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Abstract
The brain activities are characterized by spontaneous and persistent irregular
fluctuations in space and time. Criticality theory from statistical physics has been
proposed as a principle to explain the variability in normal brain spontaneous
activity and has suggested the functional benefits of variability, such as maximized
dynamic range of response to stimuli and information capacity. In parallel, the
brains show variability in other aspects, such as the structural heterogeneity across
brain regions, the intra-individual variability across experimental trials, and the
behavior difference across groups and individuals. The associations between the
variability of spontaneous activities and these different types of structural, intra and
inter-individual variabilities remain elusive. My doctoral study thus aimed to bridge
the brain variability and the above-mentioned variations based on criticality theory
and analysis of empirical data.
As a preparatory analysis, we first collected evidence to prove criticality in human
functional magnetic resonance imaging (fMRI) data. The advanced statistical
criteria were used to exclude potential artefacts that can induce power-law scaling
without the mechanism of criticality.
In the first part of the study, we addressed methodological issue and tested whether
several measures of either spatial or temporal complexity due to experimental
limitations could be reliable proxy of spatiotemporal variability (related to
criticality) in vivo. The high spatiotemporal resolutions of whole-cortex optical
voltage imaging in mice brain during the waking up from anesthesia enabled
simultaneous investigation of functional connectivity (FC), Multi-Scale Entropy
(MSE, measure of temporal variability), Regional Entropy (RE, quantity of
spatiotemporal variability) and the interdependency among them under different
brain states. The results suggested that MSE and FC could be effective measures to
capture spatiotemporal variability under limitation of imaging modalities applicable
to human subjects. This study also lays methodological basis for the third study in
this thesis.
In the second study, we explored the interaction between spontaneous activity and
evoked activity from mice brain imaging under whisker stimulus. The whisker
stimulus will first evoke the local activation in sensory cortex and then trigger
whole-cortex activity with variable patterns in different experimental trials. This
trial-to-trial variability in the cortical evoked component was then attributed to the
changes of ongoing activity state at stimulus onset. The study links ongoing activity
variability and evoked activity variability, which further consolidates the
association between ongoing activity and brain functions.
In the third study, we measured the signal variability of the whole brain from resting
state fMRI, and developed the multivariate pattern of cortical entropy, called
entropy profile, as reliable and interpretable biomarker of individual difference in
ii

cognitive ability. We showed that the whole cortical entropy profile from restingstate fMRI is a robust personalized measure. We tested the predictive power for
general and specific cognitive abilities based on cortical entropy profiles with outof-sample prediction. Furthermore, we revealed the anatomical features underlying
cross-region and cross-individual variations in cortical entropy profiles. This study
provides new potential biomarker based on brain spontaneous variability which
could benefit the applications in psychology and psychiatry studies.
The whole study laid a foundation for brain criticality-/variability-based studies and
applications and broadened our understanding of the associations between neural
structures, functional dynamics and cognitive ability.
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Chapter 1. Introduction
Firstly, I will provide a brief overview of the literature on brain criticality and
variability and then I will pose open questions to be considered in this thesis.

1.1 Background
1.1.1 “Big data era” of neuroscience
The cognitive neuroscience has been studying the neural basis of human behavior.
In recent years, continuous improvement of neuroimaging techniques allows the
exploration of brain structure and dynamics in multiple modalities on larger spatial
scales with a higher resolution than ever before. With the transgenic technology to
express color dye in vivo, Allen Institute has now provided neuronal projections
and gene expressions strength in the whole brain of mice (Oh et al., 2014). In
macaque neocortex, the whole brain neural connections with strength ranging over
six orders of magnitudes have been detected (Markov et al., 2014) and a variety of
modular and hierarchical structures have been discovered (Chaudhuri et al., 2015).
For human, several projects, such as the Human Connectome Project (HCP, Van
Essen et al., 2013), 1000 Functional Connectome Project (Biswal et al., 2010) and
Allen Human Brain Atlas (Shen et al., 2012) were also initiated to apply magnetic
resonance imaging (MRI) to depict the whole picture about human brain structural
connectivity, gray matter myelin content, cytoarchitecture types, gene expression
strengths and etc. In parallel, different aspects of brain activity are captured by
modern brain functional imaging technologies (Table 1-1). In animal experiments,
1

local field potential (LFP) is generated by the summing electric current flows shown
in extracellular microelectrode recordings. For human, the electroencephalogram
(EEG) and magnetoencephalography (MEG) measure fast voltage fluctuations
resulting from ionic current within the neurons of the brain, by placing discrete
electrodes along the scalp. Functional magnetic resonance imaging (fMRI) reveals
brain activity by detecting changes associated with blood flow. The recorded blood
oxygenation level dependent (BOLD) signal can indirectly reflect neuronal
activation in slow temporal scales but with high spatial resolution. The maturing
optogenetics imaging method based on genetically encoded voltage sensitive
indicator further opens the gate to directly observe voltage activity across the whole
mouse cortex in high spatial and temporal resolutions (Akemann et al., 2012;
Akemann et al., 2010).
Based on the advanced imaging technology, data have been recorded with focuses
at different variation aspects of the brain. The detailed functional and structural
information are provided at population level to investigate the spatial variation
across functional regions in the blueprint that reflects a spatial pattern in brain
function and anatomy shared by individual species (Markov et al., 2014; Oh et al.,
2014; Shen et al., 2012; Van Essen et al., 2013). The investigation of individual
deviations away from the blueprint, namely fingerprint oriented study, has been
conducted in dataset with large sample size, such as Human Connectome Project
(HCP, Van Essen at al., 2013) providing a dataset consist of the resting fMRI, task
fMRI, EEG, MEG, gene and psychometrics from 1206 healthy young adult
2

participants (www.humanconnectome.org). Other datasets have been built for the
exploration of the effect of normal aging and disease. For example, the Alzheimer’s
Disease Neuroimaging Initiative (ADNI) tracks the clinic, brain, genetic and
psychological information of 800 subjects up to 7 years (http://adni.loni.usc.edu/).
These high resolution, large-scale, multi-dimensional data are crucial drive for the
development of modern neuroscience, but they also pose challenges to the field of
neuroscience as well as complex systems. How can we integrate knowledge from
data collected from different methods and levels? Can we build a unified framework
to understand the rich variety of aspects of the complex neural system?
Table 1-1. A summary of key features of different neuroimaging technologies
Imaging method

Temporal
resolution
~1Hz
sampling

Spatial
resolution
3-4 mm3
pixel

Corresponding
information
fMRI
Oxygenation
per Blood
Level
Dependent
(BOLD) signal, which is
an indirect measure for
neural activities.
Spatial features about
global neural activity in
low frequency.
LFP, EEG, MEG
~1000Hz
32-64 electrodes Neural voltage signal.
sampling
Sites*
Temporal features about
local neural activity in a
wide frequency band.
2
Optogenetics
150Hz
33 μm per pixel Neural voltage signal.
imaging
sampling
Spatiotemporal features
of neural activity across
whole cortex of animal
brain.
*: Also, due to volume conduction, it has mixing of data from different cortical sources on
the scalp.
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1.1.2 The ubiquitous power law in neural activity and critical brain theory
One conspicuous observation in brains is inspired for theoretical researchers in
neuroscience, i.e. the power-law distributions (Fig. 1-1) appearing in data from
different modalities, spatiotemporal scales, and species. It is widely recorded that
the power spectrum of the spontaneous neural activity is approximately a power
function of frequency, i.e. P(𝑓)~𝑓 −𝛼 (Ciuciu et al., 2012; Faisal et al., 2008;
Fraiman & Chialvo, 2012), which is usually referred as 1/f noise (Hausdorff & Peng,
1996). The power-law scaling also governs the collective neural activity when
spatial domain is considered. The avalanche, i.e. the spatiotemporally continuous
cascading of activation in the resting state neural systems can be observed in scales
range from local circuits (Beggs & Plenz, 2003; Gautam et al., 2015), cortical
regions (Gireesh & Plenz, 2008; Scott et al., 2014) to the whole brain (Shriki et al.,
2013; Tagliazucchi et al., 2012) and results are consistent in cultured cells (Beggs
& Plenz, 2003; Tetzlaff et al., 2010), mouse (Scott et al., 2014), non-human
primates (Petermann et al., 2009) and human brains (Tagliazucchi et al., 2012). The
power-law scaling can also be observed in behavior variations. The reaction time,
defined by the delay in time from the stimulus presentation till the behavior
response, can fluctuate across trials performed by the same subject with great
variability under some experimental conditions (Medina et al., 2014). The
probability density function of reaction time is reported to be heavy-tailed and can
be characterized by an asymptotic power-law distribution in the right tail (Holden
et al., 2009; Sigman et al., 2010). Some researchers have further revealed that long4

range temporal correlation of time series of individual performance (hit and miss)
in audiovisual threshold-stimulus detection task is also a power-law function of the
time interval, and the scaling exponent has significant association with the exponent
from spontaneous neural dynamics across people (Palva et al., 2013). These
observations implies a unified scale-free organization principle of the neural system
and human behavior.

Fig. 1-1. Examples of power-law distributions in brain activities. Power-law function
exhibits straight line under double logarithm plot, as showed in: (i). In electrode recordings,
the avalanche size is expressed as number of activated electrodes and its distribution
follows power law. The slopes and cut-off in the tail are subject to bin width ∆𝑡 during
statistics (adapted from (Beggs & Plenz, 2003)). (ii). Avalanche size and lifetime
distribution function in whole brain fMRI data of 10 subjects. While avalanche size follows
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a power law, but the density of their lifetimes decreases faster (adapted from (Tagliazucchi
et al., 2012)). (iii). In optogenetics images, the neural voltage activities under anesthesia
and wakefulness are characterized by super-critical state (too many large activations, blue)
and critical state (red), respectively, when compared to the exponential distribution for
randomly shuffled data (gray) (adapted from (Scott et al., 2014)). (iv). Different avalanche
distributions induced by different parameters in neural network model (from (Wang et al.,
2016)). Red circle line shows a straight line in log-log plot, indicating critical state. Black
square line lies below red line, suggesting the sub-critical state of system. Blue triangle line
corresponds to super-critical state, evidenced by high probability in large activations.

The scale-independent power-law scaling draws the attention of physicists. The
statistical physics has achieved great success in understanding the relationship
between macroscopic behavior and the microscopic interactions in high
dimensional systems. It fits the need for neuroscience to understanding the
relationship between macroscopic cognitive behavior and microscopic neural
dynamics. Thus, the knowledge of statistical physics was adopted for the
establishment of the critical brain theory (or criticality theory) (Beggs, 2008;
Beggs & Timme, 2012; Cocchi et al., 2017; Hesse & Gross, 2014; Marković &
Gros, 2014; Plenz & Niebur, 2014). In original theory for the physical world, the
dynamics behaviors of system can be classified into different state, called phases.
For example, ice, liquid water and steam are the three phases of water. When a
parameter, like the temperature, is tuned to let the system stay right on the boundary
between phases, the system arrives at its phase transition point and in this state the
6

system is at criticality (Fig. 1-2). For states with parameters below the transition
point, we call it subcritical state and for those above, we say supercritical,
corresponding to lack-of-activation state and over-activated state, respectively (see
Fig. 1-1 (iv)). For a system operating at or near criticality, the power-law
spatiotemporal oscillation, i.e. 1/f noise and avalanche, will naturally appear in the
system (Coldenfeld, 2018; Levy & Solomon, 1996; Scheffer et al., 2009).
However, it is far from being enough to say the normal brain at resting state is at
criticality. One fact is that in the physics models the parameters need to be manfully
tuned to put the system right on the critical point. But is there an external modulator
setting the parameters for living creatures’ brains as well? The theory of selforganized criticality (SOC) provided a possibility of being at critical state without
external tuning of the parameters, which was originated from a sand pile model
(Bak et al., 1988). Imagine a sand pile receiving sand dropped from above, the pile
will first grow to a critical height, which will then crush a bit as landslides
(avalanches) of various sizes. But if we keep dropping the sand, the pile will evolve
to its critical height again and again without intended tuning of any parameter. In
other words, the accumulation and release of open energy will drive the system
back to near critical point automatically, leading to SOC. Interestingly, observed
biological details can intrinsically achieve SOC. The interactions between neurons
include excitation (E) and inhibition (I) and experiments show that the ratio
between E and I will be self-driven to be approximately balanced for each neuron
(Renart et al., 2010; Shu et al., 2003). In model, it has been tested that this E-I
7

balance characteristics can reproduce the power-law neural avalanches (Shew et al.,
2009, 2011; Wang et al., 2011; Yang et al., 2017). To summary, criticality theory
is biologically plausible and is promising as a general functioning principle for the
brain.

Fig. 1-2. An illustration of phase transition of activity in network with respect to
connectivity. Adapted from Hesse & Gross, 2014. When increasing the parameter,
connectivity z, the network activity size emerges from none. Below the transition point z*,
no activity exists, which is called subcritical phase. And above z*, a certain size of activity
can be observed, which is named supercritical phase.

Nowadays, though other candidature theory exists to explain the power law (Plenz
& Niebur, 2014; Hesse & Gross, 2014), the criticality theory is getting increasing
attentions from neuroscientists because of the remarkable functional benefits of
being critical. A series of theoretical studies have suggested that criticality can
achieve maximum dynamic range of response to inputs (Shew et al., 2009),
8

information representation capacity and information transfer ability (Shew et al..,
2011) as well as variability of phase synchrony to allow flexible switching of brain
states (Yang et al., 2012) (demonstrated in Fig. 1-3). These theoretical predictions
have been tested by experiments in cultured neurons (Shew et al., 2009, 2011, Yang
et al., 2012). The subsequent works supported that normal brain rests on critical
state and the departure from criticality is associated with dysfunction (Fagerholm
et al., 2016; Scott et al., 2014). In optogenetics images, the neural voltage activities
under anesthesia and wakefulness are characterized by super-critical state and
critical state, respectively (see Fig. 1-1 (iii)) (Scott et al., 2014). Further analysis
provided result that the distance to criticality under anesthesia is associated to loss
of capacity of information representation and transmission among cortical regions,
which were quantified by spatiotemporal variability and mutual information in
neuronal populations (Fagerholm et al., 2016).

Fig. 1-3. Demonstration of the functional benefits at criticality. In the plots, 𝜅 =1
indicates criticality and the shifts from 1 means the deviation from critical point to
subcritical (<1) or supercritical (>1) states. (i). Maximum dynamic range (sensitivity to
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both small and large stimuli, denoted as ∆) is achieved in cortical networks at criticality
(Shew et al., 2009). (ii). Information capacity and transmission (measured by Entropy, H)
are maximized in near critical point of balanced cortical networks (Shew et al., 2011). (iii).
Variability (denoted as 𝐻(𝑆𝑁 )) of phase synchrony reaches its maximum in cortical
networks with critical dynamics (Yang et al., 2012).

1.1.3 Brain signal variability and relevance to brain functions
The results from criticality theory provide a new aspect to review the moment-tomoment variability of brain activity in terms of the functional relevance. Previously,
the brain-signal-based research tended to focus on the invariant component in taskinduced activities by averaging the signals across trials and linked such eventrelated signal to cognitive performance. In this way, the variability in spontaneous
activity and the trial-to-trial variability (TTV) in the task/stimulus evoked activity
are respectively treated as a baseline and measurement noise and thus ignored.
However, based on the criticality theory, the variability of brain spontaneous
activity is intrinsically self-generated, which has already contained information
about dynamic range, information representation capacity and the flexibility of
phase synchrony (Fig. 1-3). In this sense, at least for the spontaneous activity, its
variability could be functionally significant.
The functional relevance of temporal variability of spontaneous activity has been
supported by tremendous evidences (see reviews Garrett et al., 2013; McIntosh et
al., 2010; Takahashi, 2013). At first, the pioneer works about temporal variability
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of brain activity were done in the EEG when investigating the effects of
development with “entropy” measurements. McIntosh et al. applied a measure
called multi-scale entropy (MSE) from physics field (Costa et al., 2002) to the
single trial EEG records from face memory task (McIntosh et al., 2008). The MSE
takes the temporal fractal patterns in the signal into account and assesses the
complexity of signal in different coarse-grained scales. The small-scale results
reflect the irregularity of the signal just like sample entropy, while large-scale
results reveal hidden complexity from the long-range correlation and fractal
structure in the time series. Therefore, MSE assigns the low complexity to
completely random or determined signals. McIntosh et al. found MSE increased
with age within the exanimated temporal scales, and the increase showed strong
correlations with more reliable response and accuracy in face recognition tasks
within subject. In their later works with data from wider age range, they further
demonstrated that the MSE changes as inverted U-shaped function of age over the
lifespan (McIntosh et al., 2014). Nowadays, MSE has been shown to be an effective
biomarker applied in EEG and fMRI in revealing relation from brain spontaneous
variability to cognitive performance (Heisz et al., 2012), and various mental
disorders and brain diseases, including schizophrenia (Takahashi et al., 2010),
depression (Okazaki et al., 2013), traumatic brain injury (Raja Beharelle et al.,
2012), autism (Bosl et al., 2011; Bosl et al., 2018; Catarino et al., 2011; Ghanbari
et al., 2015), Alzheimer’s disease (Escudero, Abásolo, Hornero, Espino, & López,
2006; Mizuno et al., 2010; Yang et al., 2013) and its risk gene (Yang et al., 2014).
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While the variability in spontaneous activity is thought to reflect the flexibility of
the brain, the TTV in evoked brain activity is now regarded to be related to the
reliability or the accuracy of behavioral response (Dinstein et al., 2015) and could
provide another perspective for the exploration of the relationship between neural
variability and behavior. Several fMRI (Dinstein et al., 2010, 2012; Haigh et al.,
2015) and EEG (Milne, 2011; Weinger et al., 2014) studies reported that amplitude
of sensory-evoked responses of high-functioning individuals with autism exhibit
excessive TTV in comparison to brain responses of matched controls, while the
averaged response amplitude remained the same. Moreover, in some of the analysis,
there was no significant difference in the variability of resting state brain activity
between the groups (Dinstein et al., 2010; Haigh et al., 2015). The abnormally large
TTV of response activity also reported in other brain disorders. For example, in
EEG, when responses to single syllables, individuals with dyslexia showed larger
TTV in auditory brain stem (Hornickel & Kraus, 2013). In addition, individuals
with attention deficit hyperactivity disorder was associated with longer latency of
the appearance of “P300” responses (Saville et al., 2015). The consistent changes
in TTV of neural response may suggest a shared pathophysiology across the mental
disorders, such as the unstable neuromodulation (Dinstein et al., 2015).
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1.2 Open questions
As mentioned above, criticality of brain was suggested to explain the variability of
brain in resting state, which was further associated to cognitive ability. However,
the associations among criticality, variability and cognitive ability are not
completely convincing when several issues remain not fully elucidated. Firstly,
though being used as evidence of criticality, the presence of power-law distribution
in empirical data could be induced by noise, statistical artefact or other mechanisms
and needs to be validated. Also, though models suggested the criticality is
associated with the spatiotemporal variability, the latter one can be unreliably
assessed under limited spatiotemporal resolution of human imaging data. Secondly,
the neural population level (mesoscopic level) mechanism of this association
remains elusive. For example, the neural populations in the brain are underpinned
by specialized anatomical features to realize functions. What would be the role of
neural anatomical structures in contributing to the variability-function dependency?
And the cognitive abilities are quantified under tasks/stimuli rather than resting
state, so how does the spontaneous activity variability influence the variability in
task/stimulus evoked activity? Finally, the previous studies on brain signal
variability and cognitive ability were mostly done by group contrast. Detecting
individual differences within population can be more difficult but essential to
achieve a more complete characterization of brain function in health and disease.
So, what is the relationship between brain signal variability and cognitive ability in
variations at individual level? Here, we aim to contribute to the solutions of these
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puzzles based on advanced data acquisition and analysis technology. Below, the
open questions are illustrated (Fig. 1-4) and described in more details.

Fig. 1-4. Illustration of conceptual relationship among open questions.

