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General discussion 

General discussion 

n this thesis I have pursued the “criticality hypothesis” with the aim 
of gaining a better understanding of the complex spatio-temporal 
patterns of brain activity. I have introduced a model of multi-level 

criticality that reconciles neuronal avalanches in vivo and in vitro (Beggs 
and Plenz, 2003; Petermann et al., 2009) on short time scales with the 
long-range  temporal  correlations  (LRTC)  (Linkenkaer-Hansen  et  al., 
2001) in the amplitude modulation of human brain oscillations on long 
time scales (Chapters 1 & 2).  I showed that the critical  state in this 
oscillatory network depends on a balance of excitatory and inhibitory 
populations, and that the dynamics on long times scales may be coupled 
to the short-time-scale dynamics. The theory behind detrended fluctu-
ation analysis was described in some detail (Chapter 1), and I showed 
DFA can be used to study LRTC in vitro (Chapter 4), and that DFA expo-
nents  could  be  used  as  an  MEG  biomarker  in  Alzheimer's  disease 
(Chapter 5). I further showed that the time structure of ongoing neur-
onal oscillations on intermediate time scales in the form of oscillation 
bursts (Chapter 3), is also impaired in Alzheimer's disease (Chapter 5). 
I, thus, in the first five chapters gained both a theoretical and empirical 
understanding of scale-free dynamics in ongoing neuronal oscillations.

I

I developed a biomarker toolbox; the neurophysiological  biomarker 
toolbox (NBT), together with the NBTwiki (http://www.nbtwiki.net/), to 
improve large-scale integrative biomarker research (addendum). Using 
this toolbox, I,  in order to improve the sensitivity of EEG biomarkers 
towards Alzheimer's disease, integrated multiple biomarkers into a dia-
gnostic index that can be used to predict the conversion from mild cog-
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nitive  impairment  to  Alzheimer's  disease (Chapter  6).  Thus,  showing 
how NBT can be used to perform data mining. 

The “criticality hypothesis”

The “criticality hypothesis” which states that ongoing activity in the brain  
has quantitative similarities with systems operating at the edge between 
order and disorder has inspired the idea that disease would be charac-
terized by an imbalance either in the direction of order or disorder. The 
impact of developing biomarkers based on a model is twofold (1) first it 
serves as a heuristic engine to provide novel measures as candidate bio-
markers, and (2) it allows one to gain a mechanistic understanding of 
why a measure shows up as a biomarker for a given disorder.

The two main criticality biomarkers we have explored are DFA expo-
nents as measure of long-range temporal correlations (LRTC) and the 
oscillation bursts biomarker. The DFA exponent has been used as a bio-
marker in other studies  (Linkenkaer-Hansen et al., 2005; Monto et al., 
2007; Smit et al., 2011; Nikulin et al., 2012). However, our oscillation 
bursts biomarker has only recently been applied (Poil et al., 2008, 2011; 
Montez et al., 2009). 

 The oscillation burst biomarker came from the idea of seeing oscilla-
tions bursts as avalanches moving in a neuronal network. The propaga-
tions of these oscillations would then follow a branching process, and in 
the case of a critical network give raise to scale-free distributions (Poil et 
al.,  2008).  This  would  also  mean  that  these  scale-free  distributions 
would be affected in a network, which is not in the critical state. In our 
model (Chapter 2), we refined this understanding of oscillation bursts. 
Here, the avalanche propagation happens on much shorter time scales. 
Instead we have an indication that the end of each oscillation burst is 
coupled with a large-scale change in underlying activity patterns. Mean-
ing that  within each oscillation burst  the activity patterns are overall 
similar, and the duration is determined by the same mechanisms that 
give rise to the scale-free nature on short time scales. This means the 
oscillation burst biomarker is a likely indication of the inhibitory/excita-
tory balance in the underlying networks. Because our model is relative 
small it does not reject that oscillation bursts could propagate in a net-
work, in fact, this would only highlight the intrinsic fractal nature of neu-
ronal  oscillations.  Empirical  evidence  also  suggests  that  oscillations 
indeed  can  propagate  in  networks  (Destexhe  and  Sejnowski,  2003; 
Lubenov and Siapas, 2009). 
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The “criticality hypothesis”

