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Abstract 

The brain is a complex system which consists of billions of neuron cells and gives rise to 

diverse neural dynamics spatially and temporally. Spontaneous neural activities construct the 

foundation for various cognitive processing. However, caused by the limitation spatiotemporal 

resolution and coverage of recording methods in experiments, the organization of 

spatiotemporal dynamics of the self-organized brain activity remains largely unknown. Current 

experimental technique can optically image population voltage transients generated by 

pyramidal neurons across cortical layer 2/3 of the mouse dorsally with a genetically encoded 

voltage indicator. Such data provided unique opportunities to investigate the structure–

dynamics relationship to elucidate the mechanisms of spontaneous brain activity. The aim of 

this thesis is to develop a systematic understanding of spatiotemporal mechanism in the 

mouse cortex by analyzing voltage imaging data, in collaboration with neuroscientist Dr. 

Knöpfel from the Imperial College London.  

 Local oscillation properties such as duration, amplitude and oscillation forms were 

studies on the cortex-wide scale and be compared among brain states. Wakefulness modulated 

the excitability of the neural activity which influenced the duration of the oscillation and the 

transition of different half wave types. Relatively larger amplitude of parietal cortex reflected 

stronger neural activity determined by structural hierarchy. Motifs of the oscillations showed 
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consistency in different brain states which indicated typical pathways of the wave 

propagations.   

 Dynamical properties of various waves and their interactions in sedated mice were 

investigated. Based on phase velocity fields, there were only a small number of large-scale, 

cortex-wide plane wave and synchrony (standing wave) patterns during Up-Down states. 

Interactions of local sources and sinks can generate saddles, and interactions of local wave 

patterns with large plane waves can induce a change of their wave propagating direction. 

Local wave patterns emerged at preferred spatial locations. Specifically, sources were 

predominantly found in cortical regions with high cumulative input through the underlying 

connectome. The findings revealed the principled spatiotemporal dynamics of Up-Down 

states and associated them with the large-scale cortical connectome.  

 Waking from deep anesthesia to consciousness increased the number of local wave 

patterns and made the spatiotemporal dynamics more complex. Although the active state 

increased the wave propagation speeds, the average speed decreased because of the 

interaction and collapse of wave patterns. Not affected by the brain states, the two principal 

modes with the highest variance remained stable. The first mode represented the large waves 

spreading across the cortex forward or backward while the second mode corresponded to the 

waves propagating in opposite direction in the frontal and parietal cortex. An infra-slow 

frequency of the wave number might reflect the bold flow and oxygenation. 
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The characterizations presented in this thesis can be used to predict and guide 

measurement and analysis of large-scale brain activity. The analysis of cortex-wide neural 

dynamical patterns builds foundation for further investigation of their functional implications.  
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Chapter 1: Introduction  

The brain is a complex system which consists of billions of neuron cells and gives rise 

to diverse neural dynamics spatially and temporally. These dynamics provide the foundation 

for different cognitive processing. However, caused by the limitation of recording quality and 

quantity of experimental data, the spatiotemporal dynamics of the brain activity is still little 

known. Recently, improvements in recording techniques with higher resolution increased 

researchers’ interest in this area. Specifically, highly structured activity patterns may reflect 

behavior and function but are not well understood. This thesis presents a conceptual 

framework to explain the neural dynamics by explicating some of the properties of the 

dynamical patterns in mouse cortex.  

A brief introduction of the fundamentals of brain activity and the current situation of the 

research field is necessary before exploring these spatiotemporal patterns. Consequently, the 

introduction section will provide a background of the brain structure and brain activity, and 

then gives an overview of the methods and results in previous research studies.  

 

1.1 Anatomy of the brain  

1.1.1 Neurons  

Neuron is one of the important cells comprising brain and directly involved in cognition 
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(Lent et al., 2012). Although different types of neurons are playing various functional roles, 

their fundamental structures are similar. Typically, a neuron has a soma (cell body), an axon 

(cable-like projection), and dendrites (branching structures) (Fig. 1.1A). Electrochemical 

signals are conducted to other neurons by axons and received from other neurons via 

dendrites. The membrane potential is an electrical potential across the neuron surface 

regulating the exchange of ions with the extracellular fluid. During resting state, membrane 

potential range between −90 mV and −50 mV. A spike (action potential) will be generated 

when membrane potential is increased beyond a threshold and the signal will propagate to 

other neurons via axon.  

Action potentials are caused by the positive sodium ions flowing into the cell through 

voltage-gated channels. These channels will open when the membrane potential continuously 

increasing and beyond a threshold (Kandel et al., 2012). After a period, the sodium channels 

close and potassium ion channels open which repolarizes the membrane potential to the 

resting state by allowing potassium ions (positive) to flow out of the cell (Fig. 1.1B). The 

processing is typically in the scale of one millisecond.  