1.2.1 Methodology level: validate criticality and characterizing variability in
real data
The pre-requisite problems about criticality-variability association should be
addressed before entering the main issues of variability-function relation within and
between individuals, which are majorly caused by limitation of empirical data.
Firstly, can the presence of power-law distribution in vivo validates the criticality
theory? (① in Fig. 1-4). In most of the literatures about criticality, power-law
scalling from spatiotemporal avalanche were used as index of being critical.
However, large body of the literatures applied linear fitting on the recorded
probability distribution of avalanche sizes under the log-log plot, which was argued
to be statistically incorrect because the errors between observation and power-law
model no longer obey Gaussian assumption under the log-log coordinate (Clauset
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et al., 2009). The fitting is even complicated by the noise of small events and the
rareness of large events (Clauset et al., 2009). Recent studies introduced more
advanced statistical methods to deal with these issues, such as using maximum
likelihood estimation in a truncated interval of the distribution (Clauset et al., 2009).
However, the witness of the power law does not necessarily link to the presence of
criticality, because power-law distribution could be induced by other non-critical
mechanisms, such as thresholding in random process (Touboul & Destexhe, 2010),
neutral drift (Martinello et al., 2017), Boltzmann’s molecular chaos (Touboul &
Destexhe, 2017) and others factors as reviewed in (Beggs & Timme, 2012) and
(Hesse & Gross, 2014). Other statistics should be considered during the
identification of criticality.
Secondly, criticality theory predicts that the distance to criticality induces the
variation of spatiotemporal variability in neuronal system. This has been validated
with invasive recordings such as electrical array on cultured neuron (Shew et al.,
2011) and optical voltage data in mice (Fagerholm et al., 2016), where a high
spatiotemporal resolution is available to reliably estimate the spatiotemporal
variability. However, reliably measuring the spatiotemporal variability requires
data acquisition with sufficient spatiotemporal resolutions, but existing
technologies to measure human brain activity are limited either in spatial or
temporal resolution, raising concerns whether they can capture spatiotemporal
variability with sufficient precision. The development of variability-based
biomarkers thus so far has focused on either spatial or temporal features of brain
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signals. For example, clinical electrophysiological data using approaches such as
scalp EEG have high temporal resolution but limited spatial resolution. Therefore,
in EEG, the prevalent biomarkers are based on temporal variability, refers to a
family of measures that quantify the repertoire of temporal patterns, such as the
multiscale entropy (MSE). And fMRI measures brain activities based on blood
oxygen level-dependent (BOLD) fluctuations with good spatial resolution but low
temporal resolution. In fMRI-based studies, functional connectivity (FC, usually
refers to the correlation between signals at two sites) is a widely used and successful
measure, which reduces the spatiotemporal variability to the spatiotemporal
synchrony and be able to apply to a very low frequency band. This raises our
concern: are the established brain measures valid and reliable to assess
spatiotemporal variability using the non-invasive human imaging technology under
limited resolutions? (② in Fig. 1-4).
In addition, the test-retest reliably of the measures should be evaluated. The
existing literature (Zuo and Xing 2014; Zuo et al. 2014, 2019; Dubois and Adolphs
2016; Xing and Zuo 2018; Zuo et al., 2019) emphasizes the status of test-retest
reliability (i.e. reproducibility in test-retest trials) and validity (i.e. the accurate
measurement of functionally relevant information) of measurements as foundations
of the brain science of individual differences. A measure with low retest reliability
is known to potentially cause false positives, false negatives and/or artificially
inflated effect sizes (Zuo et al., 2019). In addition, the restricted reliability could
bias the evaluation of functional significance of different brain subsystems, since
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the reliability sets the upper bound of measurements’ validity (Zuo et al., 2019).
Therefore, before applying variability to detect individual difference, we will
address the question: can the variability measures provide reproducible results
about the individual difference using human imaging data? (② in Fig. 1-4).
1.2.2 Mesoscopic level: the brain structural basis underpinning the brain
variability-function association
The brain structural configuration varies significantly across functional regions and
individuals. From the viewpoint of physics or systems neuroscience, these
structural setting will influence the dynamics and further affect the behavior. The
high spatial resolution data from the Human Connectome Project (HCP, Van Essen
et al., 2013) and Allen Brain Atlas (Shen et al., 2012; Oh et al., 2014) has partially
depicted a blueprint that reflects a spatial pattern in anatomy shared by every human
being. Interestingly, researchers have observed that cortical spatial variation of
dynamics time scales, gray matter myelin content, cytoarchitecture types and gene
expression strengths are all coupled and contributed to the form of a so-called
sensory-to-association gradient, i.e. the variation in functional specification of
cortical brain regions (Burt et al., 2018; Chaudhuri et al., 2015; Fulcher et al., 2019;
Goulas et al., 2017). This variation gradient is consistent with the famous “cortical
hierarchy” hypothesis, which proposes that the coarse information from preliminary
sensory systems flows to association systems for fine processing. For example,
sensory networks exhibit stronger myelination than association networks, which is
considered to support functional needs of the corresponding networks as strong
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myelination facilitates fast signal transmission along axons, but it prevents the
formation of new synaptic connections (Burt et al., 2018; Fulcher et al., 2019).
In addition, in structural magnetic resonance imaging (MRI) studies, cortical
morphometry has emerged as a promising approach to predict individual
differences in cognitive ability, by using specific measures such as cortical
thickness, cortical volume and cortical folding (Bjørnebekk et al., 2013; Holmes et
al., 2012; Rauch et al., 2005; Riccelli et al., 2017; Wright et al., 2006). Besides,
properties of brain structural connectivity have been widely reported as a solid
neural foundation for human brain functions and behavior (Kievit et al., 2016; X.
Liu et al., 2020; Penke et al., 2012). For example, works by (Penke et al., 2012;
Kievit et al., 2016) showed that global white matter integrity is associated with fluid
intelligence and processing speed. At the level of specific functions, Liu and
colleagues (X. Liu et al., 2020) found a structure-function correspondence in the
face processing brain network from the perspective of individual differences.
In this sense, a complete picture about the function-variability dependency should
be addressed from the connectivity and microscopic structure. Specifically, what is
the association between the structures and the variability across functional regions
and individuals should be elucidated (③ in Fig. 1-4).
1.2.3 Mesoscopic level: the influence of variability in ongoing activity on
evoked response activity
The criticality brain theory suggests the general functional benefits of the variability
in ongoing activity to response and behavior. However, the task or sensory evoked
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brain activity is more directly associated to the behavior outcome, and how the
variation of ongoing activity influences the variation of evoked activity (④ in Fig.
1-4) is still controversial (Ferezou & Deneux, 2017). Some of the studies reported
that the ongoing activity and evoked activity interacts in a simply linear additive
way (Arieli et al., 1995; Arieli et al., 1996; Azouz & Gray, 1999; Becker et al., 2011;
Fox et al., 2006). In Arieli et al., 1996, the variation of time series of the evoked
response activity in trials can be largely explained by the linear superimposition
between signal of stimulus onset and signal of the average response from all trials.
However, such a testing model cannot completely claim additive model, as the
ongoing activity is also evolutional, thus cannot be identical to the activity pattern
at the stimulus onset. Later studies proposed different views by evidences of nonadditive interaction between spontaneous and response activities (He, 2013;
Hesselmann, Kell, & Kleinschmidt, 2008; Hesselmann, Kell, Eger, et al., 2008;
Northoff et al., 2010; Sadaghiani et al., 2009). A recent representative work by He,
2013 revealed a negative interaction between spontaneous and evoked activity in
fMRI. Firstly, He observed a reduction of TTV, measured by the cross-trial variance
of the signal, after the presence of stimulus. According to the law of variance, this
reduction only appears when two negatively correlated variables were added.
Secondly, the fMRI data showed that the lower magnitude of the preceding
spontaneous activity fluctuations would be followed by a stronger response after
stimulus, and vice versa.
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The clarification of this controversial issue is of fundamental importance for the
mechanical understanding about how spontaneous activity influences behaviors.
1.2.4 Macroscopic level: the association between brain variability and
behavior
After addressed the above-mentioned issues, we pursue the application of the
criticality and variability measures on the cognitive neuroscience to understand the
behaviors. Some latest findings have highlighted the strong inter-individual
dependence between the critical neural interactions during resting-state and the
fluctuation characteristics of perception processes. Palva et al. showed that, in the
MEG data from 14 participants, the individual critical power-law exponents of
neuronal dynamics correlate with the individual behavioral scaling exponents
during an audiovisual threshold-stimulus detection task (Palva et al., 2013). In
addition, studies on cognitive neuroscience have widely applied entropy as a
representative and quantitative measure of variability in brain dynamics. When
resting-state signals captured by electroencephalography (EEG) or functional
magnetic resonance imaging (fMRI) were investigated, group comparisons with
respect to the cortical entropy profile (spatial complex pattern) were applied to
reveal substantial differences between typically and atypically functioning
populations, such as people under development (Lippéet al., 2009; McIntosh et al.,
2008; Mišić et al., 2010; Vakorin et al., 2011), aging (Takahashi et al. 2009; O’Hora
et al. 2013; McIntosh et al. 2014; Jia et al. 2017; McIntosh 2018), traumatic brain
injury (Raja Beharelle et al., 2012), schizophrenia (Takahashi et al. 2010; Xue et al.
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2019), depression (Lin et al., 2019; Okazaki et al., 2013), autism (Bosl et al. 2011;
Bosl et al. 2018; Okazaki et al. 2015; Takahashi et al. 2016; Liu et al. 2017; Easson
and McIntosh 2019; Kang et al. 2019) and Alzheimer’s disease (Azami et al., 2017;
Mizuno et al., 2010; Wang et al., 2017; Yang et al., 2013).
Recently, the investigation of brain-wide activity in terms of individual deviations
from the group average has become a crucial endeavor in the context of
individualized predictions and precision medicine. Compared with group contrast,
individual differences within group are more difficult to detect but more essential
to the characterization of brain function in health and disease (Dubois & Adolphs,
2016). Majority of researchers used functional connectivity (FC) and have
attempted to examine individual brain functions related to healthy aging
(Dosenbach et al. 2010; Geerligset al. 2015), personality (Adelstein et al. 2011;
Dubois et al. 2018a), intelligence (Finn et al. 2015; Dubois et al. 2018b) and disease
(Arbabshirani et al. 2013; Yahata et al. 2016; Easson et al. 2019). The application
of entropy measure in the field of individual difference is just emerging. Early work
recorded resting state EEG from healthy elderly subjects and found higher
individual creativity was linked to the increased entropy especially in lower
frequencies (Ueno et al., 2015). A very recent study in young healthy adults further
explored the association between the voxel-level-resolution whole-brain resting
state fMRI entropy profiles and individual differences in creativity (Shi et al., 2019).
Consistently, the study revealed that high entropy in the control and semantic
associative networks was associated with superior creative ability across
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individuals. Another work in resting state fMRI of young healthy subjects observed
positive correlation between individual scores from vocabulary and reasoning tasks
and brain entropy in prefrontal cortex, inferior temporal lobes, and cerebellum
(Saxe et al., 2018). These studies gave first evidences about the sensitivity of
entropy profile as novel marker to capture individual difference in cognitive
processing. However, an out-of-sample prediction should be favored over a
correlation analysis, as the latter derives conclusions based on inferences from the
in-sample population and does not directly test generalizability (predictive validity)
of entropy measure in out-of-sample population (Linden 2012; Whelan & Garavan
2014; Gabrieli et al. 2015; Lo et al. 2015). As with group average comparisons,
simple correlation-based analyses are performed separately for spatial sites. Thus,
previous research did not consider the cortical entropy profile as an integrative
measure of dynamic activity in the brain and did not include out-of-sample
predictions of cognitive ability. In addition, the above-mentioned studies used taskspecific psychometrics rather than estimating a general cognitive ability based on
performances from multiple tasks. The following questions are still open. What is
the association between brain variability and general cognitive ability across
individual? Can this association be generalized to predict cognitive ability in outof-sample individual? (⑤ in Fig. 1-4).
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1.3 Objectives
Aiming to solve the questions mentioned above, this thesis is supposed to achieve
three objectives described in more details below.
1.3.1 Improve in vivo identification of criticality and test reliability of
variability measures
Firstly, we aim to apply recently developed statistical methods to human fMRI data
to derive a robust fitting of power law. Furthermore, the relationship between
scaling exponents in “crackling noise” (Priesemann et al., 2013; Touboul and
Destexhe, 2017; Ponce-Alvarez et al., 2018) will be used to exclude out other
possible mechanisms and more precisely identify the criticality.
Secondly, we aim to validate whether MSE and FC could serve as reliable and
effective proxy of spatiotemporal variability under limited resolution of imaging
modalities usually used in human subjects.
Thirdly, when associating the variability measure and cognitive ability across
individual, we will pay attention to the test-retest reliability and validity of the
proposed brain variability measure.
1.3.2 Reveal the anatomical factors influencing cortical criticality and
variability
We aim to reveal the anatomical factors influencing cortical variability across
functional regions and individuals.
Firstly, we will assess the multivariate pattern of variability-related measurements
in individuals. Then, we aim to understand the apparent spatial heterogeneity in the
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spatial distribution pattern of the signal variability. Finally, we investigate which
structural features determined individual differences in the variability pattern.
1.3.3 Explore trial to trial variability in evoked activity by variability of
ongoing spatiotemporal activity
We will explore the interaction between spontaneous activity and evoked activity
in trials from optical voltage imaging in mice brain under whisker stimulus. Firstly,
we will specify the TTV of evoked activity to be explored. Secondly, to test the
impact of ongoing activity on evoked activity, we will predict the evoked spatial
pattern in trials with the information from pre-stimulus ongoing activity patterns.
Finally, we will clarify whether the interaction is additive or non-additive.
1.3.4 Detect group difference and individual difference in brain functions using
brain variability
For brain disorder studies, animal models with tuning between consciousness and
unconsciousness can serve as testing benchmark to assess the capacity of our
measures in differentiating brain states. The knowledge from this kind of animal
model could be translatable to other mental diseases. Therefore, firstly, we aim to
detect the difference between anesthesia mice and wakeful mice using the
variability measures.
For individual intelligence, psychologists and brain scientists usually extract the
common latent variables from psychometrics to assess the general mental abilities
with the help of statistical tools (Barbey, 2018), called structural equation modelling
(SEM). This process is like using four branches of school study (e.g., English,
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physics, chemistry, and mathematics) to reflect the “smartness” of kids. We will
adopt the method and apply it to the large-scale dataset provided by HCP. We plan
to (i) estimate cognitive ability factor from psychometrics for each subject; (ii)
assess the criticality-related variability measure from whole brain fMRI data for
each subject; and (iii) explore the relationship between individual difference in the
variability measure and human cognitive ability under a prediction framework.

1.4 Reading guide
The studies conducted in the thesis utilized different data and could answer mixed
questions and objectives. A brief guideline is thus given for the reading.
Chapter 2 is a fundamental analysis to prove the validity of brain criticality theory.
It was done by identify power-law distribution of neuronal avalanche in human
fMRI. Advanced statistical approaches and criteria were also used to can rule out
the noise from data and other possible mechanisms, which can induce power-law
without criticality. This is related to Open Question 1.2.1.
Chapter 3 presents another methodological study that dealt with the issues caused
by human imaging resolution to the spatiotemporal variability assessment. In
addition, the measures were applied to classify groups of anesthesia and normal
brain states. It is related to Open Questions 1.2.1 and 1.2.4.
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Chapter 4 mainly answers Open Questions 1.2.3, i.e. how ongoing activity impacts
on evoked activity.
Chapter 5 relates to Open Questions 1.2.1 and 1.2.2 and 1.2.4. We developed
variability measure to fit the needs of test-retest reliability and then predicted
individual cognitive ability with the proposed measure. Besides, the structure
influence on variability across brain regions and individuals was also examined.
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Chapter 2. Identify critical point in human fMRI data
This chapter is related to Open Questions 1.2.1 on identifying and characterizing
criticality in real data.
In this Chapter, we firstly detected the neural avalanche in human fMRI data.
During the estimation of power-law for avalanche distributions, we applied
advanced statistical methods and prior knowledge from statistical physics to
provide clear support for the existence of brain criticality.
The context of this chapter is a part of the published work which I co-authored
(Wang et al., 2019) by completing the data analysis presented below.

2.1 Materials and Methods
MRI data acquisition
MRI datasets for 30 healthy young subjects were collected from the open-access
source Consortium for Reliability and Reproducibility (CoRR)
(http://fcon_1000.projects.nitrc.org/indi/CoRR/html/ipcas_1.html), which were
released by Xiaolan Fu and Ke Zhao (Zhao et al., 2013). The data acquisition was
done in a Siemens 3T scanner with a 12-channel head matrix coil. For sampling
resting state scan, subjects instructed to focus on fixation cross presented on screen.
The fMRI image scans were performed using a gradient-echo echo-planar imaging
(EPI) sequence, which contains 32 slices, TR=2000 ms, TE= 30 ms, FA= 90o,
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acquisition matrix = 64 × 64, FOV= 192×192 mm2, voxel size = 4×4×4 mm3 and
the duration is 414 secs.
fMRI data processing
The fMRI data were pre-processed using AFNI (http://afni.nimh.nih.gov/afni/) and
FSL (http://www.fmrib.ox.ac.uk/fsl/) according to standard pre-processing
protocols, and the first four volumes were excluded from analysis to ensure the
initial stabilization of fMRI signal. For each subject, motion correction was
executed through a 3D image realignment with the AFNI program 3dvolreg
function. To minimize the motion effects, previous study suggests that each
framewise displacement exceed 0.5 mm should be censored. EPI images were
motion and slice-time corrected, and spatially smoothed using a Gaussian kernel of
6 mm full width at half maximum. The temporal band-pass filtering (0.01 Hz <
𝑓 < 0.08 Hz) was performed to reduce the effects of low-frequency drift and highfrequency physiological noise. In addition, several sources of nuisance covariates
were eliminated using linear regression: 1) 6 rigid body motion correction
parameters, 2) the signal from the white matter and the signal from a ventricle
region of interest. Note that the global component of the fMRI fluctuations
measured during the resting state is tightly coupled with the underlying neural
activity, and the use of global signal regression as a pre-processing step in restingstate fMRI analyses remains controversial and is not universally recommended
(Schölvinck et al., 2010). Therefore, the global whole-brain signal was not removed
in this analysis, and some fMRI signals may inevitably have originated from
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sources other than brain activity. This process was performed for the brain partitions
of 54837 voxels. The coarse-grained signals from 1024 regions and 268 regions,
and the original pixel level fMRI time series were used to calculate the avalanches
and the brain criticality.
Here, subjects with bad quality structure MRI scans was not used for the paper’s
purpose (Wang et al., 2019), leaving data from 15 subjects to be used for confirming
the critical properties of the brain in the resting state.
Identification of critical properties
The power-law distributions of spatiotemporal avalanche sizes and durations were
used in previous studies to identify the critical properties in the human brain
(Tagliazucchi et al., 2012). In the temporally z-scored fMRI time series, we first
detected the activation events at site of brain regions where the signal is above a
threshold (e.g. mean+1std) at each time point (0: non-activated; 1: activated) and
obtained binary event sequences. Following that, the co-activated pixels at a given
time point were spatially connected (up, down, left and right, 4 directions) to form
a graph. For the 1024 and 268 regions parcellation, two regions were connected if
any pixels belong to them are spatial neighbors. Clusters at a given time were
detected by the independent connected components in the graph, whose size was
obtained by counting the number of voxels (or regions) belonging to the same
cluster. The avalanche was defined based on detected clusters. Clusters were
tracked along the time axis. If they have spatial intersection during consecutive
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frames of fMRI, they will be assigned to the same avalanche. Formally, this
algorithm was done as follows (Tagliazucchi et al., 2012): Let 𝐶𝑡𝑖 denote the i-th
cluster detected at time frame t. A cluster 𝑖0 starts an avalanche at a frame 𝑡 if for
𝑖

𝑗

𝑖

all j, 𝐶𝑡−1 ∩ 𝐶𝑡 0 =∅ (i.e., no activated voxels or regions exist in the cluster 𝐶𝑡 0 at
the previous fMRI frame). The avalanche extends when at the next frame if there
𝑖

𝑘
was a spatially overlapping cluster k, i.e., 𝐶𝑡 0 ∩ 𝐶𝑡+1
≠ ∅, until there were no new

spatial overlapping clusters at the following frame. The avalanche size was yielded
from counting voxel or region sites belonging to the same avalanche. And the
duration was given by the time difference of ending and starting frame of the
avalanche.
Due to limited time series length in the fMRI data, the detected avalanches of 15
subjects were put together to generate the group avalanche size distributions. The
avalanche samples from each individual were concatenated to obtain individual
distribution for a comparison with the group distribution.
Furthermore, during the fitting of power-law function, we followed the framework
of the Clauset’s maximun likelihood estimator (MLE) and the Clauset’s goodnessof-fit test (Clauset et al., 2009) and applied an improved method from (Marshall et
al., 2016). Briefly, the MLE algorithm supposes that the empirical data are sampled
from a power-law function in the range 𝑥 > 𝑥𝑚𝑖𝑛 , with probability density 𝑝(𝑥) =
𝛼−1

(

𝑥

𝑥𝑚𝑖𝑛 𝑥𝑚𝑖𝑛

)−𝛼 , and then computes the estimation of the fitting scaling 𝛼 for a given

𝑥𝑚𝑖𝑛 via
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𝑛

𝛼̂ = 1 + 𝑛 [∑ 𝑙𝑛
𝑖=1

𝑥𝑖
𝑥𝑚𝑖𝑛

−1

]

,

(1 − 1)

where 𝑛 is the sample size. This estimator is supposed to avoid systematic error
from least square-based method and provides a more reliable estimation of the
power-law scaling. It searched a best estimation 𝑥̂𝑚𝑖𝑛 in the data range to
minimize the KS statistics, i.e., minizing the maximum absolute difference between
cumulative probability distribution from empirical and fitting data. After estimating
the parameter 𝛼̂ and 𝑥̂𝑚𝑖𝑛 , the goodness-of-fit test was used to confirm the
plausibility of the power-law fitting, based on following priciple: the distance (KS
statistics, indicated by KSemperical) between the empirical data and the fitted model
̂ −1
𝛼

𝑝(𝑥) = 𝑥̂

𝑚𝑖𝑛

(𝑥̂

𝑥
𝑚𝑖𝑛

)−𝛼̂ should not be larger than that between the random generated

data from the same model (i.e., synthetic data) and the fitting data (indicated by
KSsynthetic). This test algorithm conducted 1000 realizations of random synthetic data
and compares the KSemperical and KSsynthetic. Consequently, the pgf is the probability
of 𝐾𝑆𝑒𝑚𝑝𝑒𝑟𝑖𝑐𝑎𝑙 < 𝐾𝑆𝑠𝑦𝑛𝑡ℎ𝑒𝑡𝑖𝑐 in this 1000 realizations. Clauset et.al. suggested
that the rule-of-thumb significance threshold is pgf >0.1 (Clauset et al., 2009).
However, this method does not take the maximum cutoff into account, typecally
caused by a finite size effect or lack of efficent data. We then turned to a revised
version of MLE to obtain the power-law fitting with double truncation (Marshall et
al., 2016). Breifly, it revises the likelihood function when considering a maximum
cutoff 𝑥𝑚𝑎𝑥 , to be
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𝑥𝑚𝑎𝑥

𝑁

𝐿(𝛼) = − ln ( ∑ 𝑥

−𝛼

𝑥=𝑥𝑚𝑖𝑛

𝛼
) − ∑ ln(𝑥𝑖 ) .
𝑁

(1 − 2)

𝑖

A lattice search algorithm was applied to estimate the power-law exponent 𝛼̂ that
maximizes 𝐿(𝛼) for the give range of 𝑥𝑚𝑖𝑛 and 𝑥𝑚𝑎𝑥 . And the goodness-of-fit
test was conducted in the result at this stage. If the test fails, the method continued
to search for a smaller range of 𝑥𝑚𝑖𝑛 and 𝑥𝑚𝑎𝑥 in logrithm scale and repeated
fitting process till the truncated power-law hypothesis was accepted under the
significance level pgf >0.1. The final succeeded fit will give the estimation of 𝛼,
𝑥𝑚𝑖𝑛 and 𝑥𝑚𝑎𝑥 .
Note that the threshold for detecting the actiavtion event would affect the statistics
of power-law distributions of avalanche sizes and durations (Beggs & Plenz, 2003;
Yu et al., 2017). Here we examined a range of threshold and found that a powerlaw distribution emerge with the threshold value around 2 standard deviation and
we used 1.80, 1.51 and 2.18 standard devaitation for 54837 voxels, 1024 regions
and 268 regions.
In addtion, theoritical works have proposed to differentiate power-law distribution
from critical or non-critical dynamics by checking relationship between the scaling
exponents in avalanche size distributuion 𝑃(𝑠), duration distribution 𝑃(𝑑) and
the average size under given duration 〈𝑠〉(𝑑) (Ponce-Alvarez et al., 2018;
Priesemann et al., 2013; Touboul & Destexhe, 2017). Suppose 𝑃(𝑠) ∝ 𝑠 −𝛼 ,
𝑃(𝑑) ∝ 𝑑 −𝜏 and 〈𝑠〉(𝑑) ∝ 𝑑−𝛾 , a critical system should satisfy the relationship
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𝛾=

1−𝜏
1−𝛼

, which is called “crackling noise relationship”. The underlying idea is the

scale similar feature in critical system. The evolution law of avalanches would be
the same at different sizes and durations. This rationale is model independent and
identical for all systems in the same universality class (Friedman et al., 2012; Sethna
et al., 2001). Here we also explored this relathionship among critical exponents to
put more constraint for the identification of criticality.
Derivation in individual criticality
Besides analysis on group level, we investigated the resulted power-law distribution
in individual level. The deviation between the distributions of avalanche sizes in
the individual and group was obtained by averaging the absolute difference between
individual and group cumulative probabilites in each existing avalanche size.
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2.2 Results

Fig. 2-1. Power-law distributions reflecting the brain criticality in the resting state.
Figure is adapted from Wang et al., 2019. The power-law distributions of avalanche sizes
(left panel), avalanche durations (middle panel) and the power-law relationship between
avalanche sizes and durations (right panel) for (A) 54837 voxels, (B) 1024 regions and (C)
268 regions. The power-law exponents of avalanche sizes (𝛼) and avalanche durations (𝜏)
are also shown, as well as the results for goodness-of-fit (𝑝𝑔𝑓 ). The power-law exponent
(𝛾𝑟 ) fitted from the relationship between avalanche sizes and durations are compared with
1−𝜏

theoretical prediction using formula 𝛾𝑡 = 1−𝛼.

Firstly, the avalanches were detected in individual and statics of avalanche size and
duration were pooled to form the group-aggregated distribution. Resulted from
three resolutions, namely the 54837-voxels level, 1024-ROIs level and 268-ROIs
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level, were fitted and tested using the approaches from Marshall et al., 2016. In
pixel resolution (Fig. 2-1, A), we obtained significantly good fit of power law
functions with exponents for avalanche size α = 1.82, pgf = 0.85 > 0.10 , for
durations 𝜏 = 3.89, pgf = 0.32 > 0.10. And the power-law exponent fitted from
the relationship between avalanche sizes and durations γr = 3.52 are close to the
1−τ

theoretical prediction based on the crackling noise relationship γt = 1−α = 3.54,
which excluded other mechanism to generate power and thus reflects criticality.
With the coarse resolution in ROI scales, the avalanche size and duration can also
be well-fitted with power law function and the crackling noise relationship were
observed in empirical data. This is consistent with the scale invariant of system at
criticality.
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Fig. 2-2. Distributions of avalanche sizes in individuals in the resting state. Figure is
adapted from Wang et al., 2019. The cumulative probability distributions of avalanche sizes
at each subject for parcellation of (A) 54837 voxels, (B) 1024 regions and (C) 268 regions,
compared to fitted power law scalling (black line) from the group-aggregated distributions
of avalanche sizes (dashed lines in Fig. 2-1, left panel). (D) The deviations between
individual distributions of avalanche sizes and the power-law fittings of group-aggregated
distribution across multiple scales.

