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General introduction

The problem: Diagnosing brain disorders

t has been estimated that the prevalence of brain disorders is 38% 
per year in Europe, and that only half of these patients receive pro-
fessional  help  (Nature  Editor,  2011;  Wittchen  et  al.,  2011).  This 

estimate may seem high, but it also covers a wide range of disorders 
from  anxiety  disorders  to  dementia.  In  Europe,  about  6.3  million 
patients  suffer  from  dementia  (Gustavsson  et  al.,  2011),  with 
Alzheimer's  disease  as  the  most  common  cause.  In  the  USA  the 
Alzheimer  Association  estimates  that  13.2  millions  people  will  suffer 
from Alzheimer's disease by 2050 (Alzheimer Association, USA, 2011). 
In general, brain disorders carry high personal and socio-economic con-
sequences.  Alzheimer's  disease is  one of the most costly  diseases in 
developed countries  (Meek et al., 1998), with total costs estimated to 
16.584 EUR per patient per year (Gustavsson et al., 2011). It has been 
estimated that if the onset of Alzheimer's disease could be delayed by 5 
years it would mean a 57% reduction in the number of patients, and a 
cost saving of $283 billions in health-care cost in the USA alone (Sper-
ling et al., 2011).

I

To achieve this, we obviously need to find efficient treatments. How-
ever, in the case of Alzheimer’s disease, early treatment intervention is 
hampered by the lack of diagnostic tools by which Alzheimer’s patients 
can be identified at an early stage. Therefore, we need to identify bio-
markers that can detect and monitor disease processes at an early stage 
to make proper treatment possible (Figure I.1). Promising biomarkers of 
Alzheimer's disease are MRI (magnetic resonance imaging) volumetric 
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markers, PET (positron emission tomography) fluorodexoyglucose, Pitts-
burgh compound B, and cerebrospinal fluid biomarkers. Subjective feel-
ings  of  a  patient  together  with  the  perception  of  relatives  are  also 
important (Tierney et al., 1996; Dartigues et al., 1997; Geerlings et al., 
1999; Jessen et al., 2010). 

A different approach, which is taken in this thesis, is to investigate 
whether signs of early stage cognitive decline and Alzheimer’s disease 
can be observed in electrical brain activity. The focus will be on biomark-
ers based on signals from electroencephalography (EEG) and magneto-
encephalography (MEG) measured in the classical eyes-closed rest con-
dition. 

The aim of this thesis is three-fold: It (1) aims to develop a  theory 
that unifies brain oscillations, neuronal avalanches, and long-range tem-
poral correlations in oscillations based on criticality. It (2) aims to show 
how this theory can be utilized to develop and understand novel neuro-
physiological  biomarkers of cognitive decline and Alzheimer's disease. 
Furthermore,  (3)  the  thesis  aims  to  advance  integrative  biomarker 
research, that is, how to extract more information from the combination 
of multiple biomarkers.

Figure I.1. It has been sugges-
ted that the build-up of amyloid 
plaques occurs long before clin-
ical  Alzheimer's  disease  symp-
toms  emerge.  If  biomarkers 
could identify these pre-clinical 
changes, it would be possible to 
develop therapies acting before 
major  brain  damage  has 
occurred.  Currently,  however, 
these therapies do not exist. 
Reprinted from (Sperling et al., 
2011),  with  permission  from 
Elsevier.

In this introduction, I will give an overview of the major causes of 
dementia, and the concept of a biomarker. I will  introduce the hypo-
thesis that the brain is a critical system, the “criticality hypothesis”, and 
how the theory of criticality can be used to develop biomarkers of the 
temporal dynamics of ongoing neuronal oscillations. Finally, I will bring 
forth the neurophysiological biomarker toolbox (NBT), a toolbox we have 
developed to provide scientists with better tools for biomarker research, 
and especially to facilitate integration of multiple biomarkers.
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Background: Alzheimer's disease and mild cognitive impairment

Background: Alzheimer's disease and mild 

cognitive impairment

Alzheimer's disease is the major cause of dementia. Alois Alzheimer 
was  the  first  to  describe  Alzheimer's  disease  in  1906  in  his  patient 
Auguste D., whose mental state progressively deteriorated  (Alzheimer, 
1911). He observed post-mortem changes now known as Amyloid Beta 
42  (Aβ42)  depositions  and  tangles.  These  have  become  the  golden 
standard of post-mortem Alzheimer's disease diagnosis (Blennow et al., 
2006; Herrup, 2010).

The first cognitive function to be impaired in Alzheimer's disease is 
memory; mainly episodic and autobiographical memory. Impairment in 
other domains such as language, topographic memory (the patient gets 
lost more easily), and daily activities such a dressing and hygiene are 
also seen (Rossor, 1993; Blennow et al., 2006; Castellani et al., 2010).

The two clinical criteria DSM-IV and  NINCDS-ADRDA of Alzheimer's 
disease require that both memory and another cognitive impairment are 
present, and that these symptoms cannot be explained by another neur-
ological disorders (McKhann et al., 1984, 2011; Dubois et al., 2007). To 
underscore the need for more specific biomarkers, it has been shown 
that  the  current  NINCDS-ADRDA guidelines  may  also  be  fulfilled  for 
other  disorders  such as fronto-temporal  lobar  degenerations,  cortico-
basal degeneration, posterior cortical atrophy, dementia with Lewy bod-
ies, and vascular dementia, which inevitably compromises the accuracy 
of Alzheimer's disease diagnosis (Varma et al., 1999). Since some symp-
toms also appear in other forms of dementia, the specificity of the cri-
teria lies between 23 to 88% in distinguishing between these disorders 
(depending on the available clinical information) (Petrovitch et al., 2001; 
Dubois et al., 2007). 