Our model integrates empirical findings of criticality on many levels. 
It  has  shown  that  oscillations,  neuronal  avalanches,  and  long-range 
temporal correlations should not be viewed as distinct phenomena, but 
should be integrated in a unified theory of criticality in the brain. How-
ever, our model does not answer all questions. It remains to be shown 
whether a neuronal network can self-organize towards the balance of 
excitation/inhibition  required  for  criticality.  The  model  does  not  have 
mechanisms for driving the network to the critical state. However, it is 
plausible that neurons can sense the excitation/inhibition balance in the 
network by their own excitability  (Bornholdt and Röhl, 2003; Abbott 
and Rohrkemper, 2007). We suggest that a potential driving mechanism 
could be homeostatic plasticity, which would allow the network to self-
organize into the critical state  (Chialvo and Bak, 1999; Turrigiano and 
Nelson, 2004; Abbott and Rohrkemper, 2007; Turrigiano, 2012). These 
mechanisms should be explored in future studies. 

Biomarkers of memory?

We have explored the benefit of developing biomarkers based on crit-
icality. We showed that criticality depends on the balance between exci-
tation and inhibition (Chapter 2). This is  interesting,  because several 
studies have suggested that this balance is impaired in several brain dis-
orders (Gibson et al., 2008; Yizhar et al., 2011). The DFA exponent and 
the oscillation burst biomarker may therefore be good biomarkers for 
indicating pathological states, albeit probably without specificity between 
the different disorders. 

What are the functional  implications of criticality,  and how can we 
relate this to the high variability of these criticality biomarkers (Chapter 
2)?  Empirical  DFA exponents  suggest  a wide variation in  strength of 
LRTC in healthy subjects (Nikulin and Brismar, 2005; Linkenkaer-Hansen 
et al., 2007; Montez et al., 2009). The high heritability of LRTC shows 
that these variations are not bound to low test-retest reliability, as it has 
also been shown in a longitudinal study (Nikulin and Brismar, 2005). It is 
tempting to derive a functional implication from the lower DFA expo-
nents  in  early-stage  Alzheimer's  disease  (Montez  et  al.,  2009),  and 
depressive disorder  (Linkenkaer-Hansen et al., 2005). But it remains a 
question for future studies whether the variations seen in healthy sub-
jects also has functional implications, for instance, in higher resilience 
towards brain disorders, or better memory performance in subjects with 
DFA exponents. It should be noted that our model also had variation in 
DFA exponents in the critical state from run to run.  Functional impair-
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ment is, thus, probably not predicted by LRTC by itself, but in combina-
tion with other biomarkers. Future studies of biomarkers should explore, 
e.g., multi-fractality the extension to the mono-fractal LRTC (Kantelhardt 
et al., 2002; Ihlen, 2012), the role of phase versus amplitude, and fre-
quency stability over time (Chapter 6).  These biomarkers may reveal 
details not yet extracted from pure spectral analysis. 

It remains a question if the rich temporal structure of oscillations has 
functional  role  in  memory and attention.  In  the theta-gamma timing 
hypothesis by Lisman et al.  (Lisman and Idiart,  1995; Lisman et al., 
2005; Lisman, 2010), it was suggested that short-term working memory 
items are clocked by gamma oscillation and embedded in a theta oscilla-
tion. It is interesting to note, that in our model work (Chapter 2), each 
oscillation cycle also consists of several avalanches, thus suggesting that 
these two theories could be unified. We can speculate that within each 
oscillation burst the pattern being repeated is almost similar. This would 
mean that each oscillation burst indicates an activation of a specific set 
of memory items. Potentially this means either an encoding or extrac-
tions of patterns from the network, where the input is given at the start 
of the burst and the matching network response is returned at the end 
of the burst. It remains to be explained how our random activated model 
should be understood in the context of memory being extracted in a 
non-random fashion. However, studies of the attentional blink, suggest 
that  successful  extraction  of  information  from  a  neuronal  network 
depends on the current state of the network. This success has been sug-
gested to depend on the phase and amplitude of alpha oscillatory activ-
ity (Hanslmayr et al., 2011). Further research should elucidate how our 
model of oscillations in a critical system can be reconciled with the the-
ories of memory formation.