Addition to the group level analysis, we also investigated the deriviation of
individal criticality property from the group-aggregated result. In Fig. 2-2 A-C, the
distributions of avalanche size counted in each subject under different resolutions
were offered. Though the individual distributions generally follow the fitted power
law scalling from group aggregated distribution, individualized derivation could be
observed, for most of the cases, in the tail (large scale avalanches) of the distribution.
Being consistent with this observation, when we quantified the derivation in
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subjects (see Materials and Methods), the smallest derivation appears in voxel level
while the largest derivation are seen in coarsest level (268 ROIs, Fig. 2-2 D). This
results from the fact that the large scale avalanches are rare and the coressponding
probability is small and depend on the system size given by the resolution. fMRI
has constant time range and the resolution reduction in the space leads to reductions
in avalanche detections. A limited sample size of avalanche events caused difficulty
to form a reliable estimation of individual avalanche distribution.
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2.3 Conclusion and Discussion
In this chapter we identified criticality in real human fMRI with advanced statistical
method and knowledge about critical system. The MLE fiting method with double
truncation overcomed the statistical fault of previous least square based fitting and
most sources of noise such as random noise at small sizes and finite size effect for
large avalanches. The introduction of the crackling noise relationship partially
reliefed the concerns about origin of power law from non-critical mechanisms. In
summary, the evidences obtained in this Chapter supports that the young healthy
brain is operating at criticality.
Consistent with the crackling noise relationship, recent studies also hightlighted the
dynamics at criticality, as the temporal growth shapes from the propagation of
activated cluster size in avalanche for different durations could collapse onto a
single universal curve after rescaling the duration time (Gleeson & Durrett, 2017;
Miller et al., 2019). This approach and the crackling noise relationship criteria both
consider scale invariant feature in critical system. These accmulating knowledge
will benefit to the identification of criticality in emprical studies.
However, the fitted scalling could still be sensitive to the spatial or temporal
filtering of the data and the parameters in the detection of avalanche, like activation
threshold used here and the temporal binning size, suggested by (Beggs & Plenz,
2003; Yu et al., 2017). Further more, the truncation raises a concern that whether a
power-law detected in a very short scaling range could support the critical nature
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of the observed system. By adjusting the data preprocessing and the detection
criteria of avalanche, the results could approach or deviate from observing the
relationship of power-law scalling. Whether it suggests a correct choice of
parameter or an man-made artefect remains elusive. Further works need to be done
to clarify these issues and to provide a guidance for a cleaner identification of
criticality in emperical data. For example, the influence of data resolution and
preprocessing should be explored using high quality data with higher resolution,
more proper denoising and larger sample size, such as HCP data which became
available at a late stage of this thesis. In addition, the goodness-of-fit should be
compared to the fitting results with other alternative distribution hypothesis such as
log-normal to get more solid evidence of power-law scaling.
What’s more, we observed a individually different deviation from the group fitted
power-law distribution. However, here we witnessed the deviation were mostly
contributed by the rarely large events, which could be out of noise. Besides, the
deviation values depended on the choice of system size limited by observing
resolution. In other words, though individuals could show difference in their
criticality relating to behavior (Palva et al., 2013), the avalanche distribution based
quantities to reflect distance to criticality could be restricted by many
methodological factors. A proxy measure to reflect critiaclity from other aspects,
such as the spatiotemporal variablity, could be needed for us to explore the
association between criticality and behavior in terms of individual difference.
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Chapter 3. Assessing spatiotemporal variability using
multiscale entropy and functional connectivity
This chapter is related to Open questions 1.2.1 and 1.2.4, on validating the
established brain measures on real data with limited resolutions and differentiating
anesthesia and wakefulness states in the cortex of mice.
In the last section, we mentioned that the power-law based description of criticality
can be restricted by methodological concerns, and thus a proxy to reflect variation
from criticality is needed. When the system approaches critical state dynamics, the
variability of spatiotemporal patterns of cortical activities, which can be measured
by regional entropy (RE) and interpreted as information capacity, is maximized
(Shew et al., 2011; Fagerholm et al., 2016). Therefore, the spatiotemporal
variability could be a proxy for changes in criticality of the brain. However, reliably
measuring the spatiotemporal variability requires data acquisition with sufficient
spatiotemporal resolution, but existing technologies to measure human brain
activity are limited either in spatial or temporal resolution. In this Chapter, we
investigated whether multiscale entropy (MSE) and functional connectivity (FC),
which are prevalent measures for EEG and fMRI studies respectively, could
reliably assess spatiotemporal variability (RE) under empirical data resolution and
brain state changes like drug induced anesthesia.
Using genetically encoded voltage indicators (GEVI) based voltage imaging data,
we utilized the high spatial and temporal resolution to investigate the performance
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of FC and MSE in detecting changes of RE across cortical region, time window and
brain states. We found that across different cortical regions, MSE at small and large
temporal scales respectively showed high positive and negative correlations to RE,
and FC associated RE with a negative correlation. Temporal fluctuations of the
cortical mean of FC and small scale MSE over time windows reflected RE
variations in ways of significant negative and positive correlation respectively,
while large scale MSE changes could not tightly coupled to RE changes but showed
negative correlations. These relationships between RE and small scale MSE and
between RE and FC were reproducible across anesthesia and wakefulness brain
states. We also used simulations to study the effect of coarse resolutions on the
measures and their relationships. With resolutions used as analogy to human
neuroimaging, these relationships were weakened to different extent but can still
maintain significant until the spatiotemporal information was severely destroyed.
The main contents of this chapter is from my published and first-authored work
(Liu et al., 2019), where I designed the experiments, wrote the paper, did the data
analysis and visualizations.
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3.1 Materials and Methods
GEVI-based optical voltage imaging using transgenic mice
All regulated procedures were in accordance with the UK Animal Scientific
Procedures Act (1986) under Home Office Project and Personal Licenses following
appropriate ethical review.
Voltage imaging was performed as described in (Akemann et al., 2010, 2012; Scott
et al., 2014). Briefly, 5 transgenic mice expressing the genetically encoded voltage
indicator (GEVI) chimeric VSFP Butterfly (Mishina et al., 2014; Song et al., 2018)
in pyramidal neurons across all cortical layers (CaMK2A-tTA;tetO-chiVSFP) were
used. Fluorescence intensities of the chimeric VSFP Butterfly voltage indicator’s
FRET donor and acceptor fluorescent proteins decrease and increase, respectively,
with membrane depolarization. Hence, the ratio of acceptor and donor fluorescence
reports membrane voltage changes and is (at least nominally) independent of
indicator concentration. The epifluorescence imaging approach we used here
restricts optical access and signal detection to the superficial cortical layers.
Under surgical anesthesia, all animals were implanted with a transcranial cortical
window through a thinned but otherwise fully intact skull and a head-fixation post.
Image acquisition was performed using a dual emission widefield epifluorescence
macroscope equipped with two synchronized CMOS cameras, using high power
halogen lamps for fluorescence excitation (Moritex, BrainVision) and the following
optics (Semrock): mCitrine (donor) excitation 500/24, mCitrine emission FF0142

542/27, mKate2 (acceptor) emission BLP01-594R-25, excitation beam splitter
515LP, and detection beam splitter 580LP. The voltage signals were computed from
the ratio (R) between the acceptor and donor fluorescence (Facceptor, Fdonor, acquired
with the two cameras, R=Facceptor/Fdonor), as ΔR/R = (R(t) – Rmean) / Rmean (Akemann
et al., 2010, 2012). Contamination of the voltage signals by optical signals caused
by blood volume and oxygenation changes (known to be associated with neuronal
activity) was minimized by signal gain equalization as described in Akemann et al.
(2012).
The datasets were acquired at 150 Hz sampling rate and covered cortex-wide twohemisphere field of view. Imaging session of 180s duration were acquired during
the mice gradually recovery from 40 mg/kg pentobarbital sodium sedation to
wakefulness. Spatial resolution of the optical imaging system reaches 66 x 66 µm
per pixel, which by approximate estimations captured activities from 400 neurons
according to neuron density in mouse cortex given in (Keller et al., 2018)
The level of consciousness was tracked using the heart rate as a proxy (Lecci et al.,
2017). A brain state with an absolute lack of spontaneous limb and whisker
movements in the behavior monitoring and heart rate below 9 Hz is categorized as
“anesthesia”. The state where the animal occasional exhibited spontaneous body
movements and whisking and heart rate above 9Hz is indicated as “wakefulness”.
Based on these criteria, two trials were selected for each mouse, each of which
corresponds to the state of anesthesia and wakefulness.
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Data preprocessing
Detailed descriptions of methods to convert raw fluorescence signals to neuronal
voltage signals were as described (Akemann et al., 2013; Shimaoka et al., 2017).
After the extraction, we used 0.5 Hz high-pass temporal filtering in all datasets
(Chebyshev Type II, function imfilter, MATLAB, Mathworks Inc, USA) for
improving signal-to-noise ratio and detrending. We detected movement artefacts
periods with large fluctuations (amplitude > mean +3 std) in the filtered voltage
signal and excluded from the analysis.

The seed region, binary patterns and the Regional Entropy
Regional entropy (RE) measures spatiotemporal pattern variability and is meant to
quantify the repertoire size of collective spatiotemporal pattern of neuronal
population. It is also interpreted as the information capacity (Fagerholm et al., 2016;
Shew et al., 2011). To compute RE in our dataset, we focus on seed regions as
square windows consist of 𝑑 × 𝑑 pixels. Seed regions that contain pixels outside
the boundary of the imaged cortex were excluded from calculations. RE was then
calculated based on the 𝑑2 signals within each seed regions covering the imaged
mouse cortex.
For each seed region, we detect binary patterns by identifying binary events for
every signal at pixel 𝑥𝑡 , referring to threshold of the standard deviation above mean
value:
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𝐵𝑡 = {

0(𝑖𝑓𝑥𝑡 < 𝑚𝑒𝑎𝑛 + 1𝑠𝑡𝑑)
1 (𝑖𝑓𝑥𝑡 ≥ 𝑚𝑒𝑎𝑛 + 1 𝑠𝑡𝑑 ).

(3 − 1)

The binary pattern within the window corresponds to a 𝑑 2 bits binary number,
which can be further converted into a decimal number pattern label, varying within
2

a range between 0 to 2𝑑 . This pattern labelling process of RE is demonstrated in
Fig. 3-1 (a).
Finally, RE was calculated based on the probability of occurrence of the 𝑖 -th
pattern, 𝑝𝑖
𝑅𝐸 = − ∑ 𝑝𝑖 lo g(𝑝𝑖 ) .

(3 − 2)

𝑖

Results computed with 𝑑 = 5 (330 µm) were presented for illustrations; The effect
of window size is checked in Supplementary Materials Fig. 3-S10. Conclusions
hold for different window sizes.

Multiscale Entropy
Brain signals typically showed structured fluctuations across multiple temporal
scales, along with the properties of long-range correlations and non-linearity.
Multiscale entropy (MSE) and its variations were developed to better characterize
these properties in empirical data (Azami et al., 2016; Costa et al., 2002; Li et al.,
2010; W. Shi et al., 2017).
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Here we selected a specific version of MSE called multiscale dispersion entropy for
its computational efficiency (Azami et al., 2017). The original MSE (Costa et al.,
2002) is computed using sample entropy, which is highly computational expansive
(O(𝑁 2 )). Dispersion entropy shared similarity to sample entropy, but it is more
tolerant to the noise and can remarkably shorten the computation time (O(𝑁)). MSE
calculations using either sample entropy or dispersion entropy leads to similar
results in applications in neural time series data (Kuntzelman et al., 2018). In this
Chatper, MSE refers to multiscale dispersion entropy.
The calculation of multiscale dispersion entropy includes two steps (i) coarsegraining the original signal to zoom in different temporal scales, and (ii) calculating
the dispersion entropy in the coarse-grained signal. Coarse-graining is achieved by
binning the original signal 𝑋 = {𝑥1 , 𝑥2 , … , 𝑥𝑡 } and calculating the mean value
within the bins of length s to generate a new series 𝑌 𝑠 ,
𝑗𝑠

𝑦𝑗𝑠 = 1/𝑠

∑

𝑥𝑘 , 1 ≤ 𝑗 ≤ 𝑁/𝑠.

(3 − 3)

𝑘=(𝑗−1)𝑠+1

The length of the bin, s, is thus referred as the scale factor.
Dispersion entropy discovers the so-called dispersion patterns (symbolic dynamics
patterns) in a time series, and then calculates Shannon entropy based on the pattern
appearance probability distribution. An illustration of the major computation
procedures is shown in Fig. 3-1 (b). First, measurements values at time points of
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the time series are mapped to one of the c classes (classes label 𝑧𝑖 , ranges from 1
to c) by the transformation of the normal cumulative distribution function (NCDF),
𝑥𝑖

𝜃𝑖 = 1/𝐷√2𝜋 ∫ 𝑒𝑥 𝑝(−(𝑥 − 𝑀)/2𝐷2 ) 𝑑𝑥,

(3 − 4)

𝑧𝑖 = 𝑟𝑜𝑢𝑛𝑑(𝑐 ∗ 𝜃𝑖 + 0.5).

(3 − 5)

−∞

followed by,

The mean M and standard derivation D of the NCDF were given by the mean and
standard deviation of the original signal 𝑋, and remained fixed across all coarsegrained temporal scales. This could be analogy to the “tolerance” parameter in
original multiscale entropy calculations (Costa et al., 2002). Next, a sliding window
of length m and step length τ was used to count the occurrence frequency of each
𝑐 𝑚 potential dispersion patterns. Finally, based on the probability of each of these
dispersion patterns, we calculated the Shannon entropy. The dispersion entropy was
computed for each new series 𝑌 𝑠 . Theoretically, the maximum value of dispersion
entropy was reached when the signal is totally random and thus all dispersion
patterns can exist with equal probability, while the smallest possible value appears
when signal is periodic and thus only a single dispersion pattern exists (Azami et
al., 2017; Rostaghi & Azami, 2016).
We used the recommended parameters of c= 6, τ = 1 , and 𝑚 = 2 according to
(Azami et al., 2017; Rostaghi and Azami, 2016).
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The MSE values computed at each pixel within one seed region were then averaged
for comparison with the RE of the corresponding seed region.

Fig. 3-1. Illustration of the pattern-labelling procedure for regional entropy (RE) and
multiscale dispersion entropy (MSE). Figure adapted from Liu et al., 2019. (a) Pattern
labelling process for regional entropy with an example of 3 × 3 seed region (In below study
5 × 5 was used).

(b) An demonstration of the dispersion pattern detection in dispersion

entropy with c= 3, τ = 1 and 𝑚 = 2. (In below study 𝑐 = 6 was used).

Functional Connectivity
Functional connectivity (FC) quantifies the temporal correlation between pairs of
time series. For each pixel, correlations between selected pixel signal and remaining
time-series of all other pixels on the cortical regions were computed, and then the
absolute values (negative correlation accounting for out-of-phase synchrony) were
averaged to obtain a FC strength. The FC strength (absolute FC) reflects
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spatiotemporal synchronization and describes the strength of synchrony between
the signal from one pixel and the global signal.
Similarly, the resulted FC values from each pixel located in the 𝑑 × 𝑑 pixels seed
region was averaged for the comparison with RE of the same region.
Signal resolution simulation
To simulate the scenario of MSE and FC applications under acquisition resolution
in human data, we reduced the resolution of our datasets in either space or time and
recalculated MSE and FC.
To obtaine a reduced spatial resolution, we applied Gaussian spatial smoothing on
our voltage imaging data with strength, indexed by different kernel standard
deviations 𝜎 (function imgaussfilt in MATLAB R2016a, Mathworks Inc, USA).
A larger 𝜎 leads to lower spatial resolution.
To simulate a decreased temporal resolution, we conducted a temporal band pass
filtering with decreasing upper bound as reported in the Results section. Lower
bound remains to be 0.5Hz.
Transformation of neuronal membrane voltage signals into simulated BOLD
signals
The exact mapping between neuronal membrane voltage and the BOLD signals
measured with fMRI is an unresolved issue of debate (Bandettini, 2014). Despite
being admittedly over simplistic, fMRI works in numerous literatures are applying
49

the BOLD-neural activity mapping established by Logothetis et al. (2001). This
mapping based on the convolution of the electrical signals with a response kernel
function that implements temporal averaging and delay (Mukamel et al., 2005; Nir
et al., 2007; Privman et al., 2007). The response function (Fig. 3-2) was generated
from Statistical Parametric Mapping (SPM) toolbox with the default setting (6
seconds delay of response peak, 16 seconds delay of undershoot, 32 seconds length
of kernel). The generated kernel covers 32 seconds and thus generate one point of
BOLD signal by integration over the past 32 seconds of voltage signal. Since the
convolution started at 32 seconds after the voltage signal recording onset, the first
BOLD signal appears at 32 second. When comparing BOLD and optical voltage
signals, we need to exclude the voltage signals within the first 32 seconds. The
yielded BOLD signal was further down-sampled to 1Hz sampling rate to simulate
practical fMRI.

Fig. 3-2. Illustration of the simulated BOLD signal in response to a membrane voltage
impulse. Figure adapted from Liu et al., 2019. (a). The shape of an impulse (Dirac pulse, delta
function). (b). shape of superimposing multiple impulses.
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Statistical analysis
The correlation analysis was performed with the algorithms provided by MATLAB
R2016a (function corrcoef, Mathworks Inc, USA). Wilcoxon signed rank test was
implemented in the group comparison to test the significance in difference between
anesthesia and wakefulness states.
To control the false discovery rate (FDR) in multiple testing and comparisons, we
further corrected the obtained p-values via the Benjamini-Hochberg method
(function p.adjust in R-language) at FDR=0.05 level. The pooled p-values gone
through correction were depicted in the figure caption. The adjusted p values were
required to be less than 0.05 to support the significance of discovered correlations
or differences.
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3.2 Results
3.2.1 FC and MSE detect RE changes in space and time

Fig. 3-3. MSE and FC correlates with spatial and temporal patterns of RE in wakefulness
brain states. Figure adapted from Liu et al., 2019. (a-c) The spatial maps of (a) RE, (b) FC, (c)
small scale MSE (s=1) and (d) large scale MSE (s=20) calculated from 180s voltage imaging
at 150 Hz in mouse #1. (e) Cortex-wide region-wise correlation of RE-FC strength using data
from (a) and (b). (f) Cortex-wide region-wise correlation of RE-small scale MSE (blue) and
RE-large scale MSE (red) using data from (a), (c) and (d). (g) The scatter plot and box plot of
RE-FC correlation (left, grey) and RE-MSE correlations over 20 scales (right) from 5 mice in
the wakeful group. The p-values from 105 plotted correlations were corrected together. Filled
data points show p<0.05. Box plots show median (line inside box), 25th and 75th percentiles
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(box edges), the most extreme data points excluding outliers (whiskers), and any individual
outliers ('+' symbol). (h) Z-score showing the temporal evolution of the spatial average across
all seed regions for RE, FC, small scale MSE and large scale MSE for mouse #1. Each time
point was the spatial average value of RE, FC, MSE calculated within a sliding window of 33s
(26s overlap). The time axis shows the onset time of corresponding time window. The values
of FC and MSE s=20 were multiplied by -1 for illustration of evolution trends with RE. (i) REFC and RE-MSE correlations in the temporal evolutions from the wakefulness group. The pvalues in (i) were corrected together. Individual analyses of the other 4 mice are shown in Figs.
(3-S1)-(3-S4). * indicates p-values < 0.05.

To test whether FC and MSE can reflect the RE changes across the cortex, we first
obtained RE, FC, MSE from different cortical seed regions with the full-length
voltage signals for each recording from wakeful mice. The resulting spatial pattern
of RE (Fig. 3-3(a)), FC (Fig. 3-3(b)), and MSE at small scale (s=1; Fig. 3-3(c)) and
large scale (s=20; Fig. 3-3(d)) are given (mouse #1 in the wakefulness state as
example). RE values varied across the cortex, with higher RE values located in the
prefrontal areas and lower around the posterior regions (Fig. 3-3 (a)). At the same
time, the spatial distribution of FC values is largely reversed along the frontalposterior axis (Fig. 3-3 (b), (e); RE-FC r=-0.728, p<0.001, mouse #1), and this is
observed at the group level as well (Fig. 3-3 (g)). The small scale MSE spatial map
is similar to the RE map (Fig. 3-3 (c), (f); RE-small scale MSE r=0.973, p<0.001,
mouse #1) while the large scale MSE map showed reversed pattern (Fig. 3-3 (d),
(f); RE-large scale MSE r=-0.939, p<0.001, mouse #1). For other mice, the MSE53

RE cross-region correlation systematically change with MSE scale, where the
correlation coefficients dropped from positive values near +1 at small scales to
negative values near -1 at large scales (Fig. 3-3 (g)).
RE of spontaneous brain activity could fluctuate with the time evolution, hence we
next checked whether FC and MSE can track RE in sequential time windows. Cochanges of spatially averaged RE, FC and MSE values suggested that FC and small
scale MSE tightly traced the temporal fluctuations of RE (Fig. 3-3 (h)). However,
large scale MSE only roughly followed the trend of RE variation and failed to
reflect detailed small fluctuations. This observation is less sensitive to the selection
of window size (Fig. 3-S11). FC-RE correlations were all negative in the other mice
(Fig. 3-3 (i)), and the association between MSE and RE in temporal evolution
decreases along the increasing MSE scale (Fig. 3-3 (i)). Additional analysis showed
that though the temporal variation of RE, FC and MSE could not perfectly reflect
each other, the spatial patterns from the same time window are still highly similar
(see Fig. 3-S12). This suggests that the FC/MSE correlations to RE across cortex
and time evolution could be independent and may respectively relate to the
capability to reflect spatial and temporal variabilities.
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3.2.2 FC and MSE performance in anaesthetized state

Fig. 3-4. RE-assessment by MSE and FC in anesthetized brain state. Figure adapted from
Liu et al., 2019. (a-c) Spatial maps of (a) RE, (b) FC, (c) small scale MSE (s=1) and (d) large
scale MSE (s=20) calculated from the full-length voltage signals in exemplified mouse #1 under
anesthetized state. (e) Cortex-wide seed-region-wise correlation of RE-FC strength using data
from (a) and (b). (f) Cortex-wide region-wise correlation of RE-small scale MSE (blue) and
RE-large scale MSE (red) using data from (a), (c) and (d). (g) The scatter plot and box plot of
RE-FC correlation (left side) and RE-MSE correlations over 20 scales (right side) from 5 mice
in anesthesia group. The p-values in (g) were corrected together. (h) Temporal evolution of the
cortex-wide average values of RE, FC, small scale MSE and large scale MSE for mouse #1
under anesthetized state. (i) The scatter plot and box plot for RE-FC and RE-MSE correlations
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temporal evolutions from the anesthesia group. The p values in (i) were corrected together.
Individual analyses of the other 4 mice are shown in Figs. (3-S5)-(3-S8).

FC and MSE have been widely accepted and applied as biomarkers in analysis to
differentiate brain activity under different states. In the next, we continue to
investigate whether the association of MSE and FC to RE withstand the changes of
brain states. As in the wakefulness state (Fig. 3-3), RE and small scale MSE
depicted similar spatial patterns (Fig. 3-4 (a), (c), (f); small scale MSE-RE r=0.989,
p<0.001, Mouse #1) while FC (Fig. 3-4 (e); RE-FC r=-0.869, p<0.001, Mouse #1)
and large scale MSE (Fig. 3-4 (a), (b), (d), (f); large scale MSE-RE r=-0.941,
p<0.001) displayed inverted spatial maps. At the group level, transition in MSE-RE
correlation from positive to negative could be observed with increasing scale size
(Fig. 3-4 (g)). And as observed in wakefulness (Fig. 3-3), FC and small scale MSE
reliably reflects RE in temporal evolution under anaesthetized state, but RE is not
well-assessed by large scale MSE (Fig. 3-4 (h)). Therefore, in our data, the FC-RE
and small scale MSE-RE correlations is not influenced by changes of brain states
(anesthesia vs wakefulness), but large scale MSE-RE correlation could is less
robust to brain states (level of anesthesia in the present data).
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3.2.3

Group level comparisons across brain states

Fig. 3-5 Group level RE, FC and MSE comparisons across brain states. Figure adapted
from Liu et al., 2019. (a-c) Cortex-wide average (a) RE-FC, (b) RE-small scale MSE, and (c)
RE-large scale MSE correlations across anaesthetized and wakefulness states from individual
mice (N = 5). (d-e) The box plots and paired ladder plots of cortex-wide RE and FC. (f) The
box plots for MSE in anaesthetized and wakefulness conditions. P-values in (d), (e), (f) were
corrected. * indicates p-values < 0.05.
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MSE and FC may serve as valid biomarkers when they can detect spatiotemporal
neuronal dynamics differences induced by change of brain states within a subject.
To explore this point, we computed the cortex-wide average RE, FC and MSE using
the full-length (180s) voltage imaging data. Negative RE-FC correlations across
individuals can be observed (Fig. 3-5 (a); r=-0.803, p=0.106 for anesthesia, r=0.920, p=0.040 for wakefulness).