The cause of Alzheimer's disease remains unknown; however, some 
evidence suggests that Alzheimer's can be coupled with general inflam-
mation or vascular events in the brain  (Schmidt et al., 2002; Herrup, 
2010), such as a stroke or micro-infarcts. 

The  majority  of  Alzheimer  cases  are  so-called  sporadic  (>90%) 
without  any  known  genetic  pre-disposition—whereas,  the  so-called, 
familial-Alzheimer's can be coupled with the presenilin 1, presenilin 2, 
amyloid precursor protein genes, trisomy 21 (Down syndrome), or APOE 
genes  (Dubois et al., 2007; Sperling et al., 2011). Other gene candid-
ates have also been suggested (Van Es and Van den Berg, 2009). How-
ever, it is likely that both forms of Alzheimer's disease arise due to the 
same disease initiation process, for instance, an inflammatory response, 
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but that the genetic pre-disposed patients simply have higher risk of 
progressing (Herrup, 2010).

The current Alzheimer's disease pharmacological treatments include 
acetylcholinesterase  inhibitors  and  an  NMDA  antagonist  memantine. 
However, these drugs do not stop disease progression, and have only 
modest symptomatic  effects  (Citron,  2010). Drugs that stop the pro-
gression of Alzheimer's disease remain to be developed, but it is likely 
that these drugs or therapies will appear soon (Prins et al., 2010; Pasic 
et al.,  2011).  In June 2012, there were more than 330 clinical  trials 
involving Alzheimer's disease, 30 of these were phase 3 trials (Wikipedia 
contributors, 2012). The common targets of experimental  Alzheimer's 
disease  treatments  are  amyloid  beta  reduction,  and  immunotherapy 
(Lashuel et al., 2002; Van Marum, 2008; Dodel et al., 2010).

The diagnosis “mild cognitive impairment” (MCI) is given to patients 
whose cognitive impairment is too weak for being diagnosed with a spe-
cific type of dementia  (Flicker et al., 1991; Petersen et al., 1999; Gau-
thier et al., 2006; Albert et al., 2011). However, patients with MCI are at 
high risk of developing Alzheimer's disease.  The border between MCI 
and Alzheimer's disease is a grey-area — mainly because the progres-
sion from MCI to Alzheimer's disease is a continuous process, which, 
depending on the available clinical information, can give rise to a differ-
entiated diagnosis (Jelic et al., 2000; Dubois et al., 2007). Our ultimate 
goal is to make the MCI diagnosis obsolete by earlier-stage diagnosis of 
Alzheimer's disease and, thereby, paving the way for a more specific 
early-stage treatment.

Biomarkers of cognitive decline

What is a biomarker? And what are our demands? A biomarker 
is a measure that objectively quantifies the state of a biological system. 
Biomarkers cover many modalities, from EEG and functional magnetic 
resonance imaging (fMRI) to genetic, and biochemical markers. A simple 
example of an EEG biomarker is the peak frequency in the alpha fre-
quency band (8–13 Hz).

Important properties of a biomarker are:

High test-retest reliability — a biomarker should have minimal vari-
ation due to methodology or temporary state changes.
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High availability — a biomarker should be easy to obtain and under-
stand. Thus, non-invasive biomarkers are preferred over invasive bio-
markers, because the risk of side-effects are lower.
High classification accuracy — it is important that a biomarker has 
both a high sensitivity (high percentage of patients with the disease are 
identified), and specificity (high percentage of healthy patients are clas-
sified correctly). Often the classification will also be evaluated using a 
cost function, that specify the cost of not treating a patient versus treat-
ing a patient who is not ill, or maybe even has another disease. It is, 
therefore, important to evaluate if a biomarker is specific to a disease, 
or if it is only an indication of general pathological changes.
Sensitivity to disease progression and therapy — identifying a dis-
ease is  not  enough,  we also want to  detect  if  therapy is  successful. 
Often patients have multiple disorders, and, therefore, require special-
ized treatments. Monitoring response to therapy—whether successful or 
not—is important for improved treatments. 

EEG biomarkers have many of these properties. One of the forces of 
some  EEG  biomarkers  such  as  detrended  fluctuation  analysis  (DFA) 
(Linkenkaer-Hansen et al., 2001) (Chapter 1) is that they do not depend 
on the specific equipment used to measure the patient. This improves 
the test-retest reliability of the biomarkers.

EEG biomarkers also have high heritability. The power of alpha oscil-
lations (8–13 Hz) is one of the most heritability phenotypes in humans 
(Van Beijsterveldt and Van Baal, 2002; Smit et al., 2005, 2006). High 
heritability is important, because it represents the lower bound on the 
individual test-retest reliability. DFA is also highly heritable (Linkenkaer-
Hansen  et  al.,  2007).  Test-retest  reliability  can  be  a  problem  with 
cerebrospinal fluid (CSF) biomarkers, where test results can vary sub-
stantially with the method used and between different labs  (Dubois et 
al., 2007). 

With regard to  availability,  EEG is  widely  available,  non-invasive, 
and inexpensive. This is in contrast to, for instance, magnetic resonance 
imaging (MRI), which is expensive and not available in all clinics.

With regard to accuracy and sensitivity to disease progression, it is 
important  to  identify  biomarkers  as  close  as  possible  to  the  actual 
pathophysiology, such that even fine changes can be detected. With EEG 
biomarkers, we can follow brain activity from millisecond to millisecond, 
which makes EEG more dynamic than MRI or CSF biomarkers. EEG bio-
markers, thus, potentially can better detect response to drug therapy.

The accuracy of a biomarker can be low if it has a non-linear time 
course during disease progression (Figure I.2) (Ewers et al., 2011). This 

19



General introduction

makes the changes in the biomarker harder to interpret and additionally 
creates a higher overlap between patient groups. A solution to this issue 
is to combine several biomarkers (Chapter 6).