One firing event in the cortical neurons is a process that the action potential first 

generates at the axon and propagates along the presynaptic neuron’s axon to postsynaptic 

neuron’s synapse. However, most of the synapses do not direct connect to each other, instead, 

they communicate by releasing of neurotransmitters from the presynaptic cell to the 
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postsynaptic cell. Neurotransmitters are typically classified into two different types: 

excitatory and inhibitory by increasing and decreasing the electrical potential of the 

postsynaptic neurons respectively. Neurons thus are classified into two groups according to 

the neurotransmitter it releases. Excitatory neuron will evoke other neurons to fire and 

inhibitory neuron will inhibit other neurons to fire. The proportion of excitatory neurons and 

inhibitory neurons is approximately 4:1, which has been indicated by anatomical studies 

(Markram et al., 2004). 

Figure 1.1. Functional anatomy and action potential of neurons. (A) Morphology of typical neuron. 

Adapted from Nolte (2009). (B) Evolution of membrane potential and the corresponding number of 

sodium and potassium ions. Adapted from Kandel et al. (2012). 
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1.1.2 Neural networks  

Neural networks consist of many highly interconnected neurons. Typically, each neuron 

is coupled with around 6,000 to 10,000 others (Schüz and Palm, 1989). Connections with 

small physical distance are more likely to occur than long-range connections (Braitenberg and 

Schüz, 2013). This kind of structure of network enable rapid communication between brain 

areas by providing relatively short physical distance between any two neurons and can form 

local connected clusters for specific tasks (Bassett and Bullmore, 2006). The connection 

probability can be described as an exponential function or Gaussian rule of distance between 

neurons (Markov et al., 2011). The synaptic connection strength varies (Buzsáki and 

Mizuseki, 2014) and could change through plasticity mechanisms (Citri and Malenka, 2008). 

These properties of neuron networks provide complex dynamics across multiple scales 

spatially and temporally.  
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1.2 Multi-scale neural activity  

Based on the spatial scale, neural activity can be classified into three categories: 

microscale (<0.1 mm, single neurons), mesoscale (0.1mm–10mm, small-scale neural 

networks) and macroscale (>10 mm, across brain regions). In neuroscience research field, 

main recording techniques for multiple scales of neural activity will be summarized as shown 

in Fig. 1.2. 

 

Figure 1.2. Common experimental recording techniques for different Spatiotemporal resolutions. 

EEG (electroencephalography), ECoG (electrocorticography), MEG (magnetoencephalography), fMRI 

(functional magnetic resonance imaging), VSD (voltage-sensitive dye imaging), LFP (local field 

potential). Adapted from Keane (2017), originally from Sejnowski et al. (2014). 
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1.2.1 Microscale recordings  

To capture the structure and activity of single-neuron, patch clamp technique, single-unit 

electrode, and microscopy methods are used. The patch clamp technique via fine pipettes with 

the surface of the membrane to form a seal which allows for high spatial resolution at 

individual dendrites and ion channels (Neher and Sakmann, 1992). Single-unit electrode 

measures the action potential and membrane potentials directly via voltage sensitive 

microelectrodes with sharp tips access to the cell wall. Microscopy has a slower temporal 

scale and have been used for histology in vitro traditionally (Ballanyi and Ruangkittisakul, 

2009). Recently, even in vivo optical microscopy is enabled by technical advances in genetic 

fluorescence imaging and labelling (Wilt et al., 2009).  

Single-unit recordings have shown that cells in wakeful animals can display spiking 

variability larger than the stimulated by random and independent input (Stevens and Zador, 

1998). Only synchronized inputs of the neurons in the model and neurons in vitro can make 

the membrane potential change fast which can match the irregular firing dynamical 

recordings (Stevens and Zador, 1998). On the other hand, balance between excitation and 

inhibition allows neuron to sustain in a critical, chaotic state (Churchland et al., 2010). 

Recently, a study indicates that the naturally arise local propagating waves of activity not only 

possible to link the balance of excitation and inhibition, but also can provide highly 

synchronized synaptic inputs when sweeping past neurons (Keane and Gong, 2015).  
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1.2.2 Mesoscale recordings  

In mesoscale, neuron activity is mainly captured by voltage sensitive dye imaging 

(VSD), and local field potentials (LFPs). In VSD imaging, dye molecules are acted directly 

on the cortex with exposure of the brain surface by removing part of the skull. These dyes can 

emit fluorescent light by binding to cell membranes. When stimulated by external light, they 

act as a function correlated with membrane potential changes (Chemla and Chavane, 2010). 

VSD imaging provides high spatiotemporal resolution recordings in a large area of the brain. 