The scatters are distributed roughly near a

straight line, suggesting that the FC and RE co-vary with RE changes caused by
brain state. We also revealed positive RE-small scale MSE correlations (Fig. 3-5
(b); r=0.989, p=0.004 for anesthetized, and r=0.931, p=0.043 for wakefulness) and
negative RE-large scale MSE (Fig. 3-5 (c); r=-0.818, p=0.109 for anesthesia, and
r=-0.993, p<0.001 for wakefulness) across individuals.
Comparing between the anesthetized and wakefulness states, we witnessed a
significant global increase in RE (Fig. 3-5 (d); p=0.049) and a decrease in FC (Fig.
3-5 (e); p=0.049). In MSE, significant increase appeared at scale 1 and significant
decrease showed at larger scales (Fig. 3-5 (f)).
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3.2.4 FC and MSE performance under limited resolutions of human
neuroimaging
The preclinical and clinical studies in humans could often be subject to technical
limitations of the imaging modalities, which added difficulty for FC and MSE to
keep being associated with RE. The BOLD signal in fMRI is but direct measuring
electrical signaling but only a proxy for temporally averaged (in the order of 1 sec)
electrical activity (in high-resolution fMRI at submillimeter spatial resolution). And
EEG suffers from low effective spatial resolution due to current spread through
routinely acquired at kHz sampling rates. To validate the applicability of the
understanding from present results to human neuroimaging studies, we simulate a
condition approximating the spatiotemporal resolution of typical fMRI and EEG
recordings in humans by manipulating the resolution of our data from the
wakefulness condition. Our aim was to exam the effects of reducing temporal or
spatial resolution on FC and MSE, in terms of the robustness of their assessment
for spatiotemporal neural variability under the constrain of human neuroimaging.
We used RE from the full resolution data as a benchmark and associate it with MSE
and FC re-calculated after resolution reduction. Wakefulness state data were used
throughout this analysis, and results from mouse #1 were shown with more details
as example.
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FC and MSE performance under reduced temporal resolution

Fig. 3-6. RE-assessment by MSE and FC under temporal filtering of data. Figure adapted
from Liu et al., 2019. (a-d) Spatial maps of full resolution RE and recalculated FC, small scale
MSE (s=1) and large scale MSE (s=20) from the full-length voltage signal in mouse #1 with
0.5-25Hz bandpass filtering. (e-g) RE-FC (e), RE-small scale MSE (f), and RE-large scale MSE
(g) correlations in mouse #1 with 0.5-25Hz bandpass filtering (orange) and full resolution (blue,
0.5-75Hz). (h) Region-wise RE-FC correlation changes with increasing temporal filtering (cutoff frequency from 75 Hz in full resolution data to 25 Hz). (i) Region-wise RE-MSE
correlations across scale factors under temporal filtering. P-values for (h) and (i) under the same
filtering were corrected together. (j) The time evolution of the global mean value of full
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resolution RE and FC, small scale MSE and large scale MSE from mouse #1 under 0.5-25Hz
bandpass filtering. (k)-(l) The plots corresponding to (h) and (i), but here calculated from time
evolution in (j). P-values in (k) and (l) under the same filtering were corrected together. Scatter
plots for individual mice for (i) and (l) are shown in Fig. 3-S9.

The effects of a modest reduction in temporal resolution was firstly explored. We
recalculated FC and MSE after applying a temporal bandpass filtering the voltage
imaging data with bandwidth of 0.5-50Hz and at 0.5-25Hz. In mouse #1, the spatial
patterns (0.5-25Hz bandpass filter) from small scale MSE (s=1) and large scale
MSE (s=20) largely maintained detailed similarity to the features showed in the full
resolution RE map (Fig. 3-6 (c), (d)), while the FC gaven a pattern with less
similarity to the full resolution RE map (Fig. 3-6 (b)). Temporal filtering induced
an overall increase in values of FC and large scale MSE and a decrease in values of
small scale MSE, but the correlation between FC or MSE to RE remains largely the
same (Fig. 3-6 (e)-(g)).
In group level analysis (Fig. 3-6 (h)), temporal filtering (0.5-50 Hz and 0.5-25Hz)
introduced slight reduction of the FC-RE negative correlations. As for MSE-RE
correlation, there is minor influence on the positive correlation at small scales and
negative correlations at large scales (Fig. 3-6 (i) and Fig. 3-S9). But the increasing
temporal filtering caused a obvious shift of the transition point from positive to
negative correlation in MSE (Fig. 3-6 (i)).
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FC and MSE kept linked to the RE temporal evolution after stronger temporal
filtering (0.5-25Hz; Fig. 3-6 (j)). The FC-RE correlations strength (absolute value
of correlation) in time are weakened or increase with small degree by temporal
filtering (Fig. 3-6 (k)), while the MSE-RE correlation in time is profoundly affected.
MSE-RE correlation zero-transition point is moved towards larger scales (Fig. 3-6
(l)), and the association between RE and large scale MSE is gradually decreased
(Fig. 3-6 (l)). The results demonstrated similar phenomena in subjects (Fig. 3-S9).
Hemodynamics effects on the performance of FC in assessing RE

Fig. 3-7. RE-assessment by FC in simulated BOLD signal. Figure adapted from Liu et al.,
2019. (a-b) An example trace of the original optical voltage signal (a) and its corresponding

power spectrum (b). (c) The simulated BOLD signal using (a) before down-sampling to
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1Hz. (d) The power spectrum of simulated BOLD signal in (c). (e)-(f) map of the full
resolution RE and recalculated FC from mouse #1. (g) RE-FC using original signal and the
simulated BOLD signal. (h) The original and recalculated region-wise FC-RE correlations
across cortical space. (i) The time evolution of the global mean value of full resolution RE
and recalculated FC from mouse #1. (Note the onset now at 32 s that due to the
hemodynamics response function; see Methods.) (j) The corresponding plot of (h) but from
time evolution in (i).

To simulate FC measures obtained from fMRI data, we transformed our voltage
signal into simulated BOLD signal using a response function. This is equal to
implementing temporal averaging and a delay as described in (Logothetis et al.,
2001; Fig. 3-7, see Methods). The simulated BOLD signal is featured by slow
fluctuations and a peaked near 0.09Hz in the frequency power spectrum in contrast
to the optical voltage signal that showed peak power frequency at 1.94Hz (Fig. 3-7
(b), (d)). We further created the typically slow sampling rate close to fMRI by down
sampling the converted BOLD signal to 1Hz. However, through the short length of
the resulting time series (148 time points) is much similar to typical fMRI time
series length, it is not sufficient for the usage of MSE that needs samples of enough
temporal patterns to reliably reflect the underlying signal variability, especially at
large scales. Therefore, we only exanimated the FC-RE correlation under this
condition.
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In Fig. 3-7 (f), the recalculated FC map displayed patterns that totally different from
the full resolution RE and previous FC maps. For mouse #1, the new FC-RE
correlation is characterized by high non-linearity (r=-0.553, p<0.001, Fig. 3-7 (g)),
which is close to observations under temporal filtering (Fig. 3-6 (e)). In the other 4
mice, different degrees of increasing were found in the FC-RE correlation, resulting
in positive correlations in 3 mice (Fig. 3-7 (h)). When checking the FC-RE
correlation in time, the FC fluctuation in BOLD activity exhibited a similar trend
as the RE variation (Fig. 3-7 (i)). In the completed dataset, the FC-RE correlations
in 4 mice became closer to zero but remained negative, 1 of which turned to be
significant under both optical voltage and BOLD signals (Fig. 3-7 (j)).
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Spatial smoothing effects on the performance of MSE and FC in assessing RE

Fig. 3-8. RE-assessment by MSE and FC using spatially smoothed data. Figure adapted
from Liu et al., 2019. (a)-(d) Spatial maps of the full resolution RE, FC, small scale MSE

and large scale MSE recalculated after spatial smoothing (Gaussian kernel, 𝜎 = 3). Mouse
#1. (e)-(g) RE-FC (e), RE-small scale MSE (f), and RE-large scale MSE (g) with (orange;
𝜎 = 3) and without (blue, full resolution, 𝜎 = 0) spatial smoothing. Mouse #1. (h) Group
level region-wise RE-FC correlation at different levels of spatial smoothing. (i) Regionwise RE-MSE correlation across scale with different levels of spatial smoothing. P-values
for (h) and (i) under the same smoothing were corrected together. (j) The time evolution of
the global mean value of full resolution RE, FC, small scale MSE, and large scale MSE
from Mouse #1 with 𝜎 = 3 spatial smoothing. (k)-(l) Plots of time-interval-wise

65

correlations; otherwise as in (h) and (i). The individual scatters for correlation and p-values
of (i) and (l) are shown in Fig. 3-S9.

Finally, we degraded the spatial resolution of our voltage imaging data to create
comparable conditions to EEG using Gaussian spatial smoothing with different
kernel standard deviations 𝜎 (1 and 3, corresponding to smoothing window size
of 5 and 13 pixels, i.e. 330 µm and 858 µm of cortical tissue). The newly computed
spatial patterns of FC and MSE seemed to be smoothened as well when compared
with previous results (Fig. 3-8 (b)-(d)), and the RE-FC and RE-MSE associations
appear to be weakened after resolution reduction. (Fig. 3-8 (e)-(g)). As a result, the
strength of FC-RE correlation became zero or even positive (Fig. 3-8 (h)). The
MSE-RE correlation again reduced with increasing MSE scale factors, and the zerotransition was going towards larger scales with spatial data smoothing as well (Fig.
3-8 (i)). While the absolute correlation values were not as strong as before across
all MSE scales, statistically significances were kept at most of the small and large
scales even with the strongest spatial smoothing (Fig. 3-8 (i) and Fig. 3-S9).
In the time domain, under strong spatial smoothing, the FC variations are decoupled
from RE in the example mouse (Fig. 3-8 (j), red). However, the effect of smoothing
was not consistent across mice. The decoupling between FC and RE is consistent
for four out of five mice under the two investigated smoothing strengths (Fig. 3-8
(k)), but for the remaining one, FC-RE correlation was strangely enhanced.
Parallelly, the MSE-RE correlations strength at high scales is diminished by strong
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smoothing. When 𝜎 =3, the box plots located around the zero line starting from
scale 4 (Fig. 3-8 (l)), indicating the non-significance of the correlations in
individuals (Fig. 3-S9).

3.3 Conclusion and Discussion
Voltage imaging of the mouse cortex with high spatiotemporal resolution offers
rich information on neuronal dynamics in space and time. In this chapter, we took
this opportunity to systematically validate the ability of MSE and FC in assessing
the spatiotemporal variability (RE) across the mouse dorsal cortex, the temporal
evolution, and brain states. We found a strong negative linear dependency between
FC and RE across cortical space and temporal evolution (Fig. 3-3). MSE and RE
are coupled with positive correlation in small scales and negative correlation in
large scales. Increasing temporal scales (s > 10) reduced MSE-RE correlation
indicated by non-significant values in 2 of the 5 mice. When the brain state was
altered between anesthetic and wakefulness, these correlations were preserved (Fig.
3-4). The observed correlations led to the consistent coupling between the MSE and
FC measures in individuals and groups (Fig. 3-5). We further examined if our
results are robust under the restricted conditions of human neuroimaging modalities
using temporal/spatial smoothing and a mapping from electrical neuronal
population activity to BOLD signals (Figs. (3-6)-(3-8)). To conclude, although
influenced by the reduced resolutions, FC and MSE can still be trusted to provide
partial assessments of variation of the original high-resolution RE in space and time,
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and thus detect changes in criticality. These measures thus will be used for Chapter
5.
The negative FC-RE relationship is reasonable. Strong synchrony limits the
repertoire of activity patterns in neuronal circuits while loose spatial coupling
allows the emergence of more diverse patterns in space. The scale-dependent MSERE correlations are also understandable with insights from previous studies
suggesting that small scale MSE is reflecting local information processing,
described by RE here, and large scale MSE assesses the long range communications
between distributed brain regions (McIntosh et al., 2014; Vakorin et al., 2011). In
addition, model-based and empirical studies supported that small scale MSE related
more with the higher frequency components of neuronal activity while large scale
MSE are associated to slow neuronal oscillations (Courtiol et al., 2016; Lippéet al.,
2009; McIntosh et al., 2014). Therefore, the changes of small and large scale MSE
has different basis of neurophysiological mechanisms. The correlation among FC,
MSE and RE in space and time leads to a corresponding co-changing of these
measures when changing individual subjects and groups. The loss of consciousness
reduced RE, decreased/increased MSE at small/large scales and strengthened FC,
which indirectly suggested FC was negatively/positively correlated to MSE at
small/large scales. This inference is in line with existing sleep studies based on
human neuroimaging, where during light sleep FC from fMRI data increased within
the dorsal attention network (Larson-Prior et al., 2009), while during deep sleep
MSE in EEG decreased/increased globally at small/large scales respectively
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(Miskovic et al., 2019; Shi et al., 2017). Another case indirectly indicated the
relationship between FC and MSE is in the process of normal aging. Increasing age
reduced resting state fMRI FC in large parts of the brain (Dennis & Thompson,
2014; Ferreira & Busatto, 2013), which goes together with observed MSE
increase/decrease at small/large scales in EEG (Vakorin et al., 2011; McIntosh et
al., 2014). Taken together, insights from the present study helps to integrate and
reconcile the different analysis approaches applied in human sleep and aging studies.
Although our exploration is limited the case of anesthesia, we would expect that
our results would be similar in other brain state modifications reflected by analysis
of voltage imaging data obtained from appropriate mouse models.
We then tested the robustness of our findings based on high resolution voltage
imaging in the content of human neuroimaging modalities. Using the
spatiotemporal smoothing, we have observed that both FC-RE and MSE-RE
correlations in space and time could largely maintain till the spatiotemporal
information was severely destroyed. FC-RE correlations across cortical space were
sensitively affected by BOLD-voltage relationship simulated by the linear
hemodynamics response function, but the associations in time evolution were
largely preserved. This gave credits that FC and MSE are valid in capturing
information related to RE using human neuroimaging technology.
In this analysis, we did not explicitly consider the influence of sampling rate on the
MSE-RE correlation. In principle the scale factors in MSE can be interpreted based
69

on the relativity of sampling rate and the frequency spectrum of the biological
signals, and thus our results can be generalized to human studies with variety of
acquisition rates/down sampling schemes by matching the scale expressed in
physical time units. Interestingly, we observed that the zero-transition in MSE-RE
correlation from positive-to-negative could be affected by spatial and temporal
smoothing. However, this MSE-RE correlation change happened under the same
sampling rate and only the frequency spectrum of the signal was altered. This
suggested that the interpretation of MSE at different scales with respect to the
captured spatiotemporal frequency bandwidth of the signals could be more
complicated, which was explored in Courtiol et al. (2016). This dependency of MSE
scale on captured frequency further complicates the cross comparison among MSE
studies across different filtering schemes and data modalities. A measure
integrating information cross scales could be plausible to avoid this difficulty and
there are efforts on this direction, such as the scaling of MSE decay along scales
(Gao et al., 2015; Tahakashi et al., 2009; Courtiol et al., 2016).
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3.4 Supplementary materials

Fig. 3-S1. related to Fig. 3-3. MSE, FC, RE spatial and temporal patterns and their
correlations for Mouse #2 under wakefulness with 0.5-75Hz filter. Figure adapted from Liu
et al., 2019. (a)-(d) Spatial patterns for (a) RE, (b) FC, (c) small scale MSE (s=1) and (d) large
scale MSE (s=20). (e-g) Cortex-wide region-wise correlation of (e) RE-FC, (f) RE-small scale
MSE, and (g) RE-large scale MSE using data from (a-d). (h) Z-score showing the temporal
evolution of the spatial average across all seed regions for RE, FC, small scale MSE and large
scale MSE for Mouse #2.
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Fig. 3-S2. related to Fig. 3-3. Individual result for mouse #3 under wakefulness using
0.5Hz high-pass filter. Figure adapted from Liu et al., 2019. Same layout as Fig. 3-S1.

Fig. 3-S3. related to Fig. 3-3. Individual result for mouse #4 under wakefulness using
0.5Hz high-pass filter. Figure adapted from Liu et al., 2019. Same layout as Fig. 3-S1.
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Fig. 3-S4. related to Fig. 3-3. Individual result for mouse #5 under wakefulness using
0.5Hz high-pass filter. Figure adapted from Liu et al., 2019. Same layout as Fig. 3-S1.

Fig. 3-S5. related to Fig. 3-4. Individual result for mouse #2 under anesthesia using 0.5Hz
high-pass filter. Figure adapted from Liu et al., 2019. Same layout as Fig. 3-S1.
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Fig. 3-S6. related to Fig. 3-4. Individual result for mouse #3 under anesthesia using 0.5Hz
high-pass filter. Figure adapted from Liu et al., 2019. Same layout as Fig. 3-S1.

Fig. 3-S7. related to Fig. 3-4. Individual result for mouse #4 under anesthesia using 0.5Hz
high-pass filter. Figure adapted from Liu et al., 2019. Same layout as Fig. 3-S1.
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Fig. 3-S8. related to Fig. 3-4. Individual result for mouse #5 under anesthesia using 0.5Hz
high-pass filter. Figure adapted from Liu et al., 2019. Same layout as Fig. 3-S1.
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Fig. 3-S9. related to Fig. 3-6 and 3-8. Changes of MSE-RE correlation under different
temporal filtering and spatial smoothing for individual mice under wakefulness condition.
Figure adapted from Liu et al., 2019. (a-b) Cortex-wide region-wise (a) and time-interval-wise
(b) RE-MSE correlations across scale factors under different temporal filtering. (c-d) Cortexwide region-wise (c) and time-interval-wise (d) RE-MSE correlations across scale factors under
different spatial smoothing.
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Fig. 3-S10. additional analysis. Effects of seed region window size on RE calculations.
Figure adapted from Liu et al., 2019. (a)-(c) Spatial maps of RE from square seed regions with
window sizes of 𝑑=3, 5, 7 pixels. (d) Time series of cortex-wide averaged RE with spatial
window sizes of 𝑑=3, 5, 7 pixels.
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Fig. 3-S11. additional analysis. Effects of sliding window size on the measuring time
evolution of cortex-wide averaged RE, MSE and FC. Figure adapted from Liu et al., 2019.
Time evolution of cortical means of RE, FC and MSE with temporal window length 16.7 sec
(top) and 50 sec (bottom).
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Fig. 3-S12. additional analysis. Temporal changes of region-wide FC-RE and MSE-RE
correlations from an example mouse (Mouse #3) under anesthesia condition. Figure
adapted from Liu et al., 2019. The spatial maps changes are given on the top and the estimated
region-wise RE correlations from FC, small scale MSE (s=1) and large scale MSE (s=20) are
plotted underneath. From Fig. 3-S6, it can be observed that time-interval-wide FC and MSE
values did not co-varying with RE. However, the region-wide FC-RE and MSE-RE correlations
remain almost constant in different temporal windows.
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Chapter 4. Cortex-wide propagation of stimulus evoked
activity non-additively interacts with ongoing activity
patterns in wakeful mice
This chapter is related to Open question 1.2.3, about how ongoing activity interacts
with evoked activity.
The critical brain theory claims that the variability in ongoing activity is of general
functional benefit to response and behavior. However, ongoing activity is indirect
to the behavior without the bridge of the evoked activity. The details about how
ongoing activity impacts on evoked activity is needed to enrich the criticality theory.
In the neuroscience field, the form of the interaction between ongoing and evoked
activities have been controversial for decades. The discussion about this interaction
has been divided into two major streams of theories. The first theory proposed that
the ongoing activity and evoked activity linearly superimposed (Arieli et al., 1995,
1996; Azouz and Gray 1999; Fox et al. 2006; Becker et al. 2011). The evoked
activity is an independent component added to the ongoing activity. The second
theory favors the existence of non-additive interaction between ongoing activity
and evoked activity, for example the evoked amplitude could rely on the phase of
ongoing activity at the stimulus time point (Hesselmann, Kell and Eger et al. 2008;
Hesselmann, Kell and Kleinschmidt 2008; Sadaghiani et al. 2009, 2010; Northoff
et al. 2010).
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The debate kept going on with new emerging evidence provided by both sides. For
additive model, the recent work of (Shimaoka et al., 2019) analyzed the pattern of
whole mice cortex under visual stimulus using optical imaging. They showed that
the ongoing activities in bilateral hemispheres are correlated, and thus activity at
regions in contralateral hemisphere to the activated visual cortex can be used to
infer the ongoing activity during the evoked activity. Their analysis successfully
predicted the evoked activity signals in visual cortex by linearly summing the
contralateral activity signals and the trial averaged signals, which supports additive
model. On the other hand, a recent observation added weight to the non-additive
interaction model. In fMRI, the trial-to-trial variability (TTV), measured by the
cross-trial variance of signal at pixel, was reduced by the stimulus (He, 2013). This
phenomenon could not appear for two independent additive variables under the
variance law, and thus supported the non-additive model. Furthermore, using EEG,
the TTV reduction was observed (Arazi, Censor, et al., 2017; Arazi, GonenYaacovi, et al., 2017).
However, all above-mentioned analyses were restricted in certain local regions. The
TTV analysis was conducted for signals at pixels rather than the multivariate pattern
analysis. And the works in (Arieli et al., 1996; Shimaoka et al., 2019) only focused
on the visual stimulus that triggered a local activation at visual cortex. Recently, the
experiments from (Song et al., 2018) showed that the whisker stimulus will first
trigger a local activation in somatosensory barrel cortex, which was then followed
by a global propagation-like activation (Song et al., 2018). Such global
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propagation-like evoked activity was novel and has not received enough attention
in recent study. The investigation of interaction between ongoing and such evoked
activity in whole cortex scale is still lacking.
In the presented analysis below, we explored the interaction between spontaneous
activity and evoked activity in trials from optical voltage imaging in mice brain
under whisker stimulus. Firstly, we described the observations from the mice
cortical activity evoked by whisker stimulus, which motivated us to conduct a
clustering analysis on the voltage sequences from trials. The clustering analysis
revealed that the local activation in somatosensory barrel cortex is followed by three
classes of cortical propagating activation patterns. Next, we explored the impact of
ongoing activity on the evoked activity by predicting the class to which each trial
belongs based on the cortical ongoing activity at the stimulus onset. Finally, using
a subtraction scheme, we respectively tested whether the ongoing activity is
additively interacting with the three classes of evoked activity patterns.
The content is the summary of a study under preparation for publication.
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4.1 Materials and Methods
Dataset description
The transgenic mice preparation and the GEVI-based optical voltage imaging were
the same as our previous work (Chapter 3). Different from previously used dataset
(Chapter 3) where the animal was under anesthesia or resting wakefulness, the
whisker sensory stimulus was applied to the wakeful mice in this dataset.
Multiple whiskers were deflected simultaneously using a brief air puff delivered
from a picospritzer (Picospritzer II, Parker Hannifin), via 2 mm diameter plastic
tubes placed at approximately 2 cm in front of the whiskers on both sides, and
delivered similar strength air puffs (10 psi, 20 msec duration). Air puffs were given
in alternating conditions between left- and right-stimulation, with ~30 secs intertrial-interval, maximum 60 trials per side per day. Whiskers were trimmed to
approximately 5 mm length prior to each experiment. Note that the whisker
stimulus will trigger activation in contra-lateral somatosensory barrel cortex. For
example, the left whisker stimulus activates right somatosensory barrel cortex.
In the presented results, 7 mice under the two-side stimulations (14 experiments in
total) were used. EXP001 denotes the experiments where left whisker stimuli were
given, and EXP002 denotes experiments with right whisker stimuli. Each
experiment had 50 trials per side, leading to 700 trials in total. The recording of
each trial lasted for 10 secs and the stimulus appeared at the 5th sec.
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Data preprocessing
Detailed methods to extract voltage signal from raw fluorescence signals were
described in Chapter 3. In general, we used 0.5-50 Hz band-pass temporal filtering
(Chebyshev Type II, function imfilter, MATLAB, Mathworks Inc, USA) and
spatial Gaussian smoothing for improving signal-to-noise ratio and detrending.
Only in the first section of Result (4.2.1), we used 0.5 Hz high-pass filtering.
In addition, the voltage maps were aligned to the same space given by Allen Mouse
Atlas (www.brain-map.org). We projected the 3D atlas to the dorsal plane for the
alignment of the cortical voltage images (Fig. 4-3). And then, the centroids of
“Primary somatosensory area-barrel Field” (SSp-bfd) and “Primary visual area”
(VISp) are used as the landmarks of atlas to match to centroids of significant
activation evoked by whisker and visual stimuli in the voltage maps. The mapping
homograph matrix was then estimated and applied to move voltage maps in
individual space to the common Allen space. Because of the camera position, some
cortical regions at the boundary cannot be imaged, and we have only 49 regions of
interest (ROIs) available in the recordings rather than 56 ROIs as defined in (Fig.
4-3). The ROI-based signal is then obtained by averaging the signals from pixels
belonging to the same ROI.
Wavelet analysis
To investigate the time-frequency properties of the evoked activity, we applied
wavelet decomposition to the ROI averaged signals from single trial, using the
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Matlab function “cwt’ with complex Morlet wavelet family. The bandwidth and
center frequency are both set to be one.
After obtaining the spectrogram in the stimulus interval, the single trial spectrogram
was averaged over trials to show the stimulus-related time-frequency changes.
Quantifying trial to trial variability (TTV)
The reduction of TTV shown in (He, 2013) indicated the non-additivity between
ongoing and evoked activity. It also suggested the activities in trials are converging
to some common states. We modified the computation in order to explore the TTV
for the whole cortical voltage map. Unlike previous work (He, 2013) which
computed TTV by variance of signal at each pixel, we defined TTV as the overall
distance between voltage maps in trials,
(4 − 1)

TTV(i, t) = mean (𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑉(𝑖, 𝑡), 𝑉(𝑗, 𝑡))) ,

where V is the multidimensional vector representing the voltage pattern, i indexes
the trial and t is the time. TTV under such definition will no long obey the law of
variance. A reduction in our defined TTV cannot be used to prove non-additivity
and only indicates the existence of common states in trials.
We firstly used Euclidian distance for the similarity with the square operation at
variance computation in form.
2

𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒1 = ‖𝑉(𝑖, 𝑡) − 𝑉(𝑗, 𝑡)‖2 = √ ∑ (𝑉𝑝𝑖𝑥𝑒𝑙 (𝑖, 𝑡) − 𝑉𝑝𝑖𝑥𝑒𝑙 (𝑖, 𝑡)) . (4 − 2)
𝑝𝑖𝑥𝑒𝑙
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It considers the amplitude for the spatial pattern and ranges in [0,+∞).
Secondly, in image processing field, the similarity between two images 𝑋, Y is
usually quantified by the correlation distance, 1 − corr(𝑋, Y) . Essentially, it
considers the vector angle between spatially relative amplitude (spatially z-score
normalized value). The spatial normalization could highlight the difference in
spatial variation in the map and ignore the difference of color intensity in pixels
(here refers to the voltage amplitudes at pixel). Again, we extended this
computation with the Euclidian distance. Therefore, we defined our second distance
metrics in relative amplitude as well
𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒2 = ‖𝑧(𝑉(𝑖, 𝑡)) − 𝑧(𝑉(𝑗, 𝑡))‖2 .