Another important parameter to consider here is the dynamic range; 
the range over which a biomarker value can change. The EEG has a high 
dynamic range, because it has several dimensions that can be modu-
lated (area, frequency bands, etc.).

Although some advantages of EEG biomarkers were presented in this 
section, it is critical to include other modalities in order to draw a com-
plete picture of the pathophysiological state. It is a core pillar of this 
thesis, that the best classification of disease should not be based on the 
single biomarkers, but on the integration of several (Chapters 6 and 7). 

Figure  I.2. Biomarkers  can 
have a non-linear time course 
during  disease  progression, 
making  the  interpretation  of 
changes  in  these  biomarkers 
more  difficult.  A  solution  to 
this  problem  is  to  combine 
several biomarkers. Hypothet-
ical  model  of  various  neuro-
imaging biomarkers  and their 
predicted utility during disease 
progression,  as  based  on  a 
variety of studies discussed in 
the  review  by  (Ewers  et  al., 
2011). 
Reprinted  from  (Ewers  et  al., 
2011), with  permission  from 
Elsevier.

Why EEG may reflect early-stage Alzheimer's 

disease

In an ocean of possible biomarker modalities, biomarkers of electrical 
(magnetic) activity seem good for early-stage detection of Alzheimer's 
disease. This is especially clear if we consider the recent development in 
our understanding of the etiology of Alzheimer's disease  (De la Torre, 
2004;  Herrup,  2010;  Zlokovic,  2011;  Sambamurti  et  al.,  2012).  The 
standard hypothesis of Alzheimer's disease is the amyloid cascade hypo-
thesis stating that the cause of Alzheimer's should be found in the build 
up of amyloid and tangles (Hardy and Selkoe, 2002). The more recent 
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hypothesis (De la Torre, 2004; Herrup, 2010; Murray et al., 2011), does 
not reject amyloid deposition as an important component of Alzheimer's 
disease, but instead places it at a later stage of the disease develop-
ment.  In  this  hypothesis,  Alzheimer's  disease  is  initiated  by a micro 
injury,  presumable  a  vascular  event,  with  subsequent  activation  of 
inflammatory responses that further leads to initiation of the amyloid 
deposition cycle. Naturally, biomarkers that can detect subjects at risk of 
developing  the  initiating  injury  that  leads  to  a  chronic  inflammation 
would be very early-stage indicators, but since these risk factors are 
general, such as the APOE gene status or hypertension, they are not 
specific enough to be useful for diagnosis, but more for placing patients 
in a risk group. 

In contrast, it is plausible that EEG/MEG biomarkers can detect the 
neuroinflammatory response (and maybe even the vascular event lead-
ing to the inflammation). It has been shown that an anti-inflammatory 
drug  Ibuprofen  either  kept  delta  (2-4  Hz)  EEG  power  stable  or 
decreased it  in patients  Alzheimer's disease after one-year treatment 
(Babiloni et al., 2009b). EEG power and frequency are also correlated 
with  cerebral  perfusion  (Jann  et  al.,  2010),  which  is  reduced  in 
Alzheimer's disease (De la Torre, 1999; Kogure et al., 2000; Johnson et 
al.,  2005;  Murray  et  al.,  2011). Further,  the  degree  of  hippocampal 
atrophy has been linked with alpha and theta power in MCI patients 
(Moretti  et  al.,  2007a).  And the theta/(lower  alpha)  power  ratio  has 
been associated with vascular damage in AD (Moretti et al., 2007b). 

Interestingly, the build-up of Aβ42 influences synaptic transmission, 
and thus, potentially also gives rise to further effects in the EEG. It has 
indeed been suggested that high levels of Aβ42 directly cause epilepsy 
and cognitive deficits, and that these are not secondary effects due to 
neurodegeneration (Palop et al., 2006; Shankar et al., 2008; Palop and 
Mucke, 2010). In this context, it is interesting to note that ApoE4 carri-
ers without dementia show epileptiform activity and sharp waves after 
hyperventilation  (Palop  and  Mucke,  2009).  ApoE4  carries  with 
Alzheimer's  disease  also have  a different  EEG with  higher  theta  and 
lower beta power compared with non-carries  (Lehtovirta et al., 1996, 
2000; Jelic et al., 1997). 

To further support a direct link between inflammation and Aβ42, it 
seems that certain non-steroidal anti-inflammatory drugs can reduce the 
build  up Aβ42. In general  anti-inflammatory drugs lowers the risk of 
Alzheimer's disease with 30–60% (Weggen et al., 2001; Herrup, 2010; 
Khansari and Coyne, 2012; Wyss-Coray and Rogers, 2012).

Unfortunately, it must be stressed that the recent neuroinflammatory 
hypothesis remains a hypothesis, but indeed a very appealing one in the 
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view of  M/EEG biomarker  research.  At  the moment  the most  widely 
accepted  earliest  stage  of  Alzheimer's  disease  detection  is  the  Aβ42 
accumulation, although it is also not specific, and subjects with  Aβ42 
accumulation may never get clinical symptoms (Sperling et al., 2011). 
Another caveat is that a test detecting neuroinflammation may not be 
specific  to  Alzheimer's  disease.  Many Alzheimer patients  also have a 
mixed disorder of Alzheimer's disease and another, e.g., inflammatory 
based disorder. This makes diagnosis and treatment a complex process. 
It should be noted that the inflammatory view of Alzheimer's disease 
does not exclude an amyloid deposition without neuroinflammation, just 
as well  as  neuroinflammation could  occur without  amyloid deposition 
(Herrup, 2010). 