However, caused by light scattering at greater depths, it can only measure neural activity at 

cortical surface. Moreover, VSD imaging is invasive and toxic which is unavailable for 

research in humans (Hillman, 2007; Chemla and Chavane, 2010). Recent advanced VSD 

imaging method can access targeted neuron populations using genetically encode fluorescent 

voltage indicators and have been applied in mouse cortices (Carandini et al., 2015).  

Compared to VSD imaging, LFPs can measure activity deeper by using 

multi-microelectrode arrays. Instead of inside cell bodies, LFPs recorded the voltage outside 

cells by extracellular medium with electrodes placed in (Buzsáki et al., 2012). The 

extracellular voltage not only reflects synaptic activity, but also non-synaptic effects 

including intrinsic currents, calcium spikes and neuron-glia interactions in the local area 

(Buzsáki et al., 2012). Local neural geometry and architecture may also influence 

extracellular voltage (Einevoll et al., 2013). Caused by these reasons, LFPs are inherently 
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more ambiguous comparing to membrane potentials and action potentials. However, 

experiments have shown the functional correlations of LFPs in brain tasks (Katzner et al., 

2009; Agarwal et al., 2014), and recent modelling approaches have demonstrated the 

relevance of LFPs and transmembrane currents (Hindriks et al., 2016).  

Focusing on population-level neural dynamics, mesoscale recording techniques can 

capture the activities of neurons in the number of thousands to millions. By calculating the 

synchronization between cells or recording sites, measurements such as correlations, 

coherencies between sites are commonly used in the dynamical analysis (Uhlhaas et al., 2009) 

(Fig. 1.3). Neural synchrony is widely related to cognitive processes, brain disorders and 

other functional meanings (Uhlhaas et al., 2009).  

Figure 1.3. Synchronized and desynchronized activity in LFPs between pyramidal neurons in 

mouse barrel cortex. Adapted from Palop and Mucke (2016).  

 

1.2.3 Macroscale recordings  

Functional magnetic resonance imaging (fMRI), magnetoencephalography (MEG), 

electroencephalography (EEG), and electrocorticography (ECoG) are typical measurements 
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of neural activity at the whole brain scale. fMRI is blood-oxygen-level dependent (BOLD) 

signal which captures the oxygenated and deoxygenated blood concentration by using  

magnetic fields in the brain regions. The BOLD signal is a function of the overall firing rate 

of neurons because active neurons consume more oxygen (Logothetis, 2008). MEG, EEG and 

ECoG techniques can measure the extracellular potential as well as LFP recordings with 

different recording techniques (Buzsáki et al., 2012). MEG detected magnetic fields by 

superconducting quantum interference devices. EEG recorded signals from electrodes on the 

scalp while ECoG achieved recordings on the surface of the cortex. These three methods 

could detect macroscale activities with different associated shortcomings: MEG only 

available for detection of currents which moving tangentially to the devices and decays 

sharply with distance, EEG is a complex summary of nearby signals and may be distorted by 

the skull or scalp, and ECoG is invasively implanted (Nakasato et al., 1994; Buzsáki et al., 

2012).  

MEG, EEG and ECoG signals arise from the coordinated firing of neural populations 

and comprise a wide range of oscillation frequencies. In turn, large scale oscillations can 

modify the individual cell activity (Buzsáki and Draguhn, 2004). Neural signals are typically 

divided into several frequency bands: slow (<1 Hz), delta (1–4 Hz), theta (5–8 Hz), alpha (9–

13 Hz), beta (14–30 Hz), gamma (31–80 Hz), and fast (>80 Hz) frequency bands. Different 

frequency bands are considered to have different sources and cognitive functions (Buzsaki 
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2006). Studies have shown that lower frequencies are linked to sleep or unconsciousness 

while higher frequencies are associated with cognitive processing (Wang, 2010; Güntekin and 

Başar, 2016). Meanwhile, different frequency bands are able to interact through 

cross-frequency coupling in a complicated way (Canolty and Knight, 2010). 

 

1.3 Spatiotemporal patterns in cortical regions  

1.3.1 Travelling (propagating) waves  

Travelling wave (propagating wave) is a ubiquitous feature of brain activities (Wu et al., 

2008; Huang et al., 2010; Sato et al., 2012) (Fig. 1.4A)which was first observed in cortical 

surface by electrode recordings (Adrian, 1936). It have been widely observed in different 

brain regions, such as olfactory, auditory, motor and visual cortices (Wu et al., 2008), and in 

many different species including rodents, cats, and primates (Arieli et al., 1995; Rubino et al., 

2006; Lubenov and Siapas, 2009; Muller et al., 2014).  