(4 − 3)

𝑧() means the z-score normalization in the space. It considers the distance between
relative amplitude of the spatial pattern. Its range locates in [0, +∞) as well.
Clustering analysis
The analysis of TTV confirmed that the evoked sequence in trials will converge to
certain common trajectories (Fig. 4-8). To unveil the common evoked pattern
sequence in trials, we conducted clustering analysis in trials based on the pattern
sequence. Firstly, a classical metrics to quantify the distance between sequences,
Hausdorff distance (HD, Rockafellar & Wet, 2009), was introduced and modified.
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Fig. 4-1. An illustration of computation of Hausdorff distance. Adopted from Wikipedia
(https://zh.wikipedia.org/wiki/File:Hausdorff_distance_sample.svg),

drown

by

Rocchini. The two sequences are denoted as X and Y. The d(𝑋, Y) is then the maximum
among the minimum distance from points in 𝑋 to points in Y. sup and inf denote
supremum and infimum respectively, which equal to maximum and minimum when the
maximum and minimum values exist. In the presented analysis, the points are the image
map in voltage sequences, and we defined the distance as above-mentioned Distance 2.

The original HD (Rockafellar & Wet, 2009) is defined as the greatest of all the
distances from a point in one sequence to the closest point in the other sequence
(see illustration in Fig. 4-1). Based on the observation shown later in Fig. 4-8, we
modified the HD based on above defined Distance 2 (Euclidean distance between
z-scored images).
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𝑑(𝑖, 𝑗) = max {min{‖𝑧(𝑉(𝑖, 𝑡1)) − 𝑧(𝑉(𝑗, 𝑡2)))‖2 }} , 𝑡1, 𝑡2 = 10 − 25, (4 − 4)
𝑡1

𝑡2

𝐻𝐷(𝑖, 𝑗) = 𝐻𝐷(𝑗, 𝑖) = 𝑚𝑎𝑥(𝑑(𝑖, 𝑗), 𝑑(𝑗, 𝑖)).

(4 − 5)

The denotations of V(i, t) repeat the definition in the last section. V is the vector
representing the voltage pattern, i indexes the trial and t is the time. z() is z-score
operation. Then we inputted the sequence from time interval of frame t=10-25 after
the stimulus onset, which is the time interval when trials converged to the common
state (indicated by the TTV reduction level in Fig. 4-8). Because of the pattern
difference induced by stimulus site (left or right whisker), we computed HD
between pairs of 350 trials under the same stimulus condition.
The computation results in a high dimensional distance matrix (350 dimensions),
which is hard for a read out of the similarity relationship between trials for further
clustering. However, the dimensions could share common variance. We then used
principle component analysis (PCA) to find out a low dimensional representation
of the trial data. We computed the covariance matrix COV among each column of
HD matrix, and did eigen-decomposition on the COV. The square of eigenvalues is
associated to the explained share common variance between dimensions. And the
values in eigenvector give coordinates whose difference represents the distance
information in original high dimensional space.
After finding such low dimensional representation of the trial data, we conducted
k-means algorithm for the detection of clusters in trials. This algorithm needs the
desired number of clusters, k, as input and will partition the observations into k
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clusters in which each observation belongs to the cluster with the nearest mean
(cluster centers or cluster centroid). The cluster centroid can then serve as a
prototype of the cluster. We found k=3 gave a stable partition across realizations of
k-means (Fig. 4-S2).
Regression based prediction from ongoing pattern to evoked pattern
To demonstrate the impact of pre-stimulus ongoing activity on the evoked activity,
we tested the predictive power of ongoing pattern at initial state (onset of stimulus)
about the appeared class of evoked sequence in trials.
We trained a logistic regression model, which is a supervised machine learning
method, to validate this hypothesis.
Pr(Y = y|x) =

1
.
1 + 𝑒 −𝛽𝑥

(4 − 6)

The x is the vector of spatially z-scored voltage pattern right at the stimuli onset,
and β is the vector for model parameters to be estimated. y is the class label of
trial resulted from the clustering analysis. To perform bi-classification, one class
will be temporally removed in the computation and classification model is trained
and tested for the remaining two classes. The trial data from EXP001 and EXP002
will be combined.
The spatial pattern has 1236 pixels (dimension), which is larger than the sample
size. Therefore, we used regularized regression method (Least absolute shrinkage
and selection operator, LASSO), which constrained the sparseness of β and thus
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reduced the dimension. The non-crucial features will be forced to be zero in the
model fitting process.
The area under the receiver-operator curve (AUROC) was estimated to assess the
goodness of fit.

Fig. 4-2. An illustration of key concept about AUROC. Adopted from Wikipedia (see
https://en.wikipedia.org/wiki/Receiver_operating_characteristic)

ROC was constructed by plotting FPR (false positive rate) vs TPR (true positive
rate) predicted by a model and shifting the discrimination threshold. An AUROC
of 0.5 indicates no predictive power (random answer), values larger than 0.5 means
TPR>FPR (y>x), and a value of 1 indicates perfect predictive power.
The significance of AUROC is tested by 1000 permutations to randomize the true
labels and counting the probability of achieving AUROC larger than the model
yielded.
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A cross validation was performed to test the general predictive power of the model
in out of training set data. Note that the samples are not equal for positive and
negative classes in the used dataset, which will induce imbalance of samples in the
partitioned set (in extreme case one class will totally disappear in one partitioned
dataset). To deal with it, we up-sampled the class with less sample by bootstrapping
to be equal number as the class with larger sample and then randomly assigned
samples in this extended dataset to create cross validation partitions. The data was
randomly assigned to 5 datasets with equal size (5-fold). The 4 of them played as
training set and the remaining one was the test set in one round of validation. After
a round is finished, the training selected another 4 sets of data till all datasets are
used (5 rounds of validation in total).
As suggested in (Haufe et al., 2014), the map of M𝑐𝑜𝑣 β, (covariance matrix of the
features times the regression weights) can reflect the spatial distribution of features
more precisely. We computed the covariance in 1 sec pre-stimulus data and
visualized this feature map. Since the prediction result can be viewed as the product
between the feature map pattern and the inputted pattern, the consistence between
the feature map and inputted pattern will give high value, which corresponds to the
positive class in the logistic regression. Therefore, the feature map can be read as a
preferred pattern for positive class.
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Principle component analysis to reduce spatial dimension
We applied another principle component analysis (PCA) to the z-score map
sequences to reduce the spatial dimension in the sequence data. The covariance
matrix was computed from time-series of z-score at each pixel during time interval
from 0.33 sec (50 frames) before onset and 0.33 sec (50 frames) after the onset (0.66
sec in total). Therefore, the input data mixed the ongoing and response.
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4.2 Results
4.2.1 Motivating observations
First of all, we introduce two key observations as basis for the proposal of clustering
analysis in the following section (4.2.2).
The variable whisker stimulus evoked cortical activity in mice cortex
In Song et al., 2018, it was found that in the cross-trial averaged pattern of awake
mice, the whisker stimulus first triggers the neuronal activation (raising positive
voltage) in the region SSp-bfd (Fig. 4-3 A iii), which is then followed by a cortical
propagating like activation (Fig. 4-3 B). The propagating activation showed
different patterns under wakefulness and anesthesia (Fig. 4-3 B).
Please note Fig. 4-3 A i gives the location of VISp (region #24, part of the visual
cortex) and RSPd (region #10, part of the retrosplenial cortex, which is associated
to spatial information processing (Czajkowski et al., 2014)). The two regions would
be used in the following analysis.
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Fig. 4-3. The mice brain parcellation and the whisker stimulus evoked activity pattern.
Figure was adapted from Song et al., 2018. (A) Demonstration for the parcellation and
alignment for the mouse brain image from to the Allen Mouse Atlas (Song et al., 2018). (i)
The parcellation scheme of Allen Mouse Atlas, 28 cortical regions are defined for half
hemisphere; (ii) The visual stimuli activated region and the VISp; (iii). The whisker stimuli
activated region and the SSp-bfd; (iv). The resulted image after alignment. It can be noticed
that some of the regions are not included in the image. (B) The trial-averaged voltage
pattern in ROIs after stimulus in wakening and awake mice. Red indicates to high voltage
and blue corresponds to low voltage.

We firstly explored the cross-trial average evoked voltage pattern within wakeful
individual mouse. This is similar to the analysis of event-related potential (ERP) in
human EEG analysis. 50 trials from the same mouse under the same whisker
stimulus side were averaged to generate one trial-averaged voltage pattern sequence.
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Since we have 7 mice and two whisker stimulus conditions (EXP001, left whisker
stimulus; EXP002, right whisker stimulus), we yielded 14 trial-averaged sequences.
The results in this section were from data under 0.5 Hz high-pass filtering.
Without involving the anesthesia state, we also observed different patterns in the
cortex following the initial SSp-bfd activation among the resulted trial averaged
sequences. We selected 4 sequences, from different mice and different stimulus
conditions, to give examples of our typical observations (see Figs. 4-4, 4-5).
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Fig. 4-4. Example plots of the subtype 1 response patterns yielded by trial average. A
global activation followed by the local activation in SSp-bfd. The two trial-averaged
sequences are from two different mice under different stimulus conditions.
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Fig. 4-5. Example plots of the subtype 2 response patterns yielded by trial average. A
local activation at VISp will be followed by the local activation in SSp-bfd. The two trialaveraged sequences are from two different mice under different stimulus conditions.
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Both presented types of trial averaged pattern exhibited the local activation in
around 5-10 frames and the secondary event during roughly 5-30 frames after the
stimulus onset. However, the patterns of the secondary event are different. The first
subtype (subtype 1, Fig. 4-4) of response could correspond to the global
propagating reported in (Song et al., 2018), which spreads and most highly activates
the middle part between two hemispheres. The second type (subtype 2, Fig. 4-5) of
response does not activate the whole cortex and only activates the visual cortex
VISp (Fig. 4-5, frame=20, 25, 30 from onset). In the end of both subtypes of
response, the patterns end with activation at the RSPd (Fig. 4-3, Ai, region #10) at
the parietal side in middle of the two hemispheres, which is reported to associate to
the encoding and storing of spatial information in mice (Czajkowski et al., 2014;
Fischer et al., 2020).
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Fig. 4-6. The time and frequency property of ROI averaged voltag activity in SSp-bfd
in exemplified trials. (Top panel) Example of trial level ROI averaged activity in left and
right SSp-bfd. Data with left whisker stimulus (right SSp-bfd activated) was used. 50 trials
were shown. (Bottom) Averaged spectrogram from trials level ROI signal in left and right
SSp-bfd.

Additionally, we checked the ROI-wise, voxel-averaged signal from SSp-bfd for
each trial [0.16 sec (25 frames) before stimulus, 0.33 sec (50 frames) after stimulus].
In Fig. 4-6 Top, it can be observed cross-trial synchronized-like activities
(highlighted inside the red circle) appeared around 5-10 frames after stimulus. A
wavelet analysis was then applied to trial-level data. The resulted spectrograms
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were averaged and shown. The evoked activity introduced a raising power in a
broad frequency band, from 20-50 Hz (Fig 4-6 Bottom). Based on the observation
in spectrogram, we applied 0.5-50 Hz band-pass filtering in the following sections.
To sum up, these observations suggest though the local activation seems to be stable,
there could be different subtypes of secondary evoked patterns across trials.
The trial-to-trial variability (TTV) reduction in relative amplitude voltage map
Parallelly, we observed another phenomenon with respect to the TTV in
spatiotemporal patterns.
We defined TTV as the Euclidian’s distance of vectors of original voltage maps or
spatial z-scored voltage maps. The second definition emphases spatial variation
gradient to avoid the influence of amplitude. The idea is that the evoked activity in
trials may exhibit similar instantaneous spatial gradient but with different voltage
amplitude at pixels.
Firstly, we computed the TTV based on Euclidean distance between trial voltage
maps (Distance 1). The averaged TTV over all 700 trials are shown for illustration
(Fig. 4-7 left). In this definition, the TTV increases after the stimulus comes. This
increase comparing to the initial state passed the statistics test (Fig. 4-7 right).
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Fig. 4-7. The TTV defined in map with original voltage values. (Left). Curve of
averaged TTV over all 350 trials from EXP001 and EXP002. The trial TTV was computed
in pairs of the pooled 350 trials under the same experiment. (Right). The boxplot at each
time point showed the distribution of TTV of 700 trials. The statistical comparison
(Wilcoxon signed rank test, one side) between TTV at onset and the TTV in the following
was conducted (*: TTV(t) > TTV(0) with p<0.01 level).

However, under the second definition based on spatially z-scored map, the TTV
decreases (Fig. 4-8) in all trial average, which passed the statistical test as well. The
reduction is most obvious during the period of 5-25 frames after the onset, which is
in line with the time interval when the stimulus evoked patterns appears in the trial
averaged sequence (Figs. 4-4 and 4-5).
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Fig. 4-8. The TTV defined in map with spatially relative voltage values. (Left). Curve
of averaged TTV over all 350 trials from EXP001 and EXP002. The trial TTV was
computed in pairs of the pooled 350 trials under the same experiment. (Right). The boxplot
at each time point showed the distribution of TTV of all 700 trials. The statistical
comparison (Wilcoxon signed rank test, one side) between TTV at onset and the TTV in
the following was conducted (*: TTV(t) < TTV(0) with p<0.01 level).

The reduction of TTV within a period under the second definition suggests the trials
evolve into common sequences of spatial gradients expressed by different original
amplitude after the stimulus onset.
To sum, the observations in 4.2.1 showed that the trial response sequences will
converge into several common subtypes, which can be more systematically tested
by a clustering analysis in the next section (4.2.2).
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4.2.2 Clustering revealed sub-classes of cortical evoked pattern
For a clustering to reveal the subtypes of evoked sequences, we chose to apply a
modified Hausdorff distance (HD, see Materials and Methods), a classical metrics
to quantify the distance between sequences, to the pairs of spatially z-scored voltage
sequences. We used sequences during 10-25 frames after the onset, which is the
period with most obvious reduction in TTV (Fig. 4-8). Because of the pattern
difference induced by stimulus site (left or right whisker), we computed HD
between pairs of 350 trials under the same stimulus condition. The results of HD
between the trials are given in Fig. 4-9.

Fig. 4-9. The HD matrix computed from trials in EXP001 and EXP002.

The HD matrix is essentially a high-dimensional matrix describing the pairwise
similarity, which can be converted into low dimensional representation using PCA.
In Fig. 4-10 A and B, it can be observed that the explained variance decayed fast
with the increase of PC numbers and the first 3 PCs can explain roughly 55%-60%
of the data variances. We thus used low dimensional space spanned by the 3 leading
PCs to visualize the manifolds of trial data (Fig. 4-10 C and D) and to further detect
clusters with k-means algorithm.
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Fig. 4-10. The low dimensional embedding of trial sequences and clusters. (A-B) The
accumulated distribution of explained variance along with increase of the PC numbers. (CD) The low dimensional representation of trial sequences in 3-D space. (E-F) The low
dimensional representation of the results of clustering. Colored scatters with blue, red and
yellow represent class 1, 2 and 3 from the clustering respectively. The values in eigenvector
rather than the projection to eigenvector were used and visualized according to the lowdimensional embedding theory (see Methods).
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The k-means analysis resulted in 3 classes of response sequences (Fig 4-10 E and
F), which are stable under different realizations of k-means (using 2 classes lead to
instable results in realizations of k-means, see Figs. 4-S1 and 4-S2). We visualized
the clustering results in the 3D manifold in Fig 4-10 E, F. The sequences of
centroids are visually mirror symmetrical in results from Exp001 and exp002 (see
Figs. 4-S3 to 4-S8). In EXP001, we detected 200 trials as class 1, 54 trials as class
2, 96 trials as class 3. In EXP002, we detected 138 trials as class 1, 79 trials as class
2, 133 trials as class 3.
After labelling the trials, the sequence of centroid of each class from averaging the
trial sequences as voltage (Figs 4-11, 4-13, 4-15) and z-score (Figs 4-12, 4-14, 416) within classes were ploted.
All the classes starts from the local activation at SSp-bfd as the first evoked
component. The secondary evoked component in class 1 and 2 both showed global
propagation in the voltage maps. And the class 3 is featured by the local activation
in VISp. Under the z-score maps, the secondary evoked component of class 1
showed a horizontal gradient from center to lateral. The high z-scores distributed in
the middle between the two hemispheres and showed no preference in the frontalparietal direction. On the other hand, the class 2 showed a skewed gradient from
RSPd to the frontal cortex.
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Fig. 4-11. The sequence of centroid of class 1 in EXP001 as voltage. The maps are
obtained by averaging the voltage maps at the same time point in trials belonging to class
1 in EXP001.

Fig. 4-12. The sequence of centroid of class 1 in EXP001 as z-score. The maps are
obtained by averaging the z-score maps at the same time point in trials belonging to class
1 in EXP001.
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Fig. 4-13. The sequence of centroid of class 2 in EXP001 as voltage.

Fig. 4-14. The sequence of centroid of class 2 in EXP001 as z-score.
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Fig. 4-15. The sequence of centroid of class 3 in EXP001 as voltage.

Fig. 4-16. The sequence of centroid of class 3 in EXP001 as z-score.
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Fig. 4-17. Distribution of classes in mice.

Besides, the 3 classes of evoked sequences can be found in each mouse (Fig. 4-17).
The occurrence of different classes of evoked activity was not absent in specific
individual mouse. This indicates that the variation in classes of evoked sequence is
a kind of intra-individual TTV. However, there seems to be an individual difference
in the tendency to mostly express which type of the response.
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4.2.3 The SSp-bfd local activation is stable among classes
In the centroids of classes, we observed that different types of evoked cortical
pattern sequences all sourced from the local activation at SSp-bfd. In this sense, the
secondary component is the response activity of the cortical regions to the voltage
activity propagated from SSp-bfd. The propagating activity may change depending
on the local voltage activation level at SSp-bfd. Therefore, we explored whether
local activation strength of SSp-bfd is the source of difference in the secondary
evoked component.
We detected the peaks of evoked voltage activity of each trial in the activated SSpbfd as the largest local maximum value of SSp-bfd signals (Fig. 4-6 B) within 5-10
frames after the onset. The activation level at SSp-bfd was computed by the
difference between the detected peak and the voltage amplitude at the onset. Those
trials without peaks detected are removed from the analysis. Under the Wilcoxon
rank-sum test, we found there are no significant difference in SSp-bfd activation
level between classes (Fig. 4-18, p𝑐𝑙𝑎𝑠𝑠1 𝑣𝑠 𝑐𝑙𝑎𝑠𝑠2 =0.8458, p𝑐𝑙𝑎𝑠𝑠2 𝑣𝑠 𝑐𝑙𝑎𝑠𝑠3 =0.7282,
p𝑐𝑙𝑎𝑠𝑠1 𝑣𝑠 𝑐𝑙𝑎𝑠𝑠3 =0.5893).
To conclude, the secondary evoked component in the remaining cortical regions are
triggered by the same input strength from SSp-bfd, suggesting that the difference is
likely induced by the different initial ongoing state at the stimulus onset.
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Fig. 4-18. Box plot for distributions of activation level in SSp-bfd for 3 classes.

Wilcoxon rank-sum test was used to test the difference in median of the distributions.

4.2.4 Cortical pattern at the initial state accounts for the occurrence of classes
of secondary evoked pattern
The statistical equality of local activation level in SSp-bfd implied that the variation
in classes of evoked pattern could be out of the ongoing states in cortical regions
rather than the activated SSp-bfd. We tested this speculation under a prediction
framework. Bi-classification logistic regression model was trained to predict the
appeared classes at trials based on the corresponding spatial pattern (z-score map)
at the onset. For doing so, trials in one class will be temporally excluded, and the
other two classes will be examined. When excluding class 1, class 2 is used as the
positive class and 3 is the negative class. When excluding class 2, class 1 is the
positive and when excluding class 3, 1 is the positive class.
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The trained model successfully differentiated class 2 and 3 when excluding trials
from class 1 (Fig 4-19 A, AUROC=0.6014, p=0.0000), class 1 and 3 (Fig 4-18 C,
AUROC=0.5681, p=0.0000), and class 1 and 2 (Fig 4-18 D, AUROC=0.6311,
p=0.0000). From the trained model, we also estimated feature maps (Fig. 4-19, B,
D, F), which can be interpreted as a preferred spatial pattern to evoke a positive
class sequence. These results suggest that a discrepancy in the initial state can
account for the appearance of different evoked sequences.

Fig. 4-19. The results of classification model based on pattern of the onset. We provided

the ROC in the left and the feature map from the logistic regression model in the right. The
classes to be classified are stated in the titles of subplots.
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We further visualized the sequences in the low dimensional space to see how the
initial states involve into different evoked classes. The z-score maps from the time
interval from 0.33 sec (50 frames) before onset to 0.33 sec (50 frames) after onset
in all trials were pooled and a PCA was performed to reduce the spatial dimensions
(spatial patterns of PC and the corresponding explained variance can be found in
Fig. 4-S9). And then the z-score maps were projected into the 2D spaced formed by
PC1 and PC2 (Fig. 4-20).