Thus, if M/EEG biomarkers would be able to detect the inflammatory 
response, we would have a powerful tool that potentially would detect 
Alzheimer's disease at a point where a possible therapy would be most 
efficient (Dubois et al., 2007; Sperling et al., 2011). Unfortunately, the 
treatment options at these early stages still need to be developed (Cit-
ron, 2010; Prins et al., 2010). However, for treatment to be initiated, a 
solid diagnosis should be made based on established measurable criteria 
that may thus come from M/EEG. 

EEG biomarkers of Alzheimer's disease

Ongoing  neuronal  oscillations  measured  using  M/EEG  have  been 
found to  be abnormal  in  several  aspects  of  Alzheimer's  disease.  The 
main finding is a slowing of the dominant rhythms; an increase of power 
in the delta (2–4 Hz) and theta (4–7 Hz) frequencies, and a decrease in 
the alpha (8–12 Hz) and beta (12–30 Hz) bands (Figure I.3) (Huang et 
al., 2000; Jelic et al., 2000; Bennys et al., 2001; Jeong, 2004; Rossini et 
al., 2006; Prichep, 2007; Luckhaus et al., 2008; Babiloni et al., 2011). 
Further, an anterior shift of alpha activity is observed  (Osipova et al., 
2005). Patients with Alzheimer's disease showed an increase in delta 
power  in  the frontal  and  occipital  regions  and overall  an  increase in 
theta power and decrease in beta power in the frontal region. The slow-
ing in spectral biomarkers is progressive  (Duffy et al., 1984), however 
according to some studies is only observed in half of the patients (Rae-
Grant et al., 1987; Soininen et al., 1989), thus, indicating a differenti-
ated disease progress. Lower beta power has been suggested to predict 
cognitive decline after 5 years (Elmstaahl and Rosén, 1997). 
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General introduction

theta and delta power (Reeves et al., 2002; Brassen and Adler, 2003), 
albeit with either increased or decreased alpha power depending on the 
study  (Reeves et al., 2002; Onofrj et al., 2003). Long-term treatment 
induces decreased theta and increased alpha/theta power ratio  (Kogan 
et al., 2001). It has also been shown that patients that respond to acet-
ylcholinesterase inhibitors after one year of treatment have less changed 
alpha power compared with patients that did not respond  (Babiloni et 
al., 2006b). In healthy subjects cognitive deficits can be induced by the 
administration of cholinergic antagonists, with similar changes in EEG 
and MEG signals as seen in Alzheimer's disease, thus, showing the direct 
correlation between cognitive effects and EEG changes  (Neufeld et al., 
1994; Ebert and Kirch, 1998; Osipova et al., 2003). 

In EEG studies on MCI, similar changes in spectral biomarkers have 
been reported as in Alzheimer's disease, for instance,  a slowing of the 
frequency spectrum. These changes may be used to predict conversion 
to Alzheimer's disease, albeit they may not be specific since they also 
occur in other diseases  (Jelic et al., 1996, 2000; Huang et al., 2000; 
Grunwald et al., 2001; Kwak, 2006; Rossini et al., 2006). MCI patients 
seem to differ from both healthy controls and patients with Alzheimer's 
disease with a higher power in the 10.5–13 Hz (high alpha) band (Babi-
loni et al., 2006a). 

Combination  of  multiple  EEG  biomarkers  for  AD  classification  has 
been done with varying success, with classification accuracy from 45 % 
to 92 % (Claus et al., 1999; Huang et al., 2000; Bennys et al., 2001; 
Prichep et al., 2006; Buscema et al., 2007; Lehmann et al., 2007). In 
these studies mainly spectral measures has been used. A combination of 
theta power, mean frequency, and interhemispheric coherence was used 
to predict MCI to Alzheimer's disease conversion (Prichep et al., 2006). 
Claus et al. (1999) used a combination of biomarkers based on visual 
inspection scores of the EEG, that were summed in a single score, which 
was used to classify between healthy and AD, giving a high specificity 
around 85 %, albeit with a low sensitivity around 45 %  (Claus et al., 
1999). Buscema et al. (2007) used an advanced method called “implicit 
function  as  squashing  time” (IFAST)  and  neural  networks  to  classify 
between AD and MCI and obtained a high accuracy of 92% (Buscema et 
al.,  2007).  However,  although  classifying  between  groups  of  patients 
that are already diagnosed is important for method development, more 
work needs be done on methods that can identify AD at an early-stage 
and specifically rule out other similar forms of dementia.
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Neuronal oscillations and memory?

A core hypothesis  of  this  thesis  is  that  the temporal  dynamics  of 
neuronal oscillations are directly  coupled with memory and attention, 
and, therefore, will  be impaired in a disease such as Alzheimer's dis-
ease. It is plausible that since our memory and thoughts are correlated 
over time; we should also find brain activity that is correlated over time, 
and correlated with the performance of memory systems. In this sec-
tion, I will discuss some of the theories in which oscillations are seen as 
a system mechanisms of memory.

M/EEG signals are mainly oscillatory. It has been shown that oscillat-
ory theta (5–9 Hz) power directly correlated with the retention interval 
in a memory task  (Raghavachari et al., 2001). The theta (7–8.5 Hz), 
alpha (9–12 Hz) and gamma (30–60 Hz) power also increases with load 
(Jensen and Tesche, 2002; Jensen et al., 2002; Howard et al., 2003). 
Together these findings suggest oscillations are involved in memory and 
attention,  which several  other  studies,  using various  techniques,  also 
have  suggested  (Steriade  and  Llinás,  1988;  Klimesch,  1996,  1997, 
1999; Raghavachari et al., 2001; Fell et al., 2001; Jensen et al., 2002; 
Fernández et al., 2002b; Fries, 2005; Axmacher et al., 2006, 2010; Buz-
sáki, 2006; Cassenaer and Laurent, 2007; Fries et al., 2007, 2007; Lis-
man, 2010; Hanslmayr et al., 2011). It is beyond the scope of this intro-
duction to give an extensive review of the rather broad literature. How-
ever, I would like to emphasize a few findings with a focus on the tem-
poral dynamics of neuronal oscillations.