Dynamics of propagating waves are highly variable between detection regions as well as 

detection techniques. The propagating waves compress and reflect off boundaries between 

regions in some studies (Xu et al., 2007), while in other studies, they can spread coherently 

across multiple cortical regions (Muller et al., 2014). Wave propagation speeds also vary from 

around 0.03 m/s from cortical slices in VSD imaging (Wu et al., 1999) to around 10 m/s in 

EEG oscillations (Burkitt et al., 2000). But only few studies distinguish the propagation 
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velocity clearly, and most studies mixed the group velocity and phase velocity of waves 

(Brillouin, 2013). The group velocity known as the envelope of the wave which indicates 

direct electrochemical signal transfer and typically less than 1 m/s because of the maximum 

signal transmission speed of axons (Debanne et al., 2011). Whereas the phase velocity is the 

rate at which the phase of the wave propagates without any physiological upper limits. Most 

of the studies on EEG or LFP recordings identify propagating activity by the phase velocity 

which does not have direct comparability with signal transmission through axonal 

connections as group velocity (Alexander et al., 2016). Growing evidence indicates that the 

traveling waves are inherently associated with cortical processing. Stimulus can generate 

relevant wave patterns in visual cortex (Sato et al., 2012) and in motor cortex (Takahashi et 

al., 2015). For example, the size and direction of rapid eye movements have been shown to 

influence the amplitudes of propagating waves in primate visual cortical regions (Zanos et al., 

2015), and the size and intensity of stimuli has been observed to correlate with prevalence of 

propagating waves (Sato et al., 2012). In human brain imaging, large-scale waves with 

specific propagating directions are increased by visual discrimination tasks in both MEG and 

EEG recordings (Alexander et al., 2016; Patten et al., 2012).  

Travelling waves in large scales have been demonstrated to facilitate information 

integration processing because they can sweep across brain regions (Patten et al., 2012; Sato 

et al., 2012). Moreover, it has been demonstrated that wave dynamical patterns contribute to 
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information computation: represented by wave patterns, communicated by wave propagation, 

and processed by interactions or collisions with different waves (Gong and van Leeuwen, 

2009). Further modelling work supported that propagating waves can facilitate associative 

learning and implement working memory (Palmer and Gong, 2014; Qi et al., 2015).  

 

1.3.2 Complex spatiotemporal wave patterns  

Although waves were first observed in the brain in 1936 (Adrian, 1936), more complex 

spatiotemporal patterns only be allowed for the study in recent years by improvement of 

recording technologies. Researches of complex spatiotemporal patterns mainly focus on three 

kinds of waves: Spiral waves, sources or sinks, and localized patterns. Spiral waves rotate 

outward from a center in a spiral and require the phase values surrounded the center range 

from -π to +π (Huang et al., 2004; Huang et al., 2010)(Fig. 1.4B). Spiral waves have been 

reported in the VSD imaging of rodent cortical regions and ECoG recordings of human cortex 

(Huang et al., 2010; Muller et al., 2016). Spiral waves have many functions including 

modulating and stabilizing ongoing local patterns (Freeman, 2009), organizing activity across 

different brain areas (Muller et al., 2016) and corresponding to sleep and unconsciousness 

(Huang et al., 2010).  
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Figure 1.4. Amplitude and phase maps during spiral and plane waves from the same field of view. 

The left grayscale images show the spatial distribution of the amplitude standard deviation (SD). 

Darker color indicates smaller SD and brighter color indicates larger SD. Note that an area of small SD, 

indicating amplitude reduction, is seen around the spiral phase singularity. (A) Plane wave in VSD. 

From Huang et al. (2010). (B) Spiral wave in VSD, amplitude maps exhibit rotating activity, but spirals 

in phase and amplitude do not typically occur together. From Huang et al. (2010). 

 

Waves consisting of sources (spreading activity) and sinks (contracting activity) can 

propagate across the cortex and are typically related to sensory stimuli (Fig. 1.5A). 

Responding to relevant stimuli, sources and sinks have been seen in rodent sensorimotor 

cortex (Ferezou et al., 2007), as well as visual and auditory cortical regions (Mohajerani et al., 

2013). Moreover, source and sink wave patterns also can be exhibited during spontaneous 

activity (Mohajerani et al., 2013) but the mechanism is still under debate. One assumption 
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suggests that these patterns reflect the neural activity of structure connectivity network and 

can be triggered spontaneously without explicit stimulation. Another assumption is that the 

self-organized source and sink patterns are repeating previous patterns and serving for some 

cognitive function.  

Localized patterns are complex and may interact and annihilate with other patterns 

(Patel et al., 2013) (Figure 1.5B). Multiple localized patterns have been reported in barrel 

cortex of rodent (Petersen et al., 2003), and during slow wave sleep (Patel et al., 2013). 

Modelling studies indicated that localized patterns can arise when achieve a balance between 

excitation and inhibition in the neural networks (Keane and Gong, 2015; Qi and Gong, 2015). 

