabolic and structural deficits in early-stage AD are ob-
served primarily in temporo-parietal areas, suggesting that the
enhanced oscillations in medial prefrontal cortex reflect a com-
pensatory mechanism. Together, our results suggest that ampli-
tude modulation of neuronal oscillations is important for cognition
and that indices of amplitude dynamics of oscillations may prove
useful as neuroimaging biomarkers of early-stage AD.

Alzheimer’s disease � magnetoencephalography � neuronal oscillations �
resting-state brain activity � temporal correlations

Psychological and neuroimaging data suggest that the brain
performs many important functions during rest, such as

retrieval and manipulation of information in short-term mem-
ory, and problem-solving and planning (1, 2). These resting-state
functions may represent an essential aspect of human self-
awareness and are susceptible to impairment in brain-related
disorders including depression, schizophrenia, and dementia (3).

Neuroimaging has identified anatomical patterns of activity
that are remarkably consistent across resting-state experiments,
most notably in the precuneus, lateral parietal and medial
prefrontal cortices (4, 5). The existence of such a ‘‘resting-state
network’’ has been suggested to reflect a ‘‘default mode’’ of brain
operation in the absence of goal-directed behavior (6). Coordi-
nation of anatomically distributed activity during rest has been
studied extensively by computing correlations between neuronal
signals from different brain areas (Fig. 1). This approach has
revealed aberrant resting-state networks in Alzheimer disease
(AD) (7–9) and other disorders (4, 10, 11).

For cognitive processing, coordination of local brain activity
over time may be just as important as the coordination of
simultaneous activity in anatomically distinct brain regions and
may be reflected in the autocorrelation structure of the neuronal
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Fig. 1. The study of spatial and temporal dimensions of neuronal processing
requires different correlation analyses. Coordination of anatomically distrib-
uted activity (parallel processing) may be studied by computing correlations
between neuronal signals from different brain areas (Cross-correlations).
Many different algorithms have been used to detect and quantify the nature
of correlations in the spatial domain, e.g., coherence, phase-locking factors, or
synchronization likelihood. In contrast, coordination of brain activity over
time (serial processing) may be studied by computing autocorrelations in
neuronal signals within a single brain area (Autocorrelations). Serial process-
ing requires a sequence of causally related neuronal activities, which is likely
to give rise to correlations over time (temporal correlations), e.g., persistent
oscillatory activity as reflected in a slow amplitude modulation as it is studied
here. Thus, by studying autocorrelation properties we may learn more about
the mechanisms of attention and memory.
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signals (Fig. 1). Cognitive functions typically involve a series of
operations that require temporal coordination of neuronal ac-
tivity across many time scales (12, 13). This is true particularly
during rest where thoughts unfold on time scales of several
seconds and, thus, require ongoing mnemonic activity, such as
retrieval, retention, and manipulation of information (11), to
ensure continuity and integrity of conscious experiences (3).
Interestingly, working-memory studies have recently associated
encoding and retention of information with a sustained increase
in the oscillation amplitude for several seconds in multiple brain
areas and frequency bands, suggesting that a slow modulation of
oscillatory activity is an important systems-level mechanism of
mnemonic operations (14–16). It remains unknown, however,
whether amplitude modulation of local oscillatory activity is
impaired in a memory disorder like AD and, therefore, could
hold valuable diagnostic and prognostic information (4, 7). The
development of objective measures, or so-called ‘‘biomarkers,’’
that are sensitive to pathophysiological changes in AD is impor-
tant for our understanding of the disease, and may enhance our
ability to monitor disease progression and provide insights into
systems-level mechanisms of mnemonic abilities.

We measured ongoing activity with whole-scalp magnetoen-
cephalography (MEG) in patients diagnosed with early-stage
AD and in age-matched control subjects. We quantified the
temporal structure of oscillations on short-to-intermediate time
scales (� �1 s) using cumulative distribution functions of the
life- and waiting-times of oscillation bursts. The autocorrelation
structure of amplitude fluctuations in ongoing oscillations on
long time scales (1–25 s) was characterized using detrended
fluctuation analysis (DFA). Our results point to an aberrant
autocorrelation structure of temporo-parietal alpha oscillation
and medial prefrontal theta activity in early-stage AD.