Lisman et al. (1995) suggested that nested oscillations act as clock-
ing mechanisms; where low frequency oscillations (theta/alpha, 4-8 Hz) 
clock a sequence of working memory items in an embedded high-fre-
quency  (gamma oscillations, 30-100 Hz) (Lisman and Idiart, 1995; Lis-
man, 2010). This means that the average number of memory items that 
can be stored is seven (plus/minus 2), i.e., the number of gamma cycles 
per theta cycle (Lisman and Idiart, 1995) (In visual memory this is as 
low a 3 to 4 items (Vogel and Machizawa, 2004)). The items are then 
replayed with each theta cycle (Fuentemilla et al., 2010). This correlates 
well with the limit on human short-term memory capacity (Miller, 1956), 
and that addition of items on a Sternberg task increase reaction time 
with 38 ms per item  (Sternberg, 1966). Experiments support that the 
exact timing of neuronal activity is clocked by oscillations, and that this 
exact timing is necessary for functional encoding (Laurent, 1996; Stop-
fer et al., 1997; Cassenaer and Laurent, 2007). This also correlates well 
with theories on the effect of neuromodulators on memory formation, 
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and  that  the  level  of  acetylcholine  follows  the oscillatory  period and 
thereby give rise to periodic physiological changes, and shifts in either 
encoding or retrieval of memory (Lisman and Idiart, 1995; Hasselmo et 
al., 2002; Hasselmo, 2006). It has been suggested that oscillations clock 
a shift between internal versus external oriented attention  (Hanslmayr 
et al., 2011). In line with these theories, visual task performance can be 
predicted by pre-stimulus alpha amplitude and phase (Hanslmayr et al., 
2007;  van  Dijk  et  al.,  2008;  Busch  et  al.,  2009;  Mathewson  et  al., 
2009). 

Furthermore,  theta-gamma coupling  has  been  observed in  several 
studies  (Bragin et al.,  1995; Canolty et  al.,  2006;  Tort  et  al.,  2009; 
Axmacher et al., 2010), for instance in the encoding of spatial informa-
tion in place cells (Johnson and Redish, 2007). Phase-coupling of alpha-
gamma  oscillations  that  increase  with  memory  load  has  also  been 
observed (Palva et al., 2005). Much work has been done related to this 
theory, and oscillations and working memory in general, all suggesting 
that oscillation phase and amplitude are important for memory retention 
because  the  oscillations  provide  exact  timing  (phase-coding)  of  the 
activity, and through phase-coupling they can guide information flow in 
the brain (Engel and Singer, 2001; Lisman et al., 2005, 2008; Palva et 
al., 2005, 2010; Jensen, 2006; Jensen et al., 2007; Jokisch and Jensen, 
2007; Palva and Palva, 2007; Siegel et al., 2009; Vogel and Fukuda, 
2009; Canolty et al., 2010), and different frequencies may encode dif-
ferent information (Hsieh et al., 2011). Nevertheless, the specific model 
proposed by Lisman et al., that states that memory items are stored in 
nested theta-gamma oscillations still needs solid experimental confirma-
tion (Lisman, 2010).

An apparent alternatively to this theory is the hypothesis by Klimesch 
et al., which suggests that in particular alpha oscillations are not the dir-
ect  substrate  of  memory,  but  that  they  instead  act  as  'inhibition 
rhythms' to prevent memory disruptions (Klimesch et al., 2007; Jensen 
and Mazaheri, 2010). Sauseng et al. (2009) used a visual object task 
separated into two hemifields to show that alpha power enhancement 
was higher over ipsilateral to the hemifield corresponding to the retained 
memory items than over contralateral sites, thus, suggesting that alpha 
oscillations  are  inhibiting  information  from  the  irrelevant  hemifield 
(Sauseng et al., 2009). 

Probably the two hypotheses should be unified into a general theory. 
It has been suggested that the phase and amplitude of alpha oscillations 
may serve different  functions  (Palva and Palva,  2007;  Hamidi  et  al., 
2009). The functional role of oscillations in a specific frequency range 
may  also  depend  on  the  anatomical  source  location  (Meltzer  et  al., 
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2008; Michels et al., 2008; Mo et al., 2011), and their effect may poten-
tially depend on the local neuromodulatory input (Hasselmo, 2006).

Although only a fraction of the results on the functional role of oscilla-
tions in memory formation was mentioned above, the main conclusion is 
that the temporal dynamics, both phase and amplitude, of oscillations 
seem critical for memory formation. 

Apart  from studies on resting-state ongoing oscillations,  there is a 
large body of literature on the role of event-related potentials (Vogel and 
Machizawa,  2004;  Luck,  2005;  Bressler  and  Ding,  2006) in  memory 
formation (Padovani et al., 2011), attention deficit hyperactivity disorder 
(McLoughlin et al., 2010), autism (Jeste and Nelson, 2009), and also, as 
potential  biomarkers  for  Alzheimer's  disease  (Olichney  et  al.,  2002, 
2006;  Polich  and  Corey-Bloom,  2005;  Rossini  et  al.,  2007).  In  this 
thesis, however, I only focus on the resting state, because I believe this 
state is the only “task” condition that is both short and which can easily 
be standardised and performed by most subject groups. Of note, during 
eyes-closed rest,  human subjects  engage in vivid cognitive  activities, 
including retrieval  of  stored information from long-term memory and 
manipulation in working memory as part of making plans for the future 
(Buckner and Carroll, 2007; Buckner and Vincent, 2007; Mantini et al., 
2007). 