Potential functional meanings of the localized patterns have been shown as reflecting neural 

firing variability (Keane and Gong, 2015), and presenting spiking sequences in goal-directed 

decision making processing (Palmer et al., 2017). 
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Figure 1.5. Complex spatiotemporal brain patterns. (A) Whisker-stimulus-evoked source and sink 

pattern in rat VSD imaging. Black arrows indicate direction and speed of VSD spread, calculated using 

optical flow methods. From Mohajerani et al. (2013). (B) Localised, interacting patterns in rat cortical 

slice from VSD imaging. Rows represent different trials, with the middle row demonstrating a mutual 

annihilation event. From Jin et al. (2002). 

 

1.4 Analysis of spatiotemporal patterns  

1.4.1 General methods in neuroscience  

Although the recording technics have been better developed, analysis methods of 

spatiotemporal patterns still need to be improved to quantitatively identify and characterize 

wave patterns. Time delay is the most common method used in the stimulus-evoked activities 

to characterize propagating waves between neural events and to measure reliable wave speeds 

(Sato et al., 2012; Takahashi et al., 2015). However, direct tracking of time delays can only be 

applied on explicit events. Without identifying an explicit event, spatial and temporal patterns 
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of propagating waves has been simply fit as plane waves (Alexander et al., 2013; Zanos et al., 

2015). Another prevalent way to track waves is phase gradient, which estimate time and space 

of the waves by capturing motion which perpendicular to contours of phase directly (Prechtl 

et al., 1997; Rubino et al., 2006; Muller et al., 2016).  

 

1.4.2 Optical flow estimation method 

To describe the motion of 2D retinal projection of a moving 3D scene, the optical flow 

estimation was first mentioned in the visual perception (Gibson, 1950). Since then, the 

concept of optical flow then has been widely used in other fields of research to characterize 

moving activity of complex spatiotemporal patterns. Treated as theoretical perceptual 

construct, optical flow can be used to explain visually track of animals when moving forwards 

in the real world (Fig. 1.6A). 20 years later, optical flow was further used to estimate motion 

between consecutive frames in digital image sequence (Fig. 1.6B) in the burgeoning field of 

computer vision (Fennema and Thompson, 1979). By expressing optical flow as a local 

optimization problem, Horn and Schunck (Horn and Schunck, 1981) developed the approach 

into a hot research topic in computer science. Optical flow has rarely observed apply in 

neuroscience, while techniques derived from optical flow method have been used in a few 

brain studies in recent years. Recently, optical flow has been implemented in neuroscientific 
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applications to estimate neural activity propagation in human EEG recordings (Inouye et al., 

1995) and identify local waves between VSD recording sites (Takagaki et al., 2011). A 

MATLAB toolbox even been released to track source and sink wave patterns and visualize 

the spreading of VSD spatiotemporal activities by optical flow algorithm (Afrashteh et al., 

2017). However, almost all these approaches acted on oscillation amplitude instead of phase 

oscillatory activity. 

 

Figure 1.6: Optical flow fields. (A) Idealised optical flow field for a scene with the observer moving 

directly forwards. Vectors indicate the magnitude and direction of visual features. From Gibson (1950). 

(B) Example optical flow computation. Left: One frame from a video with a rotating sphere of random 

dots. Right: Computed optical flow between this frame and the next. From Heeger (1988). 

 

1.5 Research questions 

As we know that cortical connectome is a complex network, characterized by the 

existence of highly connected hubs (e.g., frontal areas in human brain) and densely linked 

modules (Wang et al., 2015; Meunier et al., 2010; van den Heuvel et al., 2011). From the 

perspective of dynamical systems, the activity patterns are generated by local circuits of 
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coupled neurons which are then further interlinked through the large-scale complex 

connectome. Recent calcium imaging results showed that the local cortical circuits in vivo in 

the anesthetized mouse brain displays the features of excitable systems, which can be 

activated with unitary amplitude and duration irrespective of the activation modes (Stroh et al., 

2013). However, the impact of the complex network architecture on the formation of the slow 

oscillation and wave patterns, as well as its response to different brain states has not been well 

understood. It has been shown that the slow waves originate mainly but not solely from the 

prefrontal cortex and propagate to other regions of the cerebral cortex using 256 EEG 

recording in human (Massimini et al., 2005). In other words, the slow oscillation is a global 

phenomenon in the brain where a cycle starts at a given spot and “invades” the neighboring 

sites. On the other hand, some studies showed that up to 70% of slow waves are local, 

confined in given regions of the cortex (Nir et al., 2011; Vyazovskiy et al., 2011). A strong 

anisotropy is exhibited in the trajectories of wave propagation, and their preferred direction is 

different depending on brain cortical states (Wanger et al., 2013). These diverse findings raise 

several interesting questions about the mechanisms and conditions to generate the slow 

oscillation and complex wave patterns. For example, how the cortex-wide synchronized slow 

oscillations could be organized spatially and temporally on the different regions of complex 

brain network? Is the underlying structure connectivity or the brain states that monitor the 

dynamical patterns?  
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This thesis aimed to obtain new understanding to the slow wave activity in the cortex by 

addressing questions above. The experimental characterization in this thesis could be utilized 

to predict and guide measurement and analysis of cortex-wide brain activity. The results 

would also build a foundation for further study of the transition of the dynamics mechanisms 

during waking from sleep or recovery from anesthesia in association to the recovery of 

consciousness.  