Criticism of the “criticality hypothesis” 

Although both  the theoretical  and empirical  evidence  for  a  critical 
brain seem solid, there have also been studies suggesting other explan-
ations (Gisiger, 2001; Mitzenmacher, 2004; Beggs and Timme, 2012). 

The main criticism is divided on two main points: (1) the power-laws 
(scale-free) distributions found in empirical  studies are not rigorously 
shown (Clauset et al., 2009; Dehghani et al., 2012; Stumpf and Porter, 
2012), (2) the power-laws could arise from other mechanisms than crit-
icality  (Bédard et al., 2006; Bédard and Destexhe, 2009; Touboul and 
Destexhe, 2010; Dehghani et al., 2012)
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Criticism of the “criticality hypothesis” 

 It is clear that we cannot describe the brain purely using a theory of 
criticality. That would be a misunderstanding of the meaning a “general 
model”; our aim is not to describe brain activity on a detailed level, but 
at a generalized overall level. The brain is much more complex, and with 
other aims, it does not make sense to generalize as we do. 

It is possible that power-law distributed activity can be described by 
another mechanism than criticality, such as a mixture of poisson sources 
or volume conduction. But,  for  instance, the claim of  (Bédard et al., 
2006), that long-range temporal correlations occur due to the filtering 
processes of the extracellular medium does not take into account that 
this filtering would only effect the scaling of the power-spectrum, not 
the  scaling  of  the  amplitude  fluctuations  in  specific  frequency  band. 
Other theories for generation of power-laws also exist  (Mitzenmacher, 
2004; Newman, 2005; Touboul and Destexhe, 2010; Beggs and Timme, 
2012; Stumpf and Porter, 2012). However, the existence of criticality is 
not only based on power-laws, but also on the optimal information pro-
cessing properties of this state for brain. It has also been claimed, that 
since neuronal avalanches are found in both positive and negative LFP, 
and only negative LFP can be related to neuronal spike activity, then 
these avalanches have nothing to do with neuronal activity (Touboul and 
Destexhe, 2010). It is, therefore, possible that the criticality hypothesis 
is  not true,  but at  the moment it  is  the best theory of the data we 
observe. (Beggs and Timme, 2012) also argue that since, e.g.,  in vitro 
neuronal avalanches can be perturbed between a sub-critical, critical, 
and super-critical state using pharmacology, a critical state is evident. 

The most serious criticism is likely that the fitted power-laws cannot 
rigorously be proven to be power-laws. The most common solution to 
this issue is to assume that if the data can be fitted well by a power-law, 
it is probably a power-law. We then overlook that the data potentially 
could be fitted by other distribution functions. However, if a distribution 
can be fitted well by a power-law at a limited range, it also means that 
data behaves close to a power-law at this limited range. From a theoret-
ical  point  of  view, this  is  naturally  not  optimal,  but  from a practical 
standpoint it is reasonable to use the most simple hypothesis, which is 
the criticality hypothesis. Our tests of the proposed “rigorous” power-law 
fitting  algorithm  (Clauset  et  al.,  2009),  have  also  showed  that  this 
algorithm is too conservative on limited power-laws, which means that 
potential empirical power-laws with a limited range will be rejected by 
this  method. This  may also explain why one study rigorously proved 
power-laws  in  neuronal  avalanches  (Klaus  et  al.,  2011),  whereas 
another  did not  (Dehghani  et  al.,  2012).  This  could also be because 
(Dehghani et al., 2012) is fitting a different interval of the power-law 
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distribution, in our opinion the wrong interval. The interval represent the 
finite-size exponential cut-off of the power-law and it is, therefore, clear 
that no power law is found. 