The brain as a critical system: the basic 

hypothesis

A main claim of this thesis is that the brain is in a critical state, and 
that this  dynamical-systems framework can provide us with a funda-
mental understanding of ongoing neuronal oscillations in health and dis-
ease. Particularly, I claim that this “criticality hypothesis” can be use to 
develop  novel  biomarkers  of  cognitive  decline,  in  disorders  such  as 
Alzheimer's disease.

Many studies have suggested that the brain is in a so-called self-
organized critical state (Bak, 1996; Chialvo and Bak, 1999; Linkenkaer-
Hansen  et  al.,  2001;  Beggs  and  Plenz,  2003;  Chialvo,  2004,  2007, 
2010; Poil et al., 2008; He et al., 2010; Shew and Plenz, 2012; Beggs 
and Timme, 2012); a state where activity is qualitatively characterized 
by a compromise between uncorrelated and strongly correlated dynam-
ics—between—disorder  and order—and quantitatively by its  scale-free 
dynamics.  The  concept  of  criticality  comes  from  statistical  physics, 
where certain  systems, such as,  the Ising model  of  ferromagnetism, 

27



General introduction

undergoing  a  phase  transition  and  exhibit  scale-free  behaviour 
(Christensen and Moloney, 2005). Bak et al. (1987) discovered a wide 
class of systems that reach a critical state through a process of self-
organization (Bak et al., 1987; Bak, 1996; Jensen, 1998), which makes 
the dynamical state of self-organized critical systems robust.

The prototype self-organized critical  system is the sand pile model 
(Bak et al., 1987). Imagine grains of sand dropping slowly on a sand 
pile. Each time we drop a grain of sand, the energy landscape of the pile 
is changed; this leads to avalanches of sand moving down the slope of 
the pile. The dynamics of these avalanches is determined by the angle of 
the slope. Above a certain slope angle, the sand pile is in a super-critical 
state in which the activity is dominated by massive avalanches. Below a 
certain slope angle, it is in a sub-critical state in which the activity is 
dominated by very small avalanches. In between these slope angles, we 
have the critical state, where avalanches of all sizes occur — the so-
called “scale-free” activity. This means that if we plot the probability dis-
tributions  of  occurring  sand  avalanche  sizes  and  durations  we  will 
observe that these vary as a power of the sizes of the sand avalanches. 
This means sand avalanches follow power-laws at the critical sand pile 
slope-angle;  no  single  scale  of  sand  avalanches  size  is  dominating, 
small, or large.

What does a sand pile have in common with our brain? In the sand 
pile,  the  scale-free  dynamics  at  the  critical  angle  occur  because  of 
thresholds effects, small pockets of sub-critical and super-critical slopes 
can be found on the pile. However, as long as the pile is driven slowly 
neither the sub-critical nor the super-critical pockets manage to grow 
and dominate the system. This  is  the self-organized criticality  of the 
sand pile, it is attracted to the critical state, and it would come back to 
this state if we perturbed it by adding a lot of sand. In the brain, we also 
have networks that can be described to be threshold systems, support-
ing a build up of pockets of sub-or super-criticality of activity. Indeed, it 
is meaningless to imagine the brain with an energy landscape without 
thresholds, because that would mean no memory, no learning could be 
obtained  (Dayan and Abbott, 2001; Chialvo, 2006). Memory formation 
shapes  the  neuronal  network  activity  by  regulating,  using  synaptic 
mechanisms, the threshold for neuronal spiking, or the balance between 
excitatory versus inhibitory populations. In the brain, we can have either 
low excitability — sub-critical state — or high excitability — super-critical 
state, or the mixture of pockets of each — the critical state. 

It seems the brain could be in any of these states, sub-critical, super-
critical, or critical. However, we suggest that the brain is in the critical 
state, because in this state information is neither damped nor diluted by 
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hyperactivity but a balanced activity which is the most optimal for hand-
ling information  (Beggs and Plenz, 2004; Haldeman and Beggs, 2005; 
Kinouchi  and Copelli,  2006; Beggs, 2008a; Shew et al., 2009, 2011; 
Yang  et  al.,  2012).  This  balanced  activity  maximizes  the  dynamical 
range, the range of inputs to a network that can uniquely be differenti-
ated (Kinouchi and Copelli, 2006). We further claim that mechanisms at 
the  single-neuron  level,  such  as  homeostatic  plasticity,  will  keep  the 
brain in the critical state, and thus, insure the emergence of a stable 
self-organized  critical  state  (Bornholdt  and  Röhl,  2003;  Abbott  and 
Rohrkemper, 2007; Turrigiano, 2012). 

The empirical evidence of criticality in the brain has developed into 
two apparently distinct directions. One is based on the robust observa-
tion of a power-law decay of temporal autocorrelations in the amplitude 
modulation of ongoing oscillations, also referred to as long-range tem-
poral correlations (Linkenkaer-Hansen et al., 2001). The other is based 
on the observation of so-called neuronal avalanches in the spreading of 
local field potentials in vitro (Beggs and Plenz, 2003) and in vivo (Gir-
eesh and Plenz, 2008; Petermann et al., 2009; Hahn et al., 2010). 

Scale-free  dynamics  has  also  been  observed  in  other  parameters 
(Kello et al., 2010), such as  in the decay of temporal  correlations in 
behavioral  performance  (Gilden,  2001),  in  the phase-locking intervals 
between brain regions (Gong et al., 2003; Kitzbichler et al., 2009), and 
in fMRI (He et al., 2010).