 

1.6 Objectives 

Slow oscillation and complex wave patterns are network-based, rather than cellular 

phenomenon (Steyn-Ross et al., 2013), and EEG experiments have suggested that the slow 

oscillation may be the default state of the neocortex (Lemieux 2014). Better understanding of 

complex brain dynamical patterns and the fundamental network-based working mechanisms 

has great significance of understanding brain functions and disorders and developing 

applications of neural dynamics in computing, information engineering and medical practices 

(e.g., deep brain stimulation). Based on our experience in dynamical network system, we 

assume that the brain network and the brain states are two important factors affecting the slow 

oscillations and wave patterns. Thus, in this thesis, we will take the advantage of the high 

spatial and temporal resolutions of the whole-cortex voltage imaging data provided by our 

collaborator, Prof. Thomas Knopfel, Chair of Optogenetics and Circuit Neurosciences at 
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Imperial College London, Division of Brain Sciences. Our study includes three objectives: (i) 

Study the waveform and propagation of slow oscillations in different brain regions and states. 

The waveforms reflect the characteristics of local circuits while the propagations respond to 

the underlying structure network and the brain activities. (ii) Identify distinct wave patterns, 

characterize the evaluation of wave patterns and investigate their relationship with the 

underlying brain connectome. By considering the properties of complex wave patterns, we 

reveal basic dynamics organization of the complicated brain system. (iii) Investigate change 

of wave propagation from anesthesia to wakefulness which indicates the dynamical transition 

from different brain states and provides opportunity to further understand cognition. We plan 

to utilize neural field model to study the transition mechanism in the future work.  

 

1.7 Scope and organization of the thesis 

This thesis presents the analysis of complex spatiotemporal dynamics of slow 

oscillations and wave patterns in optical imaging recordings of mouse cortex layer 2/3 during 

anesthetized and awake states. In Chapter 2, optical imaging data with high spatiotemporal 

resolution and the processing methods are introduced. Detailed methodological elements 

especially the phase vector fields are presented. Chapter 3 describes the spatiotemporal 

properties of slow oscillation and compares the dynamical difference between anesthetized 

and awake states. The findings provide the theoretical basis and arise further questions to be 
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explored in later Chapter 4 and Chapter 5. Chapter 4 examines the complex wave patterns 

using phase velocity field which is spontaneously induced under anesthesia and proposes 

potential mechanism which link the underlying structure connectivity to the formation of 

complex wave patterns. Chapter 5 evaluates the wave propagating difference to reveal the 

dynamical transformation from anesthesia to wakefulness. Chapter 6 summarizes these 

findings, concludes the thesis with discussion on limitations of this work and future prospects. 

 

  



22 
 

Chapter 2: Materials and methods 

To systematically investigate slow oscillation on the cortical network, we collect two 

data resources which reflect different aspects of slow wave: voltage imaging data from 

anesthesia to wake state and structure connectivity matrix. Both of them are currently most 

advanced and with very high quality. Voltage imaging data from collaborator record the 

voltage activity across the mouse cortex from anesthesia to wakeful state (similar to waking 

from slow wave sleep in natural conditions) which contains huge amount of information and 

is very complex. Structure connectivity matrix from Allen Brain Institute would provide us 

information about cortex network architecture to study how the slow waves are influenced by 

the underlying network connectivity. Moreover, different data analysis methods should be 

used to explore the information hidden in different data type. 

 

2.1 GEVI-based optical voltage imaging       

We used mesoscopic transcranial voltage imaging datasets for the analysis. Data 

acquisition was as described in (Akemann et al. 2010; Akemann et al. 2012; Scott et al. 2015). 

Briefly, transgenic animals expressed genetically encoded voltage indicator (GEVI) chimeric 

VSFP Butterfly (Mishina et al. 2014, Song et al, 2018) in pyramidal neurons across cortical 

regions. The epifluorescence imaging approach can restrict optical access and signal detection 
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to the superficial cortical layers (layer 2/3). All animals were implanted with a transcranial 

cortical window through a thinned but otherwise fully intact skull and a head-fixation plate 

after surgical anesthesia. By a dual emission wide field epifluorescence macroscopic 

equipped with two simultaneous recording CMOS cameras, image acquisition was performed. 