Fig. 4-20. Representation of trials in low dimensional PC space. The class centroids are

yielded by averaging the coordinates of trial data belonging to the same class.

At the stimulus onset (Fig 4-20, frame t=0), the distance of class centroids are close.
But it can be observed there is a slight difference in the location that the class 1
centroid stands slightly up, the class 2 centroid tends to be right and class 3 centroid
locates slightly left. When the local activation showed up (Fig. 4-20, frame t=5),
the discrepancy in distance among class centroids is enlarged along with the
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original location difference. As the evoked sequence goes on, the distance was
firstly enlarged (Fig 4-20, frame t=20) and then reduced (Fig 4-20, frame t=25)
further but the relative position difference was kept. In other word, this
phenomenon may suggest that the stimulus enlarges the difference in initial state
(onset pattern) and further induces the difference in secondary evoked sequences.

Fig. 4-21. Evolution trajectory of class centroids in low dimensional PC space. Time
intervals are 0-35 frames from the onset. The black circles highlight the turning points
(angle between two successive speed vectors > 45°) that may relate to the incoming
stimulus.

Whole evolution trajectories of the class centroids were attached in Fig 4-21, where
the relative location of initial state and the departure of trajectories in the three
classes can be clearly observed. Notably, in each trajectory there is a sharp turning
point (detected by an angle between two successive speed vectors larger than 45°,
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in black circle) at 1 or 2 time points after the onset, which may indicate the effect
of incoming stimulus, such as the TTV reduction shown in Fig. 4-8. After the
turning points, the three trajectories soon enter a common trend of evolution. The
trend leads the state first go to the right and then go up in the PC space. The class 1
trajectory leaves the trend earlier than the other classes.
To sum up at this stage, we found that the secondary evoked components are
variable responses to the same input from SSp-bfd depending on the initial state of
the cortex.
4.2.5 Test linear additive model with subtraction scheme
A success in previous prediction of evoked classes from initial state could also
happen under the linear additive model for relationship between ongoing and
evoked activities. To further clarify the form of the relationship, we further
designed a subtraction scheme to test the linear additivity between ongoing and
evoked activity. We subtracted the evoked component corresponding to its class out
of the observed evoked activity pattern at trials. If the ongoing and evoked activity
are additive, the difference in statistical properties in the ongoing activity, such as
the temporal autocorrelation, induced by evoked activation will be eliminated by
the subtraction. Most importantly, the statistical properties of the subtracted
ongoing activity before and after the stimulus should be identical for additive
interaction. A significant difference then would suggest non-additive interaction.
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To assess the temporal autocorrelation in the cortical pattern evolution, we defined
serval variables at trials belonging to the same class (and thus the tests were
performed respectively within each class).
V(t, i) = multivariatevoltagepatternatframetfortriali,

(4 − 7)

Onset(i) = V(0, i),

(4 − 8)

Ongoing 𝑏𝑒𝑓𝑜𝑟𝑒 (t, i) = V(0 − t, i),

(4 − 9)

Ongoing 𝑎𝑓𝑡𝑒𝑟 (t, i) = V(t) − Evoked(t, i), t > 0.

(4 − 10)

The minus operation was done pixel-wise.
The evoke component in the trials form the same class could show variability in its
amplitude according to (Fig. 4-7) and thus the evoke component was estimated as
the projection of V(t, i) onto the corresponding map of class centroid,
CC(t, c, exp), where c is the class label and exp is the stimulus condition of trial i.
The pattern CC(t, c, exp) has been normalized to be a unit vector (vector length=1)
for convenient computation of projection weight w.
Evoked(t, i) = w ∗ CC(t, c, exp),

(4 − 11)

w = V(t, i) ∗ CC(t, c, exp).

(4 − 12)

After properly doing the above subtraction of the evoked activity, we computed two
correlation functions between the spatial patterns to describe the temporal
autocorrelation of the dynamics before and after the stimulus onset. (I) Onset (i) vs
Ongoing after (t, i) and (II) Onset (i) vs Ongoing before (t, i). If additive model is
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applicable, it is expected to have no significant difference between Correlation I
and II. Specially, we paid more attention to the period of secondary evoked
component, frame t=10-25.

Fig. 4-22. The median curves and boxplots showing the distributions of Correlations
I and II at each time point across trials. Left panel: the curves of median of Correlation
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I and II at each time point for each class. Right panel: the boxplots to give the whole
distribution of correlation I and II at each time point for each class. The statistical
comparision was conducted between the median of Correlations I and II at each time point.
*: p<0.05.

To give a clear illustration, we firstly showed the curves of median (across trials)
Correlation I and II at each time point in Fig. 4-22 Left. The discrepancies between
curves of Correlation I and II could be found in classes 1 and 3 during frame t=1035. Meanwhile, the difference in class 2 lasts shorter, which appears during frame
t=7-20. Furthermore, we provided the statistical analysis results and boxplots in Fig.
4-22. Statistical comparison (Wilcoxon signed rank test) between Correlations I and
II was conducted to reveal the significance of the difference and to reveal whether
the interaction is additive. Specially, we focused on the period between frame t=1025, which is period of occurrence of secondary evoked components. In Fig. 4-22,
significant difference between Correlations I and II can be found in class 1 after
frame t=9 from the onset. In addition, class 2 and 3 give significant differences
during frame t=10-15 and did not show continuous difference after frame t=20.
These results supported that the evoked component in the three classes nonadditively interact with the cortical ongoing activity. However, the effect of this
interaction lasts longer in class 1 than in classes 2 and 3.
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4.3 Conclusion, discussion and limitations
In the studies of this Chapter, we explored the exsitence and form of interaction
between ongoing activity and evoked activity in the mouse cortex. In the optical
voltage imaging data of mice under whisker stimulus, we observed that the whisker
stimulus will first evoke a relatively stable local activation at SSp-bfd (in terms of
latency and activation level, see Figs. 4-6 and 4-18) and then trigger a global
activation which are variable in its cortical pattern, which can be grouped into three
classes. We further showed that the intitial state pattern can partially predetermine
the type of the subsequential evoked activity. In addition, the test using subtraction
scheme unvealed that ongoing activity and the secondary evoked components in all
classes of evoked activity interact in a non-additive manner. The presented results
in this Chapter provided clear evidence about the impact of ongoing activity on
evoked activity and validated the inference about functional influence of ongoing
variability based on criticality theory.
Here we observed three subtypes of global activation pattern across experiments.
According to our colleagues on the experimental side, difference of the evoked
secondary pattern could associate to the difference of response behavior. For
example, according to our experimental colleague, when the mice tried to watch the
source of the whisker stimulus, the class 3 pattern (Figs. 4-15, 4-16) with activation
in visual area may appear. In addition, class 2 pattern (Figs. 4-13, 4-14) with
activation in retrosplenial cortex can be linked to spatial information processing of
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the animal (Czajkowski et al., 2014; Fischer et al., 2020). In Song et al. 2018, the
amplitude of the secondary component were shown to be larger in higher alertness
under awake state. In another literature, during task performance, secondary activity
in somotosensory cortex contributed to success of task behavior (Sachidhanandam
et al., 2013). Given these evidences, the TTV in the secondary event could be linked
to the behavior variation. In our analysis, the difference in the secondary activity
(classes and evoked accuracy) can be predicted by the pre-stimulus ongoing activity.
This results emphased that the pre-stimulus ongoing activity would have impact on
the processing of perception information and the behavior consequence. However,
further analysis on the corresponding behavior data is needed to offer more solid
support on this point.
What’s more, we used the subtraction scheme test and showed that in all classes of
responses the ongoing and evoked activity are non-additively interacting with each
other. And with PCA, we demostrated that the divergence in classes of evoked
activity may originated from the tiny discrepency in initial state, which is the
signature of chaos. These are consistent with the perspective of nonlinear dynamical
systems of the brain. The elucidation of interaction between ongoing and evoked
activities offered guidance for the modelling studies. Essentially, the debate
between additive and non-additive mechanisms suggests different views of
information processing mechanism of the brain. In the additive model view point,
the ongoing activity is independent to the evoked activity, and thus the information
are encoded and processed as the exogenous evoked component, while in non120

additive models, endogenous ongoing state interplays with the evoked components
and thus has a role in the information processing (Ferezou & Deneux, 2017;
Hesselmann et al., 2008; Podvalny et al., 2019). The fundamental difference of the
information representation mechanism will predeterminantly lead to different
computational models. Based on the presented results, the computing by
modulation of ongoing state could be more closer to the biological reality, which
has been tested to be capable to process face images (Chen & Gong, 2019).
Besides, we observed TTV reduction when converting the cortical voltage pattern
to the spatially gradient (z-score) at the time point. This could be a potential
evidence of neuronal collective coding (Wu et al., 2002), which may suggest that
the neural populations represent the information in the combination of the
spatiotemporal patterns rather than the amplitude of activation voltage or firing. In
addtion, previous litertures witnessing TTV reduction defined the TTV in variance
of the acitivity amplitude at pixels or ROIs (He, 2013) and demonstrated that across
brain regions the degree TTV reduction are coupled with the degree of long-range
temporal correlations in spontaneous activity as indexed by power-law scaling
exponent of the frequency spectrum (Huang et al., 2017). However, it is so far not
known whether these understandings could be transferred to results based on our
cortical pattern TTV. The relationship between criticality, non-additive interaction
between ongoing and evoked activity and TTV reduction in cortical pattern could
be interesting for further studies in the furture.
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Limitations
This study could be further refined from several aspects. Firstly, the clustering can
be applied to sequences from the period of secondary component so that the united
definition for classes for EXP001 and EXP002 could be obtained. Also in the
clustering there is a wide spread of trials within classes. Our next effort would be
explaining this trial-to-trial varaibility within class using information of onging prestimulus activity. Secondly, during the prediction, we up-sampled the data to deal
with the imbalance between samples in classes. This will introduce overlappings
between the trainning set and the test set and may to some extent influence the
performance of the classificantion. Other methods can be searched and tried to
remove the influence of sample imbalance. What’s more, here we only used the
pattern at the initial state to predict the evoked pattern and thus the temporal
information contained in longer pre-stimulus activity was not considered. The
dynamics of the system (e.g. critical state) could have already differed before the
stimulus onset, which should be tested using the long pre-stimulus periods.
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4.4 Supplementary materials

Fig. 4-S1. Instable clustering results using cluster number k=2 in k-means
algorithm. Three resulted partitions are depicted
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Fig. 4-S2. Stable clustering results using cluster number k=3 in k-means algorithm.
Three resulted partitions are depicted
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Fig. 4-S3. The sequence of centroid of class 1 in EXP002 as voltage.

Fig. 4-S4. The sequence of centroid of class 1 in EXP002 as z-score.
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Fig. 4-S5. The sequence of centroid of class 2 in EXP002 as voltage.

Fig. 4-S6. The sequence of centroid of class 2 in EXP002 as z-score.
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Fig. 4-S7. The sequence of centroid of class 3 in EXP002 as voltage.

Fig. 4-S8. The sequence of centroid of class 3 in EXP002 as z-score.
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Fig. 4-S9. The spatial pattern of first 9th spatial PCs in z-score maps and the
corresponding explained variance. The explained variance are shown in the titles.
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Chapter 5. Individual cortical entropy profile: Test–retest
reliability, predictive power for cognitive ability, and
neuroanatomical foundation
This chapter is related to Open questions 1.2.1, 1.2.2 and 1.2.4. We explored the
test-retest reliability (1.2.1), the underpinning brain structural basis (1.2.2) and the
association to individual difference in cognitive ability (1.2.4) of the developed
variability measure.
In previous chapters, we have identified that young healthy brain resting state is at
criticality, and developed MSE (dispersion entropy based) as indicator to detect
signal variability of critical state. Furthermore, we provided details to bridge
ongoing activity and evoked activity, which suggested the critical state could
influence function and behavior. These studies offered preparations for developing
variability-related measures as biomarker in behavior assessment.
Recently, the development of advanced modern brain neuroimaging techniques
allows the exploration of large spatial scale brain dynamics and structure, which
has triggered increasing enthusiasm to study the whole brain profiles (i.e., spatial
pattern) of dynamics and structure. The cortical FC profile has shown that the
enlarged spatial scope significantly increase the reliability and validity to assess
cognitive individual difference, when compared with FC studies focusing on
limited spatial scale or integrated global measures (Dubois, Galdi, Han, et al., 2018;
Dubois, Galdi, Paul, et al., 2018; Finn et al., 2015). The cross-region variation in
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group averaged FC was further suggested to be related to the difference in
anatomical configuration (Huntenburg et al., 2018). The novel trend of profilebased analysis implies that the brain is highly heterogeneous and multivariate
methods considering the heterogeneity could be essential to reflect the brain
functioning.
In this study, we developed cortical entropy profile as a novel biomarker, by
demonstrating its reliability, functional relevance and structural basis with the rich
and multidimensional data from the Human Connectome Project (HCP) (N=998,
Van Essen et al. 2013). First, we aimed to investigate if individual profiles of
cortical entropy can be reliably measured and are sufficiently unique to serve as a
reliable individual ‘fingerprint’. Second, we tried to integrate information from
whole-cortex entropy profiles for predicting individual general and specific
cognitive abilities. Third, we quantified the anatomical basis inducing the spatial
heterogeneity observed in group-averaged entropy profiles. Finally, we looked for
the anatomical features that are influential during the prediction of individual
entropy profiles.
The content of this chapter is from my published work as first author (M. Liu et al.,
2020), where I designed the study, did the majority of data analysis and
visualizations and wrote the manuscript. Co-author Prof. Andrea Hildebrandt
offered supervision on the psychometric model of cognitive ability.
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5.1 Materials and Methods
The HCP database
The HCP provides data for public use, including scans obtained using different MRI
modalities in a large population. The database includes property maps from
structural MRI [T1-weighted (T1w) and T2-weighted (T2w) imaging], diffusion
MRI (dMRI), resting-state fMRI (rfMRI) and outside scanner cognitive
performance data. We examined the data of 998 healthy young adults (age range:
22–35 years), including 466 males, from the HCP S1200 data release (Van Essen
et al. 2013), after excluding participants with missing data from any imaging
modality. Detailed protocols used to acquire MRI data for the HCP are provided at
https://www.humanconnectome.org and have been described extensively in the
literature (Van Essen et al. 2013).
Structural MRI
Structural MRI data comprises T1w and T2w images. T1w images were obtained
using the T1w_MPR1 sequence with the following parameters: repetition time (TR)
= 2400 ms, echo time (TE) = 2.14 ms, flip angle = 8, field of view = 224 ×224 (RO
× PE) and isotropic voxels = 0.7 mm. T2w images were obtained using the
T2w_SPC1 sequence with the following parameters: TR = 3200 ms, TE = 565 ms,
field of view = 224 × 224 (RO × PE) and voxel size = 0.7 mm. All structural data
were pre-processed through the HCP minimal pre-processing pipeline (Glasser et
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al., 2013). Specifically, surface-based ‘CIFTI’ format data, which comprised
91,282 cortical and subcortical ‘grayordinates’ (Glasser et al., 2013).
Based on the structural MRI data, surface-based morphometry measurements,
including the cortical thickness, mean cortical curvature (curv) and sulcus depth
(sulc) were determined. Thickness was defined by the distance between the gray
and white matter border and the pial surface. Curv represented the curvature of each
vertex on the cortical surface. A higher curv value indicated sharper bending, and a
positive value corresponded to curvatures in sulci (i.e. upward curving). Sulc was
defined as the linear distance from the mid-surface between the gyri (negative value)
and sulci (positive value). A previous empirical study determined that the ratio of
T1w to T2w (T1/T2) could be considered as a proxy of the myelin content (Glasser
and Van Essen 2011). The HCP dataset provides these measures at both individual
and group levels and can be downloaded directly from the official HCP website.
Diffusion MRI (dMRI)
The dMRI data were acquired using a spin-echo EPI sequence with the following
parameters: TR = 5520 ms, TE = 89.5 ms, flip angle = 78, field of view = 210 ×
180 (RO × PE), matrix = 168 × 144 (RO × PE), slice thickness = 1.25 mm, slice
number = 111, isotropic voxels = 1.25 mm, echo spacing = 0.78 ms, BW = 1488
Hz/Px and b-values = 1000, 2000, and 3000 s/mm2. The sampled data were preprocessed using the minimal pre-processing pipeline (Glasser et al., 2013).
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Resting-state fMRI (rfMRI)
Four rfMRI scans were sampled, and each run duration was approximately 15 min.
The runs were recorded over two sessions on different days (REST1 and REST2).
Each session included a right-to-left (RL) scan during one run and a left-to-right
(LR) scan during the other run. The following scanner parameters were used:
gradient-echo EPI sequence, TR = 720 ms, TE = 33.1 ms, flip angle = 52, field of
view = 208 ×180 (RO ×PE), matrix = 104 ×90 (RO ×PE), slice thickness = 2 mm,
slice number = 72, isotropic voxels = 2.0 mm, multiband factor = 8, echo spacing
= 0.58 ms and bandwidth = 2290 Hz/Px.
As with the other imaging modalities, the HCP provides pre-processed rfMRI data
that have been subjected to a minimal pre-processing pipeline (Glasser et al. 2013).
The data were also denoised using the ICA (independent component analysis)based Xnoiseifier (FIX) (Griffanti et al., 2014; Salimi-Khorshidi et al., 2014).
CIFTI format data were used to match the structural MRI data with the rfMRI data.
The signals were further filtered through a 0.01-Hz high-pass filter to remove slow
drifts induced by the scanner.
Brain parcellation
We combined two brain parcellation atlases in our analyses. The Multi-modal
Parcellation (MMP) atlas (Glasser et al., 2016) gives partition of each hemisphere
as 180 brain areas. These areas serve as seed regions in extraction of fMRI time
series and structural properties. These 180 MMP regions were further matched to a
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classical brain functional parcellation based on the resting-state network (RSN) to
describe the functional specificity (Thomas Yeo et al. 2011). This was done by
identifying the highest overlapping rate between the atlases. The resulted matches
between the two atlases are depicted in Fig. 5-1.

Fig. 5-1. Depiction of the MMP atlas and mapping of MMP regions to Thomas Yeo’s
seven RSNs. Figure adapted from M. Liu et al., 2020. (A) An MMP atlas of the left
hemisphere is displayed. (B) The MMP atlas is overlaid on the corresponding seven
functional networks from Thomas Yeo et al.’s atlas. SAL: salience network (49 ROIs in
two hemispheres); SM: somatomotor network (52 ROIs); LIM: limbic network (28 ROIs);
VIS: visual network (59 ROIs); DMN: default mode network (83 ROIs); FP: frontoparietal
network (45 ROIs); ATT: attention network (44 ROIs). According to the cortical hierarchy
hypothesis, the SM and VIS networks are lower-order sensory systems, whereas the other
networks are higher-order association systems (Huntenburg et al. 2018).

134

Brain structural connectivity
For each individual, fibre tractography was used to construct a 360 ×360 structural
connectivity matrix based on the dMRI data. First, the Connectome Workbench
(Van Essen et al. 2013) was used to back project all MMP areas defined in the
standard space to individual cortical surfaces in the diffusion space. FSL software
(version 5.0.9, Behrens et al. 2003, 2007) was then used to perform probabilistic
tractography between every pair of ROIs. During pair-wise fibre tracing, one region
was used as the seed area and the other as the target, and vice versa. A total of 5000
streamlines were sent from each vertex of the seed ROI. Two thousand steps of
streamline propagation were performed with a step length of 0.5 mm and a
curvature threshold of 0.2. Individual fractional anisotropy maps based on preprocessed dMRI data were generated using FSL. Fibre streamline propagation
would cease when a voxel with an FA value of <0.1 or the brain pial surface was
encountered. The directional connective probability 𝑝𝑖𝑗 from a seed ROI i to a
target ROI j was calculated by dividing the number of streamlines that reached the
target ROI by the total number of streamlines initiated from the seed ROI (5000
multiplied by the number of vertices in the seed ROI) (Behrens et al. 2007). A
higher probability indicated stronger structural connectivity between the ROIs.
Based on the calculated directional connective probability, we further defined the
structural network weight 𝑤𝑖𝑗 ,by calculating the reciprocal averages of the
connective probabilities (i.e. 𝑤𝑖𝑗 = (𝑝𝑖𝑗 + 𝑝𝑗𝑖 )/2) (Cao et al., 2013). Next, the
matrix was thresholded using values maintained above 𝑤𝑖𝑗 = 0.001, which led to
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the retention of approximately 10% of the links in the population-averaged
structural network (Cao et al. 2013) (Fig S1A). Additional details about the
influence of thresholding are illustrated in Fig. 5-S1.
Based on the structural connectivity matrices, we investigated two network
measures being indicative of node centrality: (i) the connectivity strength Si was
defined by summing all link weights (𝑤𝑖𝑗 ) from one node to all others: 𝑆𝑖 = ∑𝑗 𝑤𝑖𝑗 .
However, this calculation did not sufficiently reflect the contributions of links with
relatively small 𝑤𝑖𝑗 values (i.e. weak links). (ii) the connectivity degree Ki was
equal to the number of existing links to one node after thresholding. This definition
balanced the effects of weak and strong links above the threshold.
Complexity of neuronal activity
We keep using the ‘dispersion entropy’ to characterize the complexity of neuronal
signals as our previous work (Chapter 3, Liu et al., 2019). To simplify the analysis
and focus on the demonstration of spatial profile, we did not include the multiscale
analysis but use the original dispersion entropy (corresponds to scale=1 in Chapter
3).
While the choice of the parameters c, τ and m will differently scale the entropy
estimates for a given time series, we found that parameter setting will not alter the
estimation of the individual entropy profile (see Fig. 5-S2, the rank order of entropy
estimates across ROIs remained same). For all subsequent analyses, we fixed the
parameters to the following values: c = 3, τ = 1 and m = 2.
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Fingerprint identification
‘Fingerprint’ identification (Finn et al., 2015) was applied to prove the reliability
and existence of individual differences in cortical entropy profiles (Fig. 5-2A). Here,
we wrote down the vector of the individual entropy profile of participant i on day d
as ⃗⃗⃗⃗⃗⃗
𝐸𝑁𝑖𝑑 , where 1 ≤ 𝑖 ≤ 𝑁 and d = 1 or 2. Next, we defined an identification
procedure. With the two-day measurements, the entropy profile from one day was
assigned as the ‘target set’ where the participant ID was supposed to remain
unknown. The profile measured on another day was selected as the ‘database set’.
The identification process focus on predicting the ID of a participant in the target
group based on information from the database set. The predicted ID of the target
was obtained in the searching of for the participant with the most similar entropy
profile characteristics in the database set. Formally, by given the input entropy
profile as ⃗⃗⃗⃗⃗⃗
𝐸𝑁𝑖𝑑1 and the data in database set as ⃗⃗⃗⃗⃗⃗
𝐸𝑁𝑗𝑑2 , we calculated the
correlation as:
⃗⃗⃗⃗⃗⃗ 𝑖𝑑1 , ⃗⃗⃗⃗⃗⃗
𝑟(𝑖, 𝑗) = 𝑐𝑜𝑟𝑟(𝐸𝑁
𝐸𝑁𝑗𝑑2 ), 𝑑1 ≠ 𝑑2 ,

(5 − 1)

where i is the enquired participant and j is the database set participant. The predicted
ID is defined for j with the highest similarity to i in the database set, namely
max 𝑟(𝑖, 𝑗).
𝑗

As Finn et al. (2015), we applied a non-parametric method to assess the significance
of the identification accuracy, more specifically, a permutation test. After obtaining
the predicted ID from profile matching, the participant ID in the target set was
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permuted so that the original prediction was compared with a set of not-paired
observations. We conducted 500 permutations each using results of REST1 or
REST2 as the database to generate surrogate data. The final p-value was obtained
by the probability of achieving an accurate result that was greater than or equal to
the original accuracy over the 1000 total permutations. However, we observed a
maximum accuracy of only 0.60% across all realizations of the permutation test
(only six participants matched; please refer to Fig. S3 for an example), which is not
acceptable for practical use. Thus, significance does not guarantee a high accuracy.
According to the psychometric literature on reliability (Coaley, 2014), we added a
tighter criterion besides significance, such that the accuracy needs to be larger than
60% to be considered satisfactory. When the identification was successful (i.e.
accuracy was above 60%), we can conclude that the entropy profiles were stable
within individuals, but varied across individuals, and could thus be viewed an
individual ‘fingerprint’.
Differentiation power
Different ROIs may have differently contribution to the identification process. Finn
et al. (2015) quantify the elementary contributors to identification with a metric
called differentiation power (DP). The Pearson correlation coefficient is the sum of
the element-wise products of two z-scored vectors. For each element,
⃗⃗⃗⃗⃗⃗⃗⃗
⃗⃗⃗⃗⃗⃗ 𝑖𝑑2 after normalisation, the element-wise products could be given as
𝑧𝐸𝑁𝑖𝑑1 , z𝐸𝑁
𝜑𝑖𝑗 (𝑛) = zEN𝑖𝑑1 (𝑛) ∗ zEN𝑗𝑑2 (𝑛), 𝑛 = 1,2, . . ,360.
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(5 − 2)

where zEN𝑖𝑑 (𝑛) represents the entropy value in the n-th ROI of participant i on
day d after z-score normalization and the sum ∑𝑒 𝜑𝑖𝑗 (𝑛) represents the Pearson
correlation between ⃗⃗⃗⃗⃗⃗
𝐸𝑁𝑖𝑑1 and ⃗⃗⃗⃗⃗⃗
𝐸𝑁𝑗𝑑2 . An effective identification requires the intraparticipant correlation be larger than the inter-participant correlation. Therefore, for
ROIs that contribute to identification, the following property must remain true:
𝜑𝑖𝑖 (𝑛) > 𝜑𝑖𝑗 (𝑛)𝑜𝑟𝜑𝑖𝑖 (𝑛) > 𝜑𝑗𝑖 (𝑛), 𝑖 ≠ 𝑗.