Results
We measured ongoing activity during eyes-closed rest in patients
diagnosed with early-stage AD (n � 19) and in age-matched
control subjects (n � 16) using a 151-channel MEG system. The
amplitude envelope of oscillations in the delta, theta, alpha,
beta, and gamma bands was extracted using bandpass filters and
the Hilbert transform (Fig. 2A and B) (see Materials and
Methods). Spectral analysis in the occipito-parietal region re-
vealed that the AD patients had peak frequencies in the range
of 6.3–10.0 Hz, which was lower than the age-matched control
subjects (7.1–10.7 Hz, P � 0.05, two-tailed t test [Fig. S1 A and
B)]. This is in agreement with the well-known slowing of the
alpha rhythm in AD (17–19). Thus, to avoid confounding
frequency and amplitude effects, we defined the alpha-
frequency band to be 6–13 Hz.

To test our hypothesis that the amplitude modulation of local
oscillatory activity holds information about pathophysiological
changes in early-stage AD, we adopted an ‘‘avalanche analysis’’
from the study of critical phenomena to characterize amplitude
fluctuations on short to intermediate time scales (� 1 s) (20, 21).
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Fig. 2. Three biomarkers for characterizing the amplitude fluctuations of
neuronal oscillations. To characterize the amplitude dynamics of ongoing
alpha oscillations, the MEG signals were band-pass filtered from 6–13 Hz (thin
green line) and the amplitude envelope of the oscillations (thick blue line)
extracted with the Hilbert transform (A, B). Non-random fluctuations are
qualitatively identified as a tendency for oscillations to exhibit amplitude
modulations on multiple time scales, as seen in the control subject (C), as
opposed to rapidly changing amplitude levels even on short time scales, as
seen in the AD patient (D) and the MEG recording without a subject in the
device (E). To quantify differences in amplitude dynamics of oscillations on
short to intermediate time scales (� 1 s), we introduced a threshold at the
median amplitude (horizontal dashed line in A) and defined the beginning
and the end of an oscillation burst as the time points of crossing this threshold.
An inherent persistence in the amplitude dynamics on short time scale was
reflected in probability distributions of oscillation-burst ‘‘life-times’’ and
‘‘waiting-times’’ that exhibited power-law–like decays as indicated by the
least-squares fit in the double logarithmic plot (F, G, straight blue line),
compared with the exponential fit (F, G, dashed line). The probability

distributions, however, did not have a sufficiently wide dynamic range to
make statistical conclusions about which mathematical function best de-
scribed the distributions. Instead, we used the 95th percentile of the cumula-
tive probability distributions as an index that captures the fat tail in the
distribution of ‘‘life-times’’ (H) and ‘‘waiting-times’’ (I) for the AD patient
(thick red line) and control (thin blue line). The DFA exponent provides a
quantitative index of the persistence of autocorrelations on longer time scales
(1–25 s) and is the slope of the least-square fitted lines in (J). The stronger
autocorrelations in the control subject (J, blue circles) compared with the AD
patient (J, red diamonds) is reflected in a DFA exponent closer to 1 (0.81 vs.
0.58). The lack of temporal correlations in (E) is reflected in the DFA exponent
having the value of �0.5, which is characteristic of an uncorrelated random
process (J, black dots). All data were taken from a parietal channel.
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We quantified the time periods that oscillations were above and
below the median amplitude level in individual channels. These
periods are termed oscillation life- and waiting-times, respec-
tively (Fig. 2 A, see Materials and Methods). Visual inspection
suggested that the life- and waiting-time probability distributions
for the alpha band decayed slowly compared to those of tem-
porally uncorrelated signals that were filtered and analyzed
identically to the MEG signals (Fig. 2F and G; for grand averages
see Fig. S1 C and D). We computed the cumulative probability
distributions and extracted the 95th percentile as an index of the
probability of oscillations to have long life- or waiting-times in a
given location and frequency band (Fig. 2H and I; for grand
averages see Fig. S1 E and F). These indices are termed ‘‘life- and
waiting-time biomarkers.’’ We used DFA to quantify the auto-
correlation structure on time scales corresponding to multiple

oscillation bursts (1–25 s, Fig. 2C–E and J; for grand averages see
Fig. S1G), because this algorithm has previously been shown to
robustly estimate the strength of long-range temporal correla-
tions (22, 23).