High power halogen lamps for fluorescence excitation (Moritex, BrainVision) and the 

following optics (Semrock): mCitrine (donor) excitation 500/24, mCitrine emission 

FF01-542/27, mKate2 emission BLP01-594R-25, excitation beam splitter 515LP, and 

detection beam splitter 580LP. Ratio of changes of fluorescence intensities acquired with the 

two cameras reflects the dynamics of spontaneous membrane voltage maps across populations 

of pyramidal neurons.    

The datasets were acquired with the frequency of 150 Hz and in the view of cortex-wide 

field. The original spatial resolution of the signal we extracted from the camera is 29µm × 

29µm. During the imaging session (several trials of 180s duration), mice were under 40 mg/kg 

pentobarbital sodium sedation. We considered the anesthesia level by the heart rate of the 

mice. A brain state observed by absolute lack of spontaneous limb and whisker movements is 

indicated as “anesthesia”. We did the experiments on five mice and each mouse recovered 

from anesthetized to wakefulness. We continuously recorded the optical imaging data for 3 

minutes for one trial, and each mouse had several trials for different states.   
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2.2 Preprocessing of optical voltage imaging  

We extracted voltage signals as described in detail elsewhere (Akemann et al. 2012; 

Shimaoka et al. 2017). To reduce spatial noise for more reliable computation of the phase 

velocity fields, we spatially smoothed the signal by 2-times coarse graining using bicubic 

interpolation method which is a weighted average of pixels in the nearest 4-by-4 

neighborhood (function resize, MATLAB, Mathworks Inc, USA). The final spatial size of the 

imaged field is a 44 × 52 matrix. The analysis method based on the phase wave requires that 

signals across multiple neighboring pixels occur with similar spectral properties. Thus, we 

focused on narrowband delta oscillation 0.5-9 Hz by bandpass temporal filtering (Chebyshev 

Type II, function filtfilt, MATLAB, Mathworks Inc, USA) to improve signal-to-noise ratio 

according to the signal power of the wavelet transform (Fig. 2.1). Periods with large 

fluctuations (amplitude > 3 SD) of the filtered voltage signals were identified as movement 

artifacts and excluded in the preprocessing before the analysis. The phase velocity fields were 

calculated on the spatially and temporally filtered data.  
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Figure 2.1. Bandpass filter on the raw data. Data are bandpass filtered from 0.5 to 9 Hz (Chebyshev 

Type II, function filtfilt, MATLAB, Mathworks Inc, USA). 

 

2.3 Phase velocity field (PVF).  

We characterized the cortex-wide spatiotemporal patterns using phase velocity field 

analysis which is adapted from physical theories of turbulence (Townsend et al. 2015; 

Townsend and Gong 2018). First, we used Hilbert transform on the 0.5-9Hz bandpass filtered 

voltage signal to extract instantaneous phase on each pixel 𝜙(𝑥, 𝑦, 𝑡). Then, the method 

assumes that contours (isolines) of the phase move spatiotemporally monotonically, giving a 

phase constancy restraint: 

𝜖𝑝 = 𝜑𝑥 (𝑥, 𝑦, 𝑡 +
∆𝑡

2
)𝑢 + 𝜑𝑦 (𝑥, 𝑦, 𝑡 +

∆𝑡

2
) 𝑣 + 𝜑𝑡 (𝑥, 𝑦, 𝑡 +

∆𝑡

2
) 

Where 𝑢 and 𝑣 are the 𝑥 − and 𝑦 − components of phase velocity, ∆𝑡 is the sampling 

period. Phase velocities are calculated by minimizing errors in 𝜖𝑝 and smoothness 𝜖𝑠 (Horn 

and Schunck, 1981): 

𝜖𝑠
2 = (

𝜕𝑢

𝜕𝑥
)2 + (

𝜕𝑢

𝜕𝑦
)2 + (
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𝜕𝑦
)2 
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The total error is: 

𝜖2 =∬(𝛼 ∙ 𝜎𝑠(𝜖𝑠
2) + 𝜎𝑝(𝜖𝑝

2)) 𝑑𝑥𝑑𝑦 

where 𝛼 denotes a weighting factor, 𝜎𝑠 and 𝜎𝑝 are penalizer functions. In this research, we 

used 𝛼 = 20 and set penalizer function 𝜎𝑠(𝑥
2) = 𝜎𝑃(𝑥

2) = 2√𝑥2 + 𝛽2 with 𝛽 = 0.01. 

Phase velocity 𝒗𝜑(𝑥, 𝑦, 𝑡) = (𝑢(𝑥, 𝑦, 𝑡), 𝑣(𝑥, 𝑦, 𝑡)) can be calculated from the phases 𝜙 by 

solving the corresponding Euler–Lagrange equations (Bruhn et al. 2005). The toolbox 

NeuroPatt implementing the above method can be found on the website 

[https://github.com/rorygt/NeuroPattToolbox]. 