(5 − 3)

Under this condition, a given ROI contributes to the difference between the intraparticipant correlation and the cross-participant correlation. We can then compute
the empirical probability as
𝑃𝑖 (𝑒) = 𝑃 (𝜑𝑖𝑗 (𝑛) > 𝜑𝑖𝑖 (𝑛) 𝑜𝑟 𝜑𝑗𝑖 (𝑛) > 𝜑𝑖𝑖 (𝑛))

=

(|𝜑𝑖𝑗 (𝑛) > 𝜑𝑖𝑖 (𝑛)| + |𝜑𝑗𝑖 (𝑛) > 𝜑𝑖𝑖 (𝑛)|)
, 𝑁 = 998.
2(𝑁 − 1)

(5 − 4)

A smaller 𝑃𝑖 (𝑛) enhances the identification power of the ROI 𝑛 for participant i
and can be interpreted similarly as the p-value in standard statistical testing. The
overall DP for the ROI 𝑛 can be obtained by averaging the 𝑃𝑖 (𝑛) across
individuals and calculating its negative logarithm:

𝐷𝑃(𝑛) = − ln (∑ 𝑃𝑖 (𝑛)) .

(5 − 5)

𝑖

After this transformation, a high or low DP value suggests that a given ROI has a
greater or lesser contribution to identification, respectively.

139

Regional test-retest reliability
Test-retest reliability for each ROI was assessed via the correlation of entropy at
the same ROI between REST1 and REST2 across the 998 participants.
Empirical entropy distribution of random signals
To identify noise contaminated ROIs, we constructed the empirical entropy
distribution of random signals. The signals from each ROI of each subject in the
first scan were temporally permutated. Then, entropy was calculated from such
randomized time series for all the ROIs and all subjects, and these entropy values
were investigated with respect to their deviation forming the empirical entropy
distribution of random signals. Entropy of the real data can thus be compared with
this distribution to assess if the measured signal is distinguishable from random
signals.
Estimation of cognitive ability scores
A comprehensive psychometric test battery that covered several dimensions of
cognitive ability was applied to the HCP sample (Van Essen et al. 2013). Previous
studies have used factor analyses to demonstrate that the performance scores
generated by the measures included in the battery yield a reliable estimate of general
cognitive ability (e.g. Dubois et al. 2018b). In this study, we adopted the established
cognitive ability structure model proposed by (Dubois et al. 2018b) to derive ability
scores for use in subsequent predictive modelling. The model estimated a general
cognitive ability factor that included the loadings from all task scores and four
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nested factors representing specific abilities (Fig. 5-3A). To better identify each
cognitive task indicator in the model, we used the original abbreviated task names
released by the HCP dataset (see Barch et al. 2013 for task descriptions). The
specific factors were (1) vis (Visuospatial Ability), indicated by PMAT24_A_CR
and

VSPLOT_TC;

(2)

cry

(Crystallised

Intelligence),

which

included

PicVocab_Unadj and ReadEng_Unadj; (3) mem (Memory), indicated by
IWRD_TOT, PicSeq_Unadj and ListSort_Unadjfactor; and (4) spd (Processing
Speed), indicated by CardSort_Unadj, Flanker_Unadj and ProcSpeed_Unadj. The
model fitted using confirmatory factor analysis (CFA) in the lavaan package
(version 0.6-5, Rosseel,s 2012) for the R Software for Statistical Computing
platform (version 3.6.1, R Development Core Team, 2011). This nested factor
model requires orthogonality among all factors. Missing behavioral task data were
addressed using the full information maximum likelihood method as implemented
in lavaan. Model fit was quantified using the 𝜒 2 -goodness of fit test, the
comparative fit index (CFI), the root mean squared error of approximation
(RMSEA) and the standardised root mean squared residual (SRMR). The CFI value
of an acceptable model should exceed 0.95, whereas both the SRMR and RMSEA
values should be <0.08 (Hu & Bentler, 1999).
After constructing a well-fitting confirmatory factor model, we derived individual
factor scores from the latent space for subsequent predictive modelling. Factor
scores are indeterminate and therefore can be estimated from the latent space using
different methods (Grice, 2001). We applied the ‘Thurstone’ regression-based
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method (using the lavPredict function in lavaan) and validated this estimation by
evaluating the correlations (1) between the factors and the generated factor scores
and (2) between the generated factor scores themselves. The analysis revealed
strong correlations between the factors and their derived scores (Fig. 5-S3A),
suggesting that the scores were sufficiently consistent with the factors in terms of
inter-individual variations. However, the factor scores were not completely
orthogonal to each other as required by the CFA model (Fig. 5-S3B), because of
indeterminacy.
Prediction of cognitive ability scores by cortical entropy profiles
We performed a multivariate linear regression to predict the cognitive performance
scores of participants based on the estimated individual differences in cortical
entropy profiles.
We first trained a linear model based on the individual entropy profile:
𝑌 = 𝑏𝑋 + 𝑘,

(5 − 6)

where 𝑌 is the column vector containing all individual factor scores and 𝑋
represents a matrix of individual entropy profiles in which the columns represent
the ROIs. All columns were z-scored. To accommodate the large number of
predictors and potential multicollinearity between these predictors, we used ridge
regression regularization to estimate the model coefficients b and k. Mathematically,
potential multicollinearity could lead to ill-conditioned covariance matrix when
estimating b using the following equation:
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𝑏̃ = (𝑋 𝑇 𝑋)−1 (𝑋 𝑇 𝑌).

(5 − 7)

The ridge regression is an extension of the ordinary least square regression, which
minimizes both the deviation between the observed and predicted values (i.e. error)
and the regularization term:
min ∑(𝑏𝑖 𝑥𝑖 − 𝑦𝑖 )2 + 𝜆 ∑(𝑏𝑖 )2 .
𝑏,𝑘

𝑖

(5 − 8)

𝑖

Consequently, the ill-condition problem can be relieved because the estimation is
revised as
𝑏̃ = (𝑋 𝑇 𝑋 + 𝜆𝐼)−1 (𝑋 𝑇 𝑌),

(5 − 9)

where 𝐼 is the identity matrix.
Leave-one-family-out cross-validation (LOFOV) was used to avoid coupling
between the training and test sets due to the family structure of the HCP sample
(Dubois et al. 2018b). Literally, participants belonging to the same family were
selected as the test dataset, and a model was constructed for participants belonging
to other families. Each family was left out once throughout the iterations. After
yielding estimations for all subjects, we assessed the accuracy of the predictions by
correlating the observed and predicted scores of all participants. A negative
correlation between the observed and predicted values might present due to noise
or bad fitting and was thus fixed at zero. The results are provided for the ridge
coefficient 𝜆 that maximised the correlation in the LOFOV.
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In previous studies based on FC profiling, a feature selection phase was applied
prior to training the multivariate model. In this phase, correlations between
predictors (e.g. entropy in each ROI) and cognitive performance score across
participants were calculated in the training set. Subsequently, a significance
threshold, 𝑝𝑡ℎ , was used to select informative predictors. However, we determined
that feature selection would have non-linear effects on the predictive performance
(see Fig. 5-S4; accuracy may either increase or decrease after feature selection).
Therefore, we omitted the feature selection from our analysis.
Prediction of entropy profiles based on individual structural profiles
To investigate the associations between the brain structure and complexity, we
constructed an additional predictive model based on the inter-individual variability
in structural property profiles (Fig. 5-5D). For each ROI, an ordinary least square
regression was used to train a linear regression model to map the individual regional
structural properties to the corresponding regional entropy value (REST1 and
REST2 averaged). Furthermore, the predicted entropy values of individual subjects
in each ROI were listed together to generate a final estimated prediction of the
individual entropy profile based on structural properties. The above-described
LOFOV approach was also applied to this prediction.
We assessed the accuracies of prediction for observed entropy profile from two
aspects. First, we computed the correlation similarities between the paired
prediction and observation in the same participant. Second, we quantified the
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specificity of the prediction by subjecting all participants to fingerprint
identification. Here, the predicted entropy profile was considered the database set,
and correlation similarities were used to inquire the observed entropy profiles. A
high level of identification accuracy would suggest that participant’s structural
properties could predict the participant’s own entropy profile to a much better
degree than the structural properties of any other individual. We applied the same
criteria (accuracy>60%) is discriminate the success of identification. The
corresponding p-value was yielded by 1000 times permutation on the predicted ID
to randomize the paired relationship between observations and predictions. This
specificity would indicate that an individual’s entropy profile resulted from
individual variations in structural profiles.
Statistical analysis
Pearson correlation analyses were performed using the corr function in the
MATLAB software (MATLAB 2016a), which simultaneously generated the
correlation and p-value. The p-value is computed by transforming the correlation
to create a t-statistic having degrees of freedom equal to the number of observations
minus two. The 95% confidence interval (CI) was obtained by 1000 bootstrap
samples for correlation and identification accuracy. In cases of multiple testing, we
used the Benjamini–Hochberg method to control the false discovery rate (FDR) by
correcting the p-values at an FDR of <0.05.
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5.2 Results
5.2.1 The retest reliability of individual cortical entropy profiles

Fig. 5-2. The individual cortical entropy profile as a fingerprint. Figure adapted from M.
Liu et al., 2020. (A) Depiction of the identification procedure. We used the entropy profile

measured on one day (REST1) to compute the correlations between this profile and all
other individuals’ profiles generated by measurements on the other day (REST2). The
predicted ID was defined as the participant’s ID that yielded the highest correlation
coefficient. (B) The correlation matrix of a group of 200 randomly selected participants
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used to illustrate fingerprint identification based on whole-cortex entropy profiles. (C) A
scatter plot of the enquired participant IDs versus the difference between enquired and
predicted IDs using REST2 (database set) and REST1 data (target set), namely “R2->R1”,
based on whole-cortex entropy profiles. (D) A bar plot of accuracy when REST1 was used
to predict REST2 and vice versa. Entropy profiles from the whole cortex (ALL) and each
of the seven RSNs were used to compute identification accuracy. The RSNs are ranked by
the accuracy of “R1->R2. * and ** above the bars denote the corresponding significance
levels of p < 0.05 and p < 0.01 obtained by the permutation test, respectively, after applying
the correction of FDR < 0.05. The error bars indicate the upper and lower boundary of the
95% CI provided by bootstrapping. (E) A violin plot of the distribution of differentiation
power (DP) across cortical areas in each of the seven RSNs. The RSNs are ranked by the
DP distribution median values.

We demonstrated the crucial influence of test-retest reliability on detecting
individual differences in entropy-based studies with fingerprint identification (Finn
et al. 2015) applied to whole-cortex entropy profiles (Fig. 5-2A). Briefly, we
correlated the individual entropy profile of one participant, i, sampled on one day
with those of all participants j (j = 1–998) sampled on the other day. Only if the
entropy profile was considered reliable within the participant and exclusive
between participants, this correlation can peak at j = i and the identification can
success. In the depicted correlation matrix (only 200 participants included for a
147

clear illustration), most of the pronounced correlation values lie on the diagonal line
i = j (Fig. 5-2B). When the participant ID j at the peak of each row was used as the
predicted participant ID, we found that the predictions based on REST1 matched
the targets from REST2 with accuracy levels as high as 85.67% [855 of 998
participants matched in the whole dataset (Fig. 5-2C)], p = 0.000, 95% CI =
[83.47%, 87.88%], which fits our criteria of successful identification
(accuracy>60.00%, described in Materials and Methods). These results suggest that
the whole-cortex entropy profile can be considered a reliable fingerprint. Note,
however, that the achieved accuracy was slightly lower than that of FC profilebased identification in previous studies (Finn et al., 2015), which was applied to the
same dataset (Fig. 5-S6A).
However, we found the identification accuracy dropped when the scope was
narrowed to specific functional systems. We repeated the identification procedure
using the entropy profiles within each of the seven RSNs (Fig. 5-52D). DMN, ATT,
FP, and VIS succeeded the identification when considering 60% as a criterion.
Notably, three networks, DMN, ATT, and FP, yielded the highest predictive
accuracies, and these levels were only slightly lower than the results obtained from
the whole-cortex analyses. The LIM network yielded the lowest levels of accuracy
(Fig. 5-2D). These observations are consistent with our analysis of DP in ROI level
(Fig. 5-2E), which assesses the contributions of different functional systems to the
identification. The cortical DP distribution (see brain map in Fig. 5-S7A) was sorted
into RSNs and is displayed as a violin plot in Fig. 5-2E. The ROIs belonging to the
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ATT, FP and DMN networks exhibited a high DP, and again LIM ranked in the last
place.

Fig. 5-3. The noise induced unreliability in entropy profiles. Figure adapted from M. Liu
et al., 2020. (A) Brain map of regional test-retest reliability. (B). Violin plots for distribution

of retest reliability in the seven RSNs. (C). Brain map of group entropy profile averaged
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over all data (two days and all participants). (D). Violin plots for distribution of group
averaged entropy profile in the seven RSNs. (E). Scatter plot of regional retest reliability
against the regional group averaged entropy. The narrow distribution of entropy obtained
from permutated signal of the first scan was given for comparison. (F). Scatter plot of
regional retest reliability against DP. The unreliable ROIs identified in (E) are colored as
grey. (G) The recomputed identification accuracy using entropy profile from whole cortical
(ALL) and each RSNs after the removal of the unreliable ROIs. The legends are the same
as Fig. 5-2D. (H). The recomputed DP distribution of each RSNs after the unreliable ROIs
are removed. The legends are the same as Fig. 5-2E.

The heterogeneity with respect to identification accuracy and DP might have
originate from either spatially heterogeneous individual differences or
measurement precision (reliability). We computed and visualized the regional testretest reliability in form of brain maps (Fig 5-3A) and violin plots representing
different functional systems (Fig 5-3B). The low reliability regions appear between
the hemispheres, most of which belong to the LIM network. This suggests the low
identification accuracy and low DP in LIM is a consequence of low test-retest
reliability. This is to say that individual differences in neuronal activity cannot be
properly captured in these regions with noisy signal. In addition, we plotted the
whole-data averaged entropy profile (Fig. 5-3C) since the entropy measure is also
sensitive to identify low signal-to-noise ratio. The figure illustrates that entropy in
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ROIs located between hemispheres appears higher as compared with other ROIs.
When categorizing the ROIs into functional networks (Fig. 5-3D), the LIM network
exhibits the highest median entropy and most entropy estimates were at ceiling,
similarly to random noise. Combining the two dimensions, we depicted the regional
reliability against the regional entropy (Fig. 5-3E). The figure illustrates how the
mean reliability starts to drop with increasing entropy, when entropy approaches to
its maximum given by temporally permutated random signal. It is also interesting
to note that in high entropy regions near random signal, high reliability could still
be observed, which suggested that in some regions the high entropy is essentially
from highly irregular neural activity. We conservatively evaluate noisy and thus
unreliable ROIs as those regions with reliability below 𝑡ℎ𝑟𝑒𝑙𝑖𝑎 = 0.4574 and
entropy larger than 𝑡ℎ𝑒𝑛 =2.1906. The two thresholds, 𝑡ℎ𝑟𝑒𝑙𝑖𝑎 and 𝑡ℎ𝑒𝑛 , are
respectively the 5th quantile from the empirical reliability distribution and the
permuted signal entropy distribution. As illustrated in Fig. 5-3F, the identified ROIs
were observed to have limited DP. This plot is in line with our understanding
according to which part of the observed low DP, such as in LIM in Fig. 5-2F, is
mainly caused by noise-induced unreliability.
Since the validity of the ROIs are fundamentally restricted by their reliability, we
excluded the detected ROIs with the lowest reliability/highest entropy from the
following analyses. We thus compare the validity of subsystems with similar and
satisfactory reliability only. This exclusion removed a total of 17 ROIs, including
one ROI in FP, one ROI in DMN, one ROI in VIS, 11 ROIs in LIM, 3 ROIs in SAL.
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After eliminating unreliable ROIs, we recalculated fingerprint identification
accuracy and DP distribution (Figs. 5-3G and 5-3H), which are used for inference
about the degree of individual differences in each RSN. This rather conservative
data exclusion did not remarkably change the rankings among RSNs, comparing to
Figs. 5-2E and 5-2F. The entropy profiles from DMN, ATT, FP networks turned
out to be the RSNs with the highest degree of individual differences. However, the
retained number of ROIs belonging to LIM was very low (Fig. 5-3H). Note that
using an even more conservative thresholding could further improve reliability,
while reducing the numbers of included ROIs in LIM, SAL and VIS according to
Fig. 5-3B.
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5.2.2 Individual cortical entropy profile as a predictor of cognitive ability

Fig. 5-4. Prediction of the facets of cognitive ability using individual cortical entropy
profiles. Figure adapted from M. Liu et al., 2020. (A) The CFA model used to estimate
cognitive ability scores, along with standardized factor loading estimates. (B) A scatter plot
of the observed general cognitive ability factor scores g vs. predicted g, based on entropy
profiles across the whole cortex. (C) Violin plots of the distributions of averaged absolute
regression weights achieved across the LOFOV for each reliable ROI in a given RSN. The
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RSNs are ranked by medians. (D) A bar plot depicting correlations between the observed
and predicted factor scores of different facets of cognitive ability, using ROIs from all
networks and each separate RSN as predictors. The RSNs were ranked according to the
correlations between the observed and predicted g scores (left to right). (E). the same as (D)
but using entropy profile after deleting the unreliable ROIs. * and ** above the bars denote
the corresponding significance levels of p < 0.05 and p < 0.01, respectively, after applying
the correction of FDR < 0.05. The error bars indicate the 95% CI.

The reliability guaranteed the upper bound of functional validity of individual
entropy profile. Next, we will assess the validity of entropy profile through the
prediction of cognitive abilities. We obtained two-section-averaged individual
entropy profiles with deletion of unreliable ROIs and the applied these profiles in
an attempt to predict individual cognitive abilities. First, we adopted a confirmatory
factor analysis (CFA) model based on several behavioral tasks (Dubois et al. 2018b)
to estimate the cognitive ability scores of each individual, as described in the
Materials and Methods. Fig. 4A displays the model structure along with the factor
2
loading estimates. The depicted model yielded an acceptable fit of our data: 𝜒(30)
=

124.260, p = 0.000, CFI = 0.959, RMSEA = 0.054 and SRMR = 0.037. Note that
the 𝜒 2 -goodness of fit test is highly sensitive for large samples, and the model fit
is thus evaluated based on the alternative fit indices (CFI, RMSEA and SRMR).
Next, we used this model to compute the factor scores for individual participants.
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The estimated factor scores were perfectly correlated with the corresponding latent
factors across participants (Fig. 5-S4). We then performed predictions based on a
multivariate regularized regression, using the individual entropy profiles as
predictors and the cognitive ability factor scores as the outcome. Fig. 5-4B
illustrates the significant correlations of the predicted scores with the measured g
scores across individuals (𝑟(996) = 0.319, p = 0.000, 95% CI = [0.265, 0.377]).
These results suggest that an individual’s unique entropy profile can effectively
reflect his/her cognitive ability. Similar to the identification results, we obtained a
lower prediction effect size for the complexity measure when compared with
previously reported predictions based on FC profiles (𝑟(882) = 0.457, p = 0.000 as
reported in Dubois et al. (2018b) and 𝑟(996)

= 0.443, p = 0.000, 95% CI = [0.396,

0.489] as reproduced in our dataset, see Fig. 5-S6B).
We further explored the distribution of the predictive power of each RSN. First, we
observed natural variations in regression weights across iterations because of the
LOFOV scheme. However, because the entropy in the ROIs was z-transformed
before the regression analyses, the weights were comparable across the ROIs. An
ROI with a consistently high weight across iterations was considered highly
important. Therefore, we computed the mean absolute weight of each ROI across
the LOFOV iterations. As illustrated in the violin plots in Fig. 5-4C (and as a brain
map in Fig. 5-S7B), the median distributions reflect the ROIs within the DMN, FP
and VIS networks that are highly likely to contribute to the prediction power.
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Second, we applied ROIs corresponding to a given RSN to separate predictions of
cognitive ability. The correlations between the predicted and observed g values in
each subnetwork are provided in Fig. 5-4D. The DMN and VIS networks exhibited
strongest prediction powers, and the predictions were significant in every RSN
except LIM, which may be caused by the removal of many ROIs with low reliability.
The prediction process was then repeated for each specific cognitive ability factor
(vis, cry, mem and spd in Fig. 5-4A). As illustrated in Fig. 5-4D, only vis, cry and
mem could be predicted successfully from the entropy profile when using ROIs
belonging to all networks. The best predictive performance was achieved for cry.
In addition, only some RSNs were predictive for specific cognitive ability scores,
and the most predictive network differed with respect to different abilities. The ATT
and DMN networks were ranked as the best predictors for vis and mem, respectively,
whereas the SAL network was the best predictor for both cry and spd. The SAL and
DMN networks appeared to yield significant predictive power for most of the
specific cognitive abilities (SAL, four abilities at a p < 0.05 level; SAL and DMN,
three abilities at a p < 0.01 level).
5.2.3 Neuroanatomical basis of the individual entropy profile
Next, we performed a two-step exploration of the neuroanatomical (structural) basis
of the individual entropy profile. First, we aimed to understand the apparent spatial
heterogeneity in the entropy profile in reliable ROIs (17 ROIs with low test-retest
reliability have been removed from the analysis). Here, we relied on the reliable
entropy profile shared by the population, known as the entropy profile blueprint.
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The blueprint can also be considered a common coordinate for the comparison of
groups and individuals. Second, we investigated which structural features
determined individual differences in entropy profiles (i.e. fingerprints). A joint
interpretation of the results of these two steps should facilitate a better
understanding of individual entropy profiles as deviations from the blueprint. The
unreliable ROIs were deleted to yield unbiased conclusions.
The blueprint

Fig. 5-5. The cortical entropy profile as a blueprint and the corresponding structural
foundation. Figure adapted from M. Liu et al., 2020. (A) A scatter plot of the regional
complexity versus the regional cortical thickness value (blueprint). (B) A scatter plot of the
complexity blueprint versus the structural connectivity strength blueprint. The structural
network data are displayed at a connectivity threshold of 𝑤𝑖𝑗 = 0.001. The same threshold
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was applied to the following subfigures. (C) A scatter plot of the complexity blueprint
versus the structural connectivity degree blueprint. (D) A bar plot of the correlations
between the complexity blueprint and structural property blueprints. * and ** indicate p <
0.05 and p < 0.01, respectively, after correction at an FDR of < 0.05. The error bars indicate
the upper and lower bound of 95% CI.