The life-time biomarker revealed a lower incidence of long
alpha-oscillation bursts over temporo-parietal regions in the
patients with 95th percentiles at 446 � 19 ms in AD and 546 �
25 ms in controls (Fig. 3A; P � 0.005, see Materials and Methods).
This was contrasted by long-lasting theta bursts over medial
prefrontal regions in the patients with 95th percentiles at 816 �
19 ms in AD compared with 746 � 14 ms in controls (Fig. 3B;
P � 0.005). Interestingly, the same group effects, and also with
very similar topographies, were observed with the waiting-time
biomarker: parietal alpha oscillations had shorter waiting-times
in AD (483 � 20 ms) than in controls (570 � 21 ms, Fig. 3C; P �

Fig. 3. Aberrant temporal structure of temporo-parietal alpha and medial prefrontal theta oscillations in AD. Grand-average topographies of biomarkers are
shown for AD patients (small left column), controls (small middle column), and controls minus patients (right column). Alpha oscillations (6–13 Hz) are shown
in the left panel (A, C, E, and G) and theta oscillations (4–5 Hz) on the right panel (B, D, F, and H). Individual-subject values for the patients (red diamonds) and
the controls (blue circles), and mean � SEM of the two groups were computed as the average over the channels marked with white circles in the difference
topography of a given biomarker. In (F) the channels marked in (B) were used, and in (G) the average was made across the 12 channels with the largest group
difference. White circles denote channels with P � 0.05 (open), and P � 0.01 (filled). Each row displays a biomarker: life-time (A, B), waiting-time (C, D), DFA
exponent (E, F), and mean amplitude (G, H).**, group difference at P � 0.005; ns (nonsignificant), P � 0.05 .
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0.005), whereas the reverse effect was observed for theta activity
mostly in frontal regions (waiting-times of 890 � 21 ms in AD
and 810 � 17 ms in controls; Fig. 3D; P � 0.005).

The DFA analysis showed that the lower persistence of
temporal correlations in temporo-parietal alpha oscillations in
the patients extended to time scales of multiple bursts (Fig. 3E,
DFA exponents 0.66 � 0.01 in AD and 0.72 � 0.01 in the control
group, P � 0.005), whereas medial prefrontal theta merely
exhibited a trend toward stronger correlations as observed on
short-to-intermediate time scales (Fig. 3F, DFA exponents
0.68 � 0.01 in AD and 0.65 � 0.02 in the control group, P �
0.16). Note that the MEG data were transformed to planar
synthetic gradiometers, which are maximally sensitive to neuro-
nal currents immediately below the sensor (see Materials and
Methods). The changes in amplitude dynamics are particularly
interesting in view of the lack of a group effect on mean
amplitude in the alpha band (Fig. 3G) and the difference in
topography between AD-associated increases in amplitude and
in life- and waiting-times in the theta band (Fig. 3B, D, and H).
Group differences in DFA, life- and waiting-time biomarkers
were not significant in the delta, beta, or gamma bands (Fig. S2
A–C); however, the control subjects had mean amplitudes that
were larger for parietal beta and smaller for left temporo-
parietal delta activity compared with those of the patients
(Fig. S2D).

The tendency of a signal to both stay elevated for relatively
long periods and to remain at low levels for long periods is
characteristic for a process that is correlated on long time scales
(24). It is not trivial, however, that temporal correlations on
short-to-intermediate time scales extend to longer time scales
(25). Pearson correlation analysis of life- and waiting-time
biomarkers vs. DFA revealed a significant linear correlation in
the theta band for both groups, but only a significant correlation
between the life-time biomarker and DFA in the alpha band
(Fig. S3).