Solid empirical evidence for the existence of long-range temporal cor-
relations has been gained over the past decade from various laborator-
ies. In 2001, Linkenkaer-Hansen et al. (2001) showed for the first time 
long-range temporal correlations in the amplitude fluctuations of ongo-
ing brain oscillations  (Linkenkaer-Hansen et al., 2001). The long-range 
temporal correlations were found using detrended fluctuation analysis, 
and the DFA scaling exponent was introduced as a measurement of the 
state in the underlying neuronal network. The test-retest reliability of 
the DFA scaling exponent was confirmed in a study by Nikulin et al. 
(2004)  (Nikulin and Brismar, 2004). Later, it was also shown that LRTC 
is highly heritable, and uncorrelated with power (Linkenkaer-Hansen et 
al., 2007), thus showing that the DFA quantify a unique feature of ongo-
ing oscillations.

 Long-range temporal correlations have been found to be impaired in 
major  depressive disorder  (Linkenkaer-Hansen et  al.,  2005),  epilepsy 
(Monto et  al.,  2007),  Alzheimer's  disease  (Montez et  al.,  2009),  and 
schizophrenia  (Nikulin et al., 2012). Recently, Smit et al. (2011) also 
showed that the strength of LRTC in alpha and beta oscillation increases 
in the age range from 5 to 25 years, and thereafter remains stable (Smit 
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et al., 2011). This suggests that LRTC can be used to study abnormal 
brain development in, for instance, ADHD or schizophrenia.

In 2003, Beggs and Plenz reported measurements of the spontaneous 
activity of local  LFP in organotypic cultures from coronal slices of rat 
somatosensory  cortex  and  from  acute  coronal  slices  of  rat  brains. 
(Beggs and Plenz, 2003). They showed that the LFPs propagated in what 
was coined “neuronal avalanches”, and that the number of avalanches 
relative to the avalanche sizes was power-law scaled with the scaling 
exponent  1.5.  Similar  results  have later  been found in  other  studies 
(Mazzoni et al., 2007; Pasquale et al., 2008; Shew et al., 2011; Yang et 
al., 2012). Recent in vivo studies on monkeys also show power-law dis-
tributions of avalanche size, suggesting a universal appearance of ava-
lanches in neuronal networks (Plenz and Thiagarajan, 2007; Petermann 
et al., 2009). 

These empirical results lead to some of the main research question of 
this thesis.  Can an oscillatory neuronal network at all be critical when 
the oscillatory activity dictates a characteristic scale of the activity? Are 
neuronal avalanches and oscillations with long-range temporal correla-
tions related? Do long-range temporal  correlations also emerge in  in 
vitro networks? Will the critical state also be reflected in the typical wax-
ing and waning of oscillations in the EEG? And most importantly will bio-
markers of criticality be sensitive to a disorder such as Alzheimer's dis-
ease? 

The need for a biomarker toolbox

As explained above biomarkers based on oscillations and criticality 
may detect, for instance, Alzheimer's disease. However, M/EEG signals 
are rich in information and can be characterized with many other bio-
marker  algorithms that may reveal  difference  aspects  of  the signals. 
Integrating the information from a large  number  of  biomarkers  may 
improve diagnosis. However, this is rarely done in either basic or pre-
clinical  research,  possibly due to lack of access to a complete set of 
algorithms and methods to integrate them. Thus, it became clear early 
in  the  thesis  work,  that  better  tools  for  biomarker  research  were 
needed.  This  led  to  the  development  of  the  Neurophysiological  Bio-
marker  Toolbox  (NBT).  The  aim of  NBT  is  to  give  researchers  easy 
access to a set of biomarker algorithms, and to push the development of 
large-scale data-mining tools further. 

 Another aim of a biomarker toolbox is to allow easy sharing and 
meta-analysis  of  biomarkers.  We  developed  the  NBTwiki  website 
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(http://www.nbtwiki.net/)  to  facilitate  better  collaboration and use  of 
NBT in biomarker research (Figure I.4).

Large-scale meta-analysis of biomarkers may reveal new information 
not obvious if only the single biomarkers are considered. Recent effort of 
automated meta-analysis has been published (Mitchell, 2011; Yarkoni et 
al., 2011). In these studies, meta-analysis is done directly on data in 
papers (extracted using text analysis), and by using machine learning 
techniques, the essential  information was combined in a classification 
model. However, sharing and meta-analysis is made much easier if the 
semantic, the meta-data, and structure, of a biomarker is well-defined 
(Horn et al., 2004; Yarkoni et al., 2010). It reduces the uncertainty of 
extracting information from undefined sources. The initial work on NBT 
has been to define a good semantic and structure of the biomarkers and 
data  that  are  handled  by  the  NBT.  Much  of  the  inspiration  of  the 
semantics in NBT comes from the Web 3.0 proposals; the semantic Web 
(Berners-Lee and Hendler, 2001; Berners-Lee et al., 2001; Feigenbaum 
et al., 2007), and The W3C Resource Description Framework (RDF) spe-
cifications  (World Wide Web Consortium, 2004). These publications are 
meant to develop the standards for the future Internet. 

These thoughts led to the remaining research question; how can we 
organize and integrate multiple biomarkers for large scale meta studies? 
And  can we improve the prediction of conversion from mild cognitive 
impairment to Alzheimer's disease by integrating multiple biomarkers?

Figure I.4. The NBTwiki.net front page. 
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Outline of this thesis

Aim

The aim of this thesis is threefold: (1) to develop a computational model 
of criticality in oscillatory networks (2) to develop novel biomarkers of 
cognitive decline based on ongoing oscillations in the electrical activity of  
the human brain, and (3) to optimize pre-processing, organization, and 
integration of biomarkers.

Hypotheses

● The brain can be described conceptually as multi-level critical  

system; the disordered brain is perturbed away from this critical 
state. 

● Biomarkers based on ongoing neuronal oscillations can detect  

disease-related changes in the state of the brain.
● Integration  of  multiple  biomarkers  improves  classification  

accuracy compared with single biomarkers.