It is also important to note that, e.g., the long-range temporal correl-
ations found in (Linkenkaer-Hansen et al., 2001) were fitted with suffi-
cient data to give a solid proof of a power-law. From an experimental 
point of view, it is disturbing to require rigorously proven power-laws in 
all subsequent studies. Later studies using less data do not per se need 
to prove the existence of LRTC, but should instead focus on the potential 
differences in between, e.g., Alzheimer's patients and healthy controls 
(Montez et al., 2009). 

To summarize; a rigorous proof of criticality in the brain does not 
exists.  However,  empirical  evidence  of  power-laws,  critical  branching 
parameters, and phase transitions between sub-critical over critical to 
super-critical states support this theory. Theoretical evidence also sug-
gests that a critical state would be most optimal for information process-
ing in the brain. Not sufficiently rigorous fitting of power-law, and ques-
tions of the meaning of power-laws potentially undermine the evidence. 
Nevertheless, at the moment criticality is the best theory both theoreti-
cally and experimentally to explain the data we observe.

NBT and integration of multiple biomarkers

In Chapter 6, we showed how NBT can be used to integrate several 
biomarkers  into  a  diagnostic  index  using  logistic  regression.  Logistic 
regression is a well-performing predictive algorithm for predictive ana-
lysis  of  binary outcomes.  Other  methods may also be relevant,  e.g., 
support vector machines (Cortes and Vapnik, 1995). A major issue with 
these analysis approaches is over-or under-fitting of the problem. We 
discuss this in length in the addendum in the section Beyond single bio-
marker classification. 

Leaving  predictive  analysis,  integration  of  biomarkers  is  used  to 
identify patterns in large data sets using, e.g., cluster analysis. As we 
explained in the addendum, NBT by its standard semantic and NBTele-
ments database provides a framework for building data-mining tools in 
Matlab.

NBT is on the frontier were the semantic and data structures that will 
help us manage the increasing amount of information generated by sci-
ence is developed. NBT is not alone on this frontier, which is, e.g., popu-
lated by the NEMO project (Frishkoff et al., 2009), which aims at devel-
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NBT and integration of multiple biomarkers

oping ontologies to describe event-related potentials. We have only seen 
the beginning of this new era of scientific studies.

NBT supports collaboration 

Simplifications or abstractions of concepts drive development in many 
areas, ranging from the start of our civilization with the development of 
languages to describe complex ideas to modern day higher-level pro-
gramming languages. They allow us to put complex ('abstract') ideas in 
a simple form, with which we build even more complex concepts. A core 
aim of NBT is  to  create data semantics  that  enable  easy large-scale 
sharing and data mining of neurophysiological biomarkers.

The aim of the NBTwiki website is to provide quality tutorials on the 
NBT,  and  to  facilitate  collaboration  and  data-sharing.  Data-sharing  is 
support by the well-defined semantic in NBT, and will allow us to conduct  
large-scale meta-analysis. However, is this aim feasible? We believe it 
depends on a critical factor. It is not funding, because the cost are relat-
ive  low.  With  modern  day  technology  such  as  cloud  service  (e.g., 
Amazon Web Services), the costs of a data-sharing platform can scale 
with the use;  and initially  only  costs  a few hundred euros  per  year. 
Likely, these costs would be covered by, e.g., data usages fees. How-
ever,  the major critical  factor is  user engagement, we need users to 
share data, users to use NBT. User engagement is based on researchers 
feeling comfortable sharing data, and having a benefit  by both using 
NBT and receiving data from others. We believe it is possible to engage 
researchers to collaborate on the NBTwiki platform. The full implementa-
tion of the NBTwiki idea still needs to be released before we can evaluate 
if this is correct. However, research databases are already well estab-
lished  (Horn  et  al.,  2004) for  fMRI  (The  fMRI  Data  Center 
http://www.fmridc.org), genetic data 
(http://www.ncbi.nlm.nih.gov/sites/gquery),  humanity data 
(http://dans.knaw.nl), and mixed neuroscience data and tools (Neuros-
cience Information Framework,  (Akil  et al., 2011) http://neuinfo.org/, 
Neuroimaging  Informatics  Tools  and  Resources  Clearinghouse, 
http://www.nitrc.org/). 