Discussion
We have investigated the temporal pattern of ongoing MEG
activity at the level of individual sensors and identified an
aberrant autocorrelation structure of temporo-parietal alpha
and medial prefrontal theta oscillations in early-stage AD. These
brain regions have been implicated with mnemonic operations in
normal subjects and, especially the temporo-parietal regions,
exhibit structural, metabolic, and blood-flow deficits in AD.
Taken together with previous electrophysiological data pointing
to a sustained increase of parietal alpha and medial prefrontal
theta during encoding and retention of information (14–16), our
results suggest that amplitude modulation of neuronal oscilla-
tions may be important for memory and strongly affected by AD.

The DFA analysis of ongoing oscillations has previously been
shown to identify pathophysiological states with spectral and
anatomical specificity. In major depressive disorder, temporal
correlations were selectively attenuated in the theta band (12),
whereas abnormally strong correlations were found near the
seizure zone in epilepsy patients, primarily in the beta band (26,
27). Here, we identified a pattern of weaker autocorrelations in
alpha oscillations in AD, extending from the parietal region and
bilaterally toward the temporal lobes. The life- and waiting-time
analysis complemented the DFA in identifying a more random
autocorrelation structure of temporo-parietal alpha oscillations
on short to intermediate time scales in the patients. This is
particularly interesting in view of the insignificant effect of AD
on oscillation amplitude in the range of 6–13 Hz, suggesting that
the temporal structure is at least as important as the magnitude
of the oscillations as a marker of pathophysiology and, possibly,
for mnemonic operations. The topographies agree remarkably
well with previously identified anatomical regions expressing
Alzheimer’s associated pathologies based on reductions in blood

flow and metabolism during rest (28, 29), cortical atrophy (30),
and amyloid deposition (28).

Theta oscillations have also been implicated with working-
memory activity, especially in medial prefrontal regions (14, 15,
31), which are also part of the ‘‘default resting-state network’’
(6). Medial prefrontal cortex is also a prominent target of AD,
however, mostly in later stages (28–30). In fact, several studies
have provided evidence for an increased recruitment of frontal
regions, possibly to compensate for structural and functional
changes elsewhere in the brain [for a review, see (28)]. We
identified a prominent increase in short-to-intermediate time-
scale, autocorrelated activity in medial prefrontal theta activity
in the AD patients, which is in sharp contrast to the weaker
correlations in temporo-parietal alpha. In line with previous
neuroimaging studies, we speculate that the frontal increase
reflects a compensatory response to maintain memory perfor-
mance during the initial stages of disease.

It is increasingly being recognized that resting-state activity in
neurocognitive networks have a multiscale spatiotemporal struc-
ture (32–34). We have previously proposed that the amplitude
modulation of oscillations and their temporal correlations on
time scales of seconds to tens of seconds may be important for
the temporal integrity of cognition (12). Higher cognitive func-
tions, such as maintaining continuity of thoughts during rest,
require causal sequences of neuronal activity, which may give
rise to temporal correlations on multiple time scales. Interest-
ingly, psychological and fMRI studies have pointed to prominent
mnemonic activity during rest (1), and brain regions involved in
mnemonic tasks (28, 35) overlap considerably with those show-
ing high activity during rest (4). Thus, converging functional and
anatomical evidence suggests that autocorrelated amplitude
dynamics of temporo-parietal alpha oscillation and frontal theta
during rest may be implicated in mnemonic processing and,
therefore, not unexpectedly, affected in AD, as we have reported
here.