Research questions

● Can an oscillatory neuronal network be critical? (Chapter 2)

● Are  neuronal  avalanches  and  oscillations  with  long-range  

temporal correlations related? (Chapter 2)
● Is the critical state reflected in oscillation bursts observed in the 

EEG? (Chapter 3)
● Can long-range temporal correlations in oscillations emerge from 

neuronal networks in vitro? (Chapter 4)
● Are  temporal  correlations  (on  short-  and  long-time  scales)  

impaired in Alzheimer's disease? (Chapter 5)
● Can we improve the prediction of conversion from mild cognitive 

impairment to Alzheimer's disease using multiple biomarkers?  
(Chapter 6)

● How can we organize and integrate multiple biomarkers for large-

scale meta studies? (Addendum)
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Outline

This thesis consists of 6 chapters and an addendum. The chapters 1 
to 4 are model based or develop new methods that should be seen as 
the theoretical/methodological foundations of the data-driven papers in 
chapter 5 and 6. In the addendum, I introduce the Neurophysiological 
Biomarker  Toolbox  (NBT),  which  is  used  in  the  integrated  biomarker 
study in Chapter 6.

Chapter 1: Detrended fluctuation analysis: a scale-free view on 

neuronal oscillations, gives an explanation of detrended fluctuation 
analysis (DFA), an algorithm used to characterize scale-free temporal 
autocorrelations  in  the  amplitude  modulation  of  oscillations  —  also 
known as long-range temporal correlations (LRTC). These scale-free cor-
relations are often taken as a reflection of a critical state in the brain.

In Chapter 2 — Critical-state dynamics of avalanches and oscilla-

tions jointly emerge from balanced excitation/inhibition in neu-

ronal networks, we use a computational model to bridge the phenom-
ena of long-range temporal correlations in the amplitude modulation of 
neuronal  oscillations  and  neuronal  avalanches  in  local  field  potential 
measurements on short time scales. The model shows that oscillations 
and  spreading  of  neuronal  avalanches  can  be  unified  in  a  common 
framework. We introduce a novel concept of multi-level criticality, where 
scale-free activity on short times scales co-exists with scale-free activity 
on longer time scales. This suggests that variation in temporal correla-
tions in oscillations may be used as a proxy to predict changes in neu-
ronal avalanche dynamics — and vice versa. 

In Chapter 3 — Avalanche Dynamics of Human Brain Oscillations: 

Relation to Critical Branching Processes and Temporal Correla-

tions,  we introduce  a  novel  biomarker  of  scale-free  oscillations—the 
oscillation  burst  lifetime.  This  biomarker  characterizes  the  amplitude 
fluctuations of oscillations on an intermediate time scale between the 
short–  and  long  time  scales  we  characterized  in  Chapter  2.  When 
observing an EEG signal it  is clear that the alpha oscillations are not 
continuous, but instead comes in oscillation bursts of various durations. 
We  show that  the  distribution  of  these  oscillation  burst  durations  is 
scale-free.

In  Chapter 4 — Fast network oscillations  in vitro  exhibit a slow 

decay of temporal auto-correlations, we investigate if it is possible 
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for  in vitro  networks to generate oscillations with long-range temporal 
correlations,  and,  thus,  if  in  vitro experiments  can be used to study 
long-range  temporal  correlations.  To  show  that  this  is  possible  we 
investigated hippocampal slices in vitro using the acetylcholine-like drug 
carbachol  in  a  concentration-dependence  experiment.  We  show  that 
LRTC can emerge in these localized networks, and that the strength of 
the LRTC is dependent on the carbachol concentration. This is interesting 
because Alzheimer's disease is implicated with impairment in cholinergic 
signalling, thus, suggesting that LRTC could be a biomarker sensitive to 
this imbalance. 

Chapter 5 — Altered temporal correlations in parietal alpha and 

prefrontal theta oscillations in early-stage Alzheimer disease. In 
this study, we investigated whether temporal correlations on short and 
long time scales are impaired in oscillations measured using magnetoen-
cephalography (MEG) in patients with early-stage Alzheimer's disease. 
We show that LRTC and the lifetime biomarkers in the alpha band are 
reduced. This empirical study thus showed that the theoretical founda-
tion laid out in Chapter 1 to 4, can support the development of novel 
biomarkers based on oscillatory activity.

In Chapter 4 and 5, we only focused on a few biomarkers. However, the 
trends in biomarker research is to move beyond the limited information 
we get from single biomarkers and integrate the synergistic information 
we can obtain from integrating multiple biomarkers. In Chapter 6 and in 
the addendum, we introduce a framework for future studies of integrat-
ive biomarker research. These studies are the preliminary work to make 
the Neurophysiological Biomarker Toolbox the foundation for upcoming 
integrative biomarker studies.

In Chapter 6 — Integrative EEG biomarkers are predictive of pro-

dromal Alzheimer's disease, we pick up the important challenge of 
predicting conversion from mild cognitive impairment to Alzheimer's dis-
ease. In this study, we moved beyond single-biomarker characterization, 
and  towards  integrating  multiple  biomarkers  in  a  unifying  diagnostic 
index. In Chapter 6, we show that by using a classification algorithm, 
logistic regression, we can combine multiple biomarkers and predict the 
conversion from MCI to Alzheimer's disease better.

Addendum — The Neurophysiological Biomarker Toolbox (NBT). 

The vision of the Neurophysiological Biomarker Toolbox is to facilitate 
large-scale meta-analysis studies of biomarkers, by providing an easy-
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to-use and structured collection of biomarkers and analysis functions. 
NBT aims to provide functions for biomarker research that does complex 
but often used algorithmic processing of data. By providing these func-
tions we give a simple interface to the complexity of data processing, 
which can be used to  build  even more complex algorithms,  such as 
those used for data-mining.
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