After obtaining the reliable entropy profile blueprint, we associated the entropy
profile blueprint with the blueprints of multiple structural properties, including
cortical thickness, myelin content (T1/T2), cortical curvature (curv), sulci depth
(sulc), connectivity strength and degree. Notably, the regional cortical thickness
was positively associated with the entropy across cortical regions (Fig. 5-5A, 𝑟(358)
= 0.559, p = 0.000, 95% CI = [0.480, 0.631]), whereas entropy was negatively
associated with the structural connectivity strength (Fig. 5-5B, 𝑟(358)

= −0.259, p

= 0.000, 95% CI = [-0.376, -0.153]). This latter association strengthened further
when degree measure was used (Fig. 5-5C, 𝑟(358)

= −0.487, p = 0.000, 95% CI =

[-0.587, -0.382]). A summary of the group-level entropy-structure correlations in a
bar plot depicted in Fig. 5-5D demonstrates that all associations were significant at
the p < 0.05 level, even after correcting for multiple testing. However, only the
association with cortical thickness was positive, and all other associations were
negative. The results in Figs. 5-5C and D were derived from structural networks
after thresholding at 𝑤𝑖𝑗 = 0.001, as described for other analyses. Note that
quantitatively similar results were derived using other threshold values (Fig. 5-S1B).
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The fingerprint

Fig. 5-6. The structural basis of the individual entropy profile. Figure adapted from M.
Liu et al., 2020. (A) A schematic overview of the computation approach used to estimate

the association between the brain structure and complexity across individuals in each ROI.
(B) The distributions of regional structure-entropy associations across individuals with
respect to different structural properties. The network connectivity (strength and degree)
results are illustrated using a connectivity threshold of 𝑤𝑖𝑗 = 0.001. The same threshold
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was applied in the following panels. (C) A bar plot of the network-averaged regional
structure-entropy correlations derived using different structural properties. (D) The model
used to predict cortical entropy profiles using individual structural properties, together with
the examination of specificity across individuals. (E) Violin plots depicting the correlations
between the observed and predicted entropy profiles for the same participant according to
different structural properties. (F) The accuracies of identification based on observed and
predicted individual cortical entropy profiles when using different structural properties. *
and ** above the bars denote the corresponding significance levels of p < 0.05 and p < 0.01
obtained by the permutation test, respectively, after applying the correction of FDR < 0.05.
The error bars indicate the 95% CI.

Next, we investigated whether inter-participant variations in the entropy profiles
were determined by individual differences in brain structural profiles. Here, we
considered the same set of structural properties used in the blueprint analysis, as all
the properties were proven previously to vary across individuals (Rauch et al. 2005;
Wright et al. 2006; Holmes et al. 2012; Penke et al. 2012; Bjørnebekk et al. 2013;
Kievit et al. 2016; Riccelli et al. 2017; Toschi and Passamonti 2019; Liu et al. 2020).
We first examined the cross-individual structure–entropy correlation in each ROI
(Fig. 5-6A). These correlations differed widely across the ROIs (Fig. 5-6B). The
estimated relationships associated with T1/T2, curv and sulc were distributed
relatively broadly in the range of approximately -0.50 to 0.30. However, the
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distributions of correlations with cortical thickness, structural connectivity strength
and degree were relatively narrow, with ranges of -0.20 to 0.20. Next, we
decomposed the global distributions into the seven RSNs. The network-wise
averaged values are displayed in Fig. 5-6C. Among the considered structural
features, T1/T2, curv and sulc exhibited the strongest correlations with entropy in
the ATT, FP and DMN networks. Importantly, our earlier analysis identified these
networks as having the highest contribution in fingerprint identification based on
reliable entropy profiles (Figs. 5-3G and 5-2H), which can be roughly interpreted
as these RSNs have most degree of individual difference. This observation suggests
that the individual entropy profiles are more strongly associated with individual
differences in myelin, curv and sulc profiles within the indicated sub-networks.
We then estimated a predictive model to further substantiate our findings (Fig. 56D). After training regression models for each ROI, the regional predictions were
combined to generate predicted entropy profiles across ROIs. When we compared
the similarity between the observed and predicted entropy profiles within the same
participant, we observed that all structural properties predicted the profiles with
similarly high levels of precision across the participants (Fig. 5-6E). Therefore, we
further examined the cross-individual specificities of the predictions. We expected
that the predicted structural brain property-based profile of one participant would
be highly similar to the observed profile of the same participant, but different from
the observed profiles of other participants. Therefore, we subjected the observed
and predicted entropy profiles to fingerprint identification and repeated this test for
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all structural properties (Fig. 5-6F). We only achieved the high level of
identification accuracy (accuracy = 69.31%, p = 0.000, 95% CI = [66.55%, 72.02%])
with respect to the sulc-predicted entropy profile, suggesting that individual
differences in sulc profiles largely explain the differences in observed entropy
profiles between participants. The tests based on sulc, curv and T1/T2 yielded
relatively high levels of accuracy among all predications and were ranked similarly
with respect to the network-wise mean correlations in the ATT and FP networks
(Fig. 5-6C). Note that predictions based on the cortical thickness, structural
connectivity strength and degree yielded extremely poor accurate identifications.
The results based on connectivity measures with other thresholds showed similarly
low levels of accuracy (Fig. 5-S1C). These results support the understanding of
correlative analysis in Fig. 5-6C, wherein changes in individual entropy profiles
were influenced predominantly by sulc, curv and myelin in individual brains.
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5.3 Conclusion and Discussion
In this work, we systematically investigated whether individual differences in
cortical entropy profiles can be considered a stable trait and a predictor of cognitive
ability. Additionally, we examined the specific anatomical features underlying
spatial heterogeneity and individual differences in entropy profiles. Using
established entropy profiles to identify specific individuals in a large dataset, we
demonstrated the test-retest reliability and uniqueness of the individual whole
cortical entropy profile. However, the test-retest reliability differs among the
entropy profiles of seven RSNs, highlighted by the LIM showing the lowest
reliability. Furthermore, the predictive modelling framework demonstrated that the
information from reliable cortical entropy profiles could effectively predict diverse
facets of cognitive ability in individuals. We further determined that spatial
variations in the entropy profile could be explained by the cortical thickness and
structural connectivity, whereas inter-individual variations between individual
entropy profiles were determined by the sulc, curv and myelin content. This work
highlighted that the entropy profile, rooted in brain criticality and variability, could
be a promising biomarker to assess individual differences and thus facilitate
cognitive neuroscience and clinical applications.
Our work demonstrated the reproducibility and generalizability of results from
entropy-based studies of individual differences. First of all, entropy is a measure of
randomness and thus is sensitive to noise. The high noise level and low retest
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reliability shown in the central portions of the brain in the HCP pre-processed data
is induced by limitations of fMRI technology, because of the far distance from the
receiver coil (Glasser, 2020). The noise-induced low retest reliability severely
influenced the differentiation power of entropy profiles in the LIM network and
impact on SAL networks, introducing a bias in the evaluation of individual
differences among RSNs. In the present work, we aimed to achieve a balanced
reliability among RSNs by a conservative removal of the low reliability ROIs from
the analysis. However, a careful selection of the cut off threshold, the balance
among RSNs for the upper bound of the reliability, and ways to improve the signalto-noise ratio to achieve more reliable signals in the LIM network and other affected
networks should be investigated in future studies, in order to obtain a more
convincing estimation of individual differences for these networks.
On the other hand, our findings validate the concept of the whole entropy profile
based on rfMRI as a more stable marker and more informative predictor of the
cognitive ability of an out-of-sample individual than profiles of any subsystems. A
methodological framework to utilize the whole cortical entropy profile could ease
the issue of imbalanced test-retest reliability showed in smaller scopes, i.e. RSN
and ROI. In addition, whole cortical profile based method offers advantageous in
terms of integrating information when compared with previous correlation-based
methods that considered spatial sites separately. In another area of research,
previously proposed whole-brain analysis approaches used FC as a fingerprint and
predictor of cognitive abilities (Finn et al. 2015; Dubois et al. 2018b). In a
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comparison of these FC-based methods with our entropy-based method, we
observed some advantages of the former. Although entropy and FC profiles yielded
comparable identification rates, the latter yielded a slightly more accurate
prediction of cognitive performance. This slight superiority can be explained by
two factors. First, it should be noted that the captured information is shared, to some
extent, by the entropy- and FC-based characterizations of spatiotemporal brain
activities. Several studies that analyzed fMRI data and optical voltage images have
demonstrated a strong negative correlation between temporal signal complexity and
FC strength (M. Liu et al., 2019; McDonough & Nashiro, 2014; D. J. J. Wang et al.,
2018). Second, FC profiles are advantageous because these can capture a much
larger feature space (O( N2 )) relative to that captured by entropy (O(N)). The
increased features of FC approach could provide more reliable dimensions to
compensate the noise induced unreliability. Also a high-dimensional space can
more sensitively distinguish between participants and predict their cognitive
abilities. In this sense, the reliability and predictability of the entropy profile are
likely to be limited by the exanimated feature dimension (i.e. number of ROIs or
electrodes) and should be carefully checked when conducting a localized fMRI or
EEG study.
In the relatively reliable part of cortical entropy profile, we revealed heterogeneity
with respect to the degree of individual difference and predictive powers of
different functional subsystems with identification and prediction of their cognitive
abilities. Notably, the FP, ATT and DMN networks were the greatest contributors
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to the re-conducted identification of individuals. Previous studies have reported
high levels of inter-trial and inter-participant functional connectivity variability in
these networks (Mueller et al., 2013). In our subsequent analysis, the FP and ATT
networks were associated with the strongest structure-entropy associations,
whereas the DMN appeared to have the highest predictive power for general
cognitive ability. Overall, these findings demonstrate that the dynamic activities of
these functional systems play a unique role in associations with the brain structure
or cognitive ability. These observations are consistent with the ‘cortical hierarchy’
hypothesis (Felleman & Van Essen, 1991; Huntenburg et al., 2018; Markov et al.,
2014), which proposed that higher-order systems (e.g. FP, ATT and DMN) control
multimodal cognition and must be variable to support flexibility in functional
processing. In contrast, lower-order systems (e.g. VIS and SM) are specialized to
perform unimodal primary functions and require greater stability. However, we
observed that the higher-order DMN network and lower-order VIS network were
most predictive of general cognitive ability. Other subsystems were also identified
as significant predictors of general cognitive ability. This observation suggests that
general cognitive ability requires integration across the cortical hierarchy. This
suggestion is plausible as the qualities of information processing in both the lowerand higher-order systems could be intuitively considered important for successful
functional processing. Our findings thus provide further empirical support for the
view that whole-brain approaches could better elucidate individual differences in
general cognition. Additionally, the successful RSNs differed with respect to the
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predictions of different specific abilities. For example, the ATT network was a
powerful predictor (evident by significance) of visuospatial and crystalized abilities
but not of memory and processing speed. In addition, the DMN and SAL networks
appeared to be the best predictors for memory and crystallized ability, respectively.
Overall, our results suggest the involvement of different functional subsystems in
the implementation of specific abilities, which is consistent with the perspective of
functional specificity. Taken together, our observations reveal that information
processing in the brain exceeds the constraints suggested by the hierarchical view.
This revelation is consistent with the distributed information-processing theory
(Colom et al., 2006; Gläscher et al., 2010) of general intelligence, as well as with
flexible information routing when realizing specific abilities (Palmigiano, Geisel,
Wolf, & Battaglia, 2017; Wang & Yang, 2018).
According to our results, the unique cortical entropy profiles of individuals could
be attributable to inter-participant variations in cortical folding properties (sulc and
curv) and myelination. In contrast, the individual cortical thickness and structural
connectivity did not contribute to specific predictions. These findings regarding the
anatomical determinants of entropy might also improve our neurological
understanding of brain pathologies and associated cognitive losses. Furthermore,
the outcomes of this study can be used to more fully integrate the previous
knowledge from several entropy-based and brain anatomy-based studies. For
example, we might postulate that the previously observed loss of brain entropy in
patients with Alzheimer’s disease (Mizuno et al. 2010; Yang et al. 2013; Azami et
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al. 2017; Wang et al. 2017) could be attributable to reductions in curv and sulc (Im
et al., 2008; Tao Liu et al., 2011, 2012).
In contrast to the above-described findings, the whole-brain entropy profile
blueprint was based largely on spatial heterogeneity in cortical thickness and
structural connectivity, consistent with recent studies that used spatial variation
gradients of structural blueprints to explain inter-region differences in dynamics
properties. For example, variations in neuronal oscillation time scales were linked
to the spine densities of local neuronal circuits (Chaudhuri et al. 2015). Moreover,
differences in outgoing regional FC patterns were associated with heterogeneity in
myelination (Demirtaş et al., 2019). However, our study revealed discrepancies in
the structure–dynamics relationship between the blueprint- and fingerprint-level
analyses, as indicated by the functional consequences of differences in the brain
structure between brain regions versus those across participants. For example, interregional changes in structural connectivity (e.g. strength and degree) were
consistently and negatively coupled with complexity in the functional resting-state
complexity. However, the inter-participant differences in connectivity formed both
positive and negative associations with different regions. The observed
discrepancies in the correlation patterns between blueprint and fingerprint analyses
could be explained from the perspective of the complex systems theory. Entropy
across the spatial region is the result of network integration based on different
anatomical and connectivity measures. Consequently, there may be significant
correlations between each measure, although some measures may not have a causal
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effect on the measured dynamical complexity (e.g. thickness, despite the lack of
effect of this measure on the individual fingerprint). Our findings clearly
demonstrate that blueprint-based neuroscience studies do not fully elucidate the
structure–dynamics relationship and that the determination of additional
information at the individual level is warranted. Our analyses also suggest that
future studies should implement more complex structure–dynamics interactions in
the high-dimensional system and consequently derive a unified principle that can
explain the observations from both blueprint- and fingerprint-based studies.
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5.4 Supplementary materials

Fig. 5-S1. Effects of thresholding in DTI. Figure adapted from M. Liu et al., 2020. (A)
Corresponding to the Materials and Methods section. The average sparseness (percentage of
existing links) of individual structural network under different thresholds. (B) Corresponding
to Fig. 5-5D. The correlation between entropy and strength/degree in blueprint analysis under
different thresholds. (C) Corresponding to Fig. 5-6F. The accuracy of individual entropy
profile identification based on strength/degree under different thresholds. Notably,
connectivity degree exhibited greater power than strength in explaining the variation of
entropy blueprint and fingerprint.
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Fig. 5-S2. The effect of parameters on estimating individual entropy profile. Figure adapted
from M. Liu et al., 2020. The data of run 1 of REST1 was used for illustration. (A) The brain
map of entropy profile in exemplified subject using the original parameter setting, i.e. c = 3, τ
= 1 and m = 2. (B) The brain map of entropy profile in exemplified subject using changed
parameters c, m or τ. (C) Scatter plot using data in (B) against data in (A). The entropy profiles
from changed parameter settings are highly correlated with the original profile. (D) Violin lot
for within-participant correlation between original entropy profile and recomputed entropy
profile. The results suggested only increase of τ could slightly influence the estimation of
entropy profile. This is in line with the understanding that increasing c and m will increase
the resolution of temporal pattern searching, while increase τ will reduce the resolution.

171

Fig. 5-S3. Example of generating surrogate data to assess significance of identification
based on whole cortex entropy profile. Figure adapted from M. Liu et al., 2020.
Corresponding to the Materials and Methods section and Fig. 5-2C. The black bars illustrate
the distribution of generated surrogate data in 1000 times realization according to the
permutation test outlined in the Materials and Methods section. The blue dash dotted line and
red dashed line indicate the obtained accuracy in real data, which lies far away from the
distribution of surrogated data. Similarly, in other permutation tests, the surrogated data were
concentrated near zero and the achieved maximum accuracy was 0.60%.
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Fig 5-S4. Evaluating factor score estimations. Corresponding to the Materials and
Methods in Chapter 5. Figure adapted from M. Liu et al., 2020. (A) Regression coefficients
between latent variables and computed factor scores. The column “Std.all” indicates interparticipant correlations. (B) Correlations between factor scores generated from CFA model,
which are supposed to be all zero under the assumptions of the estimated CFA.
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Fig. 5-S5. Cognitive ability prediction using the algorithm proposed in previous
literature. Figure adapted from M. Liu et al., 2020. In previous studies using FC profiles
(Finn et al. 2015; Dubois et al. 2018b), before training the multivariate regression model, the
correlations between each predictor and the ability score were first examined to reduce the
feature space. The predictors showing no significant correlation under a given p-value
threshold 𝑝𝑡ℎ were excluded. However, in our entropy profile-based analysis, we found this
manual selection of features to decrease the final prediction performance. The results are
given: (A) Corresponds to Fig. 5-4B. Scatter plot of observed g vs. predicted g based on
entropy profile in the whole cortex under 𝑝𝑡ℎ < 0.01; (B) Corresponds to Fig. 5-4D. Scatter
plot of observed vis vs. predicted vis based on entropy profile in the whole cortex under 𝑝𝑡ℎ <
0.01. (C) Corresponds to Fig. 5-4D. Scatter plot of observed cry vs. predicted cry based on
entropy profile in the whole cortex under 𝑝𝑡ℎ < 0.01. (D) Corresponds to Fig. 5-4D. Scatter
plot of observed mem vs. predicted mem based on entropy profile in the whole cortex under
𝑝𝑡ℎ < 0.01. The corresponding results in the text (without p-value thresholding) are indicated
in each subplot.
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Fig. 5-S6. Identification and cognitive ability prediction based on functional connectivity
(FC) profile. Figure adapted from M. Liu et al., 2020. For comparison, the original FCprofile-based identification and cognitive ability prediction (Finn et al. 2015; Dubois et al.
2018b) were implemented. The individual FC matrix (360×360) from two different days were
vectorized (upper triangle elements, 1×64620) and input to the calculation of correlation and
regression model. The remaining procedures were as described in the Materials and Methods
section. (A) Corresponds to Fig. 5-2C. Scatter plot illustrating the accuracy of predicted
participant ID using REST1 to predict REST2 based on FC profiles. (B) Corresponds to Fig.
5-4B. Scatter plot of observed g vs. predicted g based on FC profile in the whole cortex. The
unreliable ROI was not removed. The displayed results are from the best setting of the ridge
regression penalty 𝜆 . Note that we conducted the feature selection step ( 𝑝𝑡ℎ < 0.01) as
described in the Materials and Methods section, for the computational cost to perform pure
ridge regression (about 30 hours to search one 𝜆).
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Fig. 5-S7. The brain maps for differentiation power and absolute regression weights.
Figure adapted from M. Liu et al., 2020. (A) Spatial distribution of differentiation power and
(B) mean absolute regression weight during LOFOV for general ability g. They correspond
to Fig. 5-2E and Fig. 5-4C, respectively.
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Chapter 6. Summary and Outlook
My doctoral study was dedicated to using critical brain theory to understand
experimental data and develop potential biomarkers. Viewing the brain as a
dynamical system, combining the anatomical basis, internal state and dynamics
evolution law (spontaneous activity and critical dynamics) is supposed to give
predictions about the outcome (behavior response, cognitive performance) of the
system under given inputs. Based on this principle, we designed and conducted
researches in Chapters 2-5. Firstly, we laid down the basis by applying statistical
methods to identifying the brain criticality in resting state fMRI (Chapter 2).
Secondly, using high resolution imaging data in mouse cortex, we linked existing
and prevalent brain measures in EEG and fMRI fields to be reliable proxy of
variation from critical state, which clarified the methodological concern in
assessing criticality changes in human brain imaging data (Chapter 3). In addition,
we further validated that ongoing activity is influencing the brain function via its
impact on evoked activity, by proving evidence of the interaction between ongoing
and evoked activity in terms of spatiotemporal evolution patterns (Chapter 4). With
all these prepared building blocks, the variability measure in resting state was
ensured to reflect the neuronal criticality and its association to behavior is
interpretable. Finally, we developed the variability measure by enlarging the spatial
scale and demonstrated that the whole brain entropy profile is a reliable,
individualized and anatomy-underpinned biomarker to predict cognitive ability
(Chapter 5).
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Our final outcome may find direct applications to benefit the precision medicine
and individualized education settings as well as neurodevelopment/aging
experimental design. For example, in the psychiatry studies, the diagnosis
approaches for brain disorder or diseases, such as schizophrenia and autism, are
based on the behavior symptoms (Stephan & Mathys, 2014). However, most of the
mental disorders are known to show similar symptoms while caused by different
neuronal mechanisms, which cannot be differentiated by the behavior-based
diagnosis (Stephan & Mathys, 2014). To this end, the brain measures such as the
cortical entropy profile could be beneficial. Since the entropy profile is sensitive to
individual difference of brain functioning (cognitive ability), it is expected that a
clustering of population based on entropy profile could detect subtypes of disorders
with diverse neuronal mechanisms. Besides, the development of mental disorders
and the effect of treatment are highly influenced by individual differences induced
by genetic and environmental factors (Stephan & Mathys, 2014). It would be also
reasonable to test whether the entropy profile can predict the development
trajectories of disease and treatment. Related evidence has been shown by the
association between pre-treatment EEG signal variability and treatment success in
depression (Jaworska et al., 2018). Recent studies about the computational methods
for the differential diagnosis of neuropsychiatric disorders are focused on the level
of psychophysics models to characterize the underlying mechanism and individual
difference (Huys et al., 2016). They assumed the information processing in the brain
obey the psychophysics principles, such as Bayesian inference, reinforcement
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learning or diffusion drift process (Huys et al., 2016). The psychophysics model
needs to be fitted by the task performance of the patients. These gaps are likely to
be filled with variability measures based on task-free brain signals.
The works included in this essay started from the first principle and used the
theoretical hypothesis to guide data analysis. However, the research should not be
unidirectional because the ample evidences accumulated based on data analysis can
give feedback to reshape the theory. The senior researchers in my group have done
several elegant modelling works considering the interplay between critical
dynamics and network structures. The work of (Wang et al., 2011) pointed out that
the excitation-inhibition (E-I) balanced model proposed in (Van Vreeswijk &
Sompolinsky, 1996; Vogels & Abbott, 2005, 2009) with sparse random interneuronal connections cannot exhibit sustainable activity without external input, but
it is possible to sustain when the connections became hierarchical modular so the
model moves into critical states. In addition, theoretically the property of selforganized criticality (SOC) induced scale-free activity is contradictive to the
appearance of rhythmical oscillations with typical scales, which is however both
observed in the brain. It was then revealed by our group that the SOC and
rhythmical oscillations are reconciled by the hierarchical modular network structure
(Wang et al., 2011, 2016), because the accumulation-release process in small
modular induced temporal correlation between large avalanches at the finite-size
cutoff. The importance of hierarchical modular structure was further highlighted by
our work (Wang et al., 2019, Chapter 2) showing that modular structural network
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organization and critical state jointly maximize the diversity of integration and
segregation of the brain based on the resting fMRI data.
However, recently, accumulating experimental evidence revealed that the
hierarchical gradient is not only shown in the large-scale cortical network structure,
but also in the local microcircuit properties, such as the cortical thickness, spine
density, gray matter myelination content, cytoarchitecture (Fulcher et al., 2019;
Huntenburg et al., 2018). Our last study in Chapter 5 also highlighted that the local
microcircuit properties could be more influential than network structures for the
entropy profile to vary across individual and thus determine functions. Given these
new evidences, several questions challenging previous theories assuming local
homogeneity of the brain systems could be asked. What are the interplays between
critical dynamics and these structure gradients? And when the brain is globally
critical, will the heterogeneity in local regions enhance or undermine the globally
criticality? An initial trial has been made by considering heterogeneity in network
structure, myelination and E-I balance, which reproduced in much more details
about the organization of human functional connectivity (Demirtaş et al., 2019).
Therefore, investigating the interaction among the hierarchical network structure,
microcircuit gradient and criticality dynamics is a must to extend our theory and
offers new chance for theoretical researchers to go closer to understanding the
experiment phenomenon.
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On the other hand, our previous modelling work focused more in the explanation
of dynamical observations in empirical data but did not demonstrate the
computational capacity of the models to perform learning or memory tasks. A very
latest work by Chen and Gong, 2019 took a step in this direction. They showed that
a spiking neural circuit with critical dynamics is capable to compute by letting the
input to modulate or redistribute spontaneous activity patterns. The stimuli induced
modulation speeds up cortical processing and is maximized just in the critical point,
which gave a more detailed picture about the computational property of being
critical. Clarifying the computational capacity of biologically plausible model will
simultaneously build up the mechanistic insight about perception and cognitive
processing and inspire new machine learning algorithms for next generation of
artificial intelligence.
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