Memory is believed to depend on the functional connectivity
between different brain areas, and the cognitive symptoms of
AD have therefore been proposed to reflect a ‘‘disconnection
syndrome’’ (36). Indeed, there is considerable evidence pointing
to deficits in the functional connectivity (7–9, 37–39), which may
be related both to structural atrophy (28) and deficits in cho-
linergic or other neurotransmitter systems (18, 36, 40, 41).
Failures in any of the components of a large-scale circuit are
expected also to affect the temporal dynamics of local activity.
It is therefore plausible that the abnormally weak correlations in
alpha oscillations on time scales up to 25 s could in part be
attributed to a ‘‘disconnection’’ in a large-scale network.

Our comparison of patient and control groups has provided
fundamental insight into the pathophysiology of AD and indirect
evidence for a functional role of stable oscillations in memory.
In line with previously proposed neuroimaging biomarkers of
early-stage AD (7), however, we found an overlap between the
two subject groups. This is expected, because of the genetic
variability of biomarkers: e.g., a subject with a genetic back-
ground causing a high DFA exponent of parietal alpha oscilla-
tions may fall outside the distribution of exponents for healthy
subjects only in later stages of AD compared to a subject with a
genetic background associated with a lower DFA exponent (22).
In longitudinal studies, however, the heritability of biomarkers is
expected to increase specificity and statistical power. We there-
fore propose that longitudinal mapping of the temporal structure
of oscillations may prove valuable in preclinical trials aimed at
investigating the progression and treatment response of patients
with AD or other memory disorders (42).

Materials and Methods
Subjects. The study involved 19 patients [73.9 � 6.4 years (mean � standard
deviation); 11 males] with a diagnosis of probable AD according to the
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NINCDS-ADRDA criteria (43) and 16 healthy control subjects (70 � 6.2 years; 7
males), i.e., with no known brain-related disorder. Patients and control sub-
jects were recruited from the Alzheimer Center at the VU University Medical
Center. Subjects were assessed according to a clinical protocol, which involved
history taking, physical and neurological examination, blood tests, Mini–
Mental State Examination (MMSE; total number of points � 30) (44), neuro-
psychological tests, and EEG. The final diagnosis was based upon a consensus
meeting where all of the available clinical data and the results of the ancillary
investigations were considered. Mean MMSE of patients was 21.3 (range:
14–28). Five controls were tested with MMSE (mean score 29, range: 26–30).
Ten patients were taking cholinesterase inhibitors (7 patients were taking 24
mg/d galantamine and 3 patients were taking 12 mg/d rivastigmine. The same
patients and MEG recordings were used in the study of Stam et al. (9). The
study was approved by the Medical Ethical Committee of VU University
Medical Center, and all patients or their caregivers had given written in-
formed consent.

MEG Recording. Four minutes of data were acquired on a 151-channel MEG
system (CTF Systems) at 625 Hz and band-pass filtered from 0.25 to 125 Hz. The
subjects were comfortably seated and were instructed to close their eyes. The
same acquisition settings were used for an empty-room recording without a
subject in the MEG device to estimate the background noise of the laboratory.

Data Analysis. The recordings were down-sampled off-line to 125 Hz, high-
pass filtered at 1 Hz and low-pass filtered at 45 Hz, using finite impulse
response filters. The broadband data were visually inspected in segments of 5
seconds in the EEGLAB (45) data scroll viewer and segments containing
non-periodic artifacts were marked and omitted from the analysis. Indepen-
dent component analysis was performed with EEGLAB and components rep-
resenting ECG, eye movements, or muscular artifacts were removed. Bad
channels were repaired by replacing them with the average of their neigh-
bors, and planar synthetic gradiometers (for two orthogonal directions giving
300 synthetic sensors) were computed using the Fieldtrip toolbox (http://
www.ru.nl/fcdonders/fieldtrip/) and a method previously described (46). Pla-
nar synthetic gradiometers (for two orthogonal directions giving 300 syn-
thetic sensors) were computed (46). The planar gradient fields are typically
largest in magnitude directly above a given source (16, 46) and, therefore,
provide an interpretation of topographic distributions that is analogous to
projections of statistical maps onto the surface of the brain in PET and fMRI.
The amplitude envelope of the oscillations was extracted using bandpass
filters (finite impulse response filters with a Hamming window) and the
Hilbert transform (Fig. 2A and B). The following filter settings were used
(cut-off frequencies, filter order): delta (2–3 Hz, 251), theta (4–5 Hz, 63), alpha
(6–13 Hz, 28), beta (15–25 Hz, 28), and gamma (30–45 Hz, 13). The mean
oscillation amplitude was computed as the time-averaged amplitude
envelope.