User  engagement  is  especially  build  on,  that  the process  of,  e.g., 
data-sharing is transparent and well defined by, for instance, using an 
open database license (http://opendatacommons.org/licenses/odbl/).

This further emphasize why it is required to keep developing the NBT 
semantics such that it can describe the information that will be obtained.  
Likely, we in this process need to interact with the OWL language (World 
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Wide Web Consortium,  http://www.w3c.org),  or  the Open knowledge 
Base  connectivity  protocol  (http://www.ai.sri.com/~okbc/),  which 
defines rule for building ontologies (http://protege.stanford.edu). In the 
near future, we will develop the NBTontology to describe metadata of 
biomarkers in NBT. It is an essential part of the future development of 
NBT as a tool for large-scale integrative biomarker mining, which we 
build on these semantic frameworks for information storage. The reason 
these frameworks are powerful for data mining, is that they enable com-
puters to “understand” complex relationships among data items. Thus, 
just as two biomarkers combined may reveal new information (Chapter 
6, and Fig. A.2), so may these complex relationships (Megalooikonomou 
et al., 2000; Martone et al., 2004; Lam et al., 2007; Chen et al., 2012).

These well-defined information structures can then be used in meta-
studies similar to  (Yarkoni et al., 2011), where brain activations from 
3489 papers were used to predict  the task modality of specific  brain 
activations. We also propose, that these methods may be used for pre-
training and post-evaluation of brain-computer interfaces or neurofeed-
back systems (Gerven et al., 2009; Collura et al., 2010), and potentially 
be  coupled  with  a  supportive  expert  systems  (Bates  et  al.,  2003; 
Kawamoto et al., 2005).

Conclusion

We can conclude this thesis  with positive answers to the research 
question given in the introduction. We have shown that an oscillatory 
neuronal network can be in critical  state. We found that criticality in 
such a network  is  dependent on the balance between excitation and 
inhibition, and that activity is characterized by short-time-scale neuronal 
avalanches  and  long-range  temporal  correlations  (LRTC).  This  brings 
experimental evidence of criticality from in vitro, in vivo neuronal ava-
lanche  studies  and  M/EEG studies  of  LRTC together,  and shows  that 
these phenomena are probably bound to equal mechanisms. 

 We also showed that we can develop biomarkers based on the critic-
ality hypothesis, and that these biomarkers can identify Alzheimer's dis-
ease.

We have developed the Neurophysiological Biomarker Toolbox (NBT) 
to optimize pre-processing, analysis, and organisation of neurophysiolo-
gical biomarkers. We have also introduced the NBTwiki website as the 
main  tutorial  and  collaborative  site  on  neurophysiological  biomarker 
research. 
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Conclusion

Finally, yet importantly, we have focused on integration of multiple 
biomarkers into a diagnostic index. We have developed such index using 
logistic  regression,  and  shown  that  it  improves  classification  of  pro-
dromal Alzheimer's disease compared with single biomarker classifica-
tion.

Future studies should focus on three areas; 1) improve the under-
stand of functional roles of oscillations and criticality for memory and 
attention, 2) identify biomarkers sensitive to changes in criticality, 3) 
develop biomarker-mining algorithms and data structures for integrative 
biomarker research using NBT.
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