For each synthetic sensor and subject, we computed the median amplitude
and used this as the threshold for defining the beginning and the end of an
oscillation burst. The periods of the amplitude envelope remaining above and
below this median level were termed life- and waiting-times, respectively (Fig.
2A). Probability distributions of life- and waiting-times were initially com-
puted using equidistant binning on a logarithmic axis with 10 bins per decade.
Based on visual inspection of probability distributions in the alpha band from
MEG channels in the parietal region, which have a high signal-to-noise ratio,
it was found that both subject groups had probability distributions that
decayed slowly compared to those of the empty-room recording or temporally
uncorrelated signals that were filtered and analyzed identically to the MEG

signals with a subject in the scanner (Fig. S1 C and D). We computed the
cumulative probability distributions and extracted the 95th percentile (Fig. 2H
and I; Fig. S1 E and F) as a quantitative index of the fat-tailed probability
distributions of life- and waiting-times in a given sensor location and fre-
quency band (Fig. 2F and G; Fig. S1 C and D). We refer to the 95th percentiles
as ‘‘life- and waiting-time biomarkers.’’ It is possible that the reported alter-
ation in the temporal dynamics of ongoing oscillations in the AD patients can
be detected also with other time series methods.

The threshold was based on local properties of the signal (the median in
individual sensors), because large differences in asynchronous background MEG
and, potentially, differences between sources and sensors make it impossible to
define an absolute threshold that can be used across all subjects and sensors. To
testwhetherourmainresultwassensitivetochanges intherelativethreshold,we
repeatedtheanalysis inthealphabandusingthresholdsof25%aboveandbelow
the median level (Fig. S4 A and B). These changes naturally affect the exact
estimates of individual oscillation-burst life-times, however, topographic differ-
ences between the patients and the control group were strikingly similar for the
three different thresholds (Fig. S4). In contrast, the use of an absolute threshold
(the median level in a parietal sensor from subject 1) resulted in the problem that
different subjects and different channels were considered to have no oscillations,
which makes it impossible to perform a statistical analysis of the two subject
groups.

The DFA was used to analyze the decay of temporal (auto)correlations in
the time range of 1–25 s, also known as long-range temporal correlations
(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 (47). 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 (22, 48). The main steps from the
broadband MEG signal to the quantification of LRTC using DFA have been
explained in detail elsewhere (23, 49, 50). In brief, the DFA measures the
scaling of the root-mean-square fluctuation of the integrated and linearly
detrended signals, F(t), as a function of time window size, t (Fig. 2 J and Fig.
S1G). The DFA exponent is the slope of the fluctuation function shown in Fig.
2 J. A larger DFA exponent in the interval of 0.5 to 1.0 indicates a greater
persistence of temporal correlations (stronger autocorrelations), whereas an
uncorrelated signal is characterized by an exponent of 0.5.

Statistical Analysis. The biomarker value in each channel was computed as the
average across the two orthogonal synthetic sensors. Two-tailed t-tests be-
tween patient and control groups were performed; P-values below 0.05 and
0.01 are indicated on topographic plots. A correction for multiple comparisons
was not necessary, because the number of channels with P-values below 0.05
ranged from 13 and 38 and the likelihood of having this many channels out of
150 by chance is less than 2% (cf. binomial distribution). Furthermore, the
channels were anatomically clustered in the topographic plots (Fig. 3). Bio-
marker values of patient and control groups are reported as mean � standard
error of mean (SEM) based on the average values across channels with P � 0.05
in the initial two-tailed t test. Group differences in these cross-channel means
were computed using the two-tailed t test.
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