 

2.4 Structural connectivity matrix 

Figure 2.2. The inter-region connectivity matrix (213 rows, 213*2 columns), with connection 

strengths represented in colors and statistical confidence depicted as an overlaid opacity. Adapted 

from Oh et al., 2014. 
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According to the statement of Allen Institute, they conducted 469 experiments that inject 

chemical tracer to mouse brain at the right hemisphere and measure the fluorescent strength 

shown in 295*2 non-overlapping target regions on left and right hemispheres. They further 

filtered the regions into 213*2 regions to reject false positive mistakes. The provided final 

connectivity matrix (Fig. 2.2) contains connectivity weights and their corresponding statistical 

confidence p values among these 213*2 regions. 

As the description on supplements of (Oh et al., 2014), after they yielded fluorescent 

strength of every region, they assumed the homogeneity and homogeneity of source regions: 

“Under homogeneity, two injections of identical volume into region X result in the same 

fluorescence in a target region, irrespective of the exact position of the injection within the 

source area”, so the effect of injection volume can be normalized. And “Additivity allows the 

fluorescence observed in a target region to be explained by a linear sum of appropriately 

weighted sources”, thus allows considering the effect of source region individually (Fig. 2.3). 

 

Figure 2.3. Illustration of Homogeneity and Additivity. Adapted from Supplementary of Oh et al., 

2014. 
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The connectivity weight is defined as fluorescence strength shown in a target region 

caused by an injection to unit volume (a pixel) of region X. To some extent, “it can be thought 

of as proportional to the average out-degree of neurons projecting from the source to the 

target” (supplements of Oh et al., 2014) because fluorescence strength is proportional to the 

amount of fibers between two regions. Thus the fluorescence strength can be considered as 

the connectivity strength between two regions disregarding the volume of source region (Fig. 

2.4 top left). When multiplied by volume of source region, the weight can approximately 

represent total degree between two regions, called Connection Strength (Fig. 2.4 bottom left). 

When the weight divided by volume of target regions, the effect of volumes is excluded, and 

we yield the connection of two regions on pixel level, named Normalized Connection Density 

(Fig. 2.4 bottom right). 

 

Figure 2.4. An intuitive explanation to the connectivity weights. Adapted from Supplementary of 

Oh et al., 2014.           
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For our purpose to study the relationship between brain network and the whole-cortex 

wave patterns, we first constructed a connectivity matrix of the whole brain using Normalized 

Connection Strength. For lacking the results from injection on left hemisphere, we assumed 

the symmetry of the hemispheres and used Allen’s right-to-right data to fill in our left-to-left 

data. The same goes to the contralateral injection data (Fig. 2.5). Self-loops were forbidden, 

so elements on diagonal were set to be zero.  

Figure 2.5. Constructed connectivity matrix of the whole brain by assuming hemispheric 

symmetry.  

 

Although the connection of the whole brain were well mapped, optical imaging data only 

captured activity of part of the cortical regions. Here we plotted the Normalized Connection Strength 

matrix of the cortical regions that can be captured in the optical imaging. Regions in the left and right 

hemispheres are symmetric and there are 34 regions in total (Fig. 2.6).    
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Figure 2.6. Connectivity matrix of the cortical regions. Labels represent the region name and 

position, “R” and “L” represent right and left hemispheres, respectively. The colors denote the 

connectivity strength. 

 

2.5 Definition of Up and Down states globally   

Due to the relative level of synchrony (oscillations of similar phase) of the local voltage 

signal, the global signal averaged over the full field of view also shows clear slow oscillations 

with large amplitude. We detected the Up and Down state of the cortex on the spatially 
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averaged voltage amplitude signals by zero crossings, the positive half wave designated as Up 

state and the negative half wave designated as Down state. We defined one up- and down 

-state cycle as the signal having a positive half oscillation > 0.23s and followed by a negative 

half oscillation > 0.23s (in line with previous studies, for example Nir et al. 2011). Variation 

of this value from 0.23s to 0.25s did not substantially change the results. In one 180s 

recording, there are about 110 Up and Down periods.  

 

2.6 Singular value decomposition of wave patterns 

We applied singular value decomposition to all the phase velocity fields vφ(x, y, t) =

(u(x, y, t), v(x, y, t) during the detected up and down states to identify the principal 

components in wave patterns (Townsend and Gong 2018). We first reorganized all the phase 

velocity fields into a standard form by descending dimension from 2D to 1D (function 

reshape, MATLAB, Mathworks Inc, USA). Then combined them in the matrix w. The 

singular value decomposition can be defined as: 

w = T∑R∗, 

where T and R are  unitary matrices, * denotes the conjugate transpose, and ∑ is a 

rectangular diagonal matrix of singular values σ. The velocity field in the k-th column of R is 

the k-th spatial mode which has a proportion of the overall variance given by σk
2/∑ σi

2
i . The 

top three spatial modes with the largest variance have accounted for 66.2 % of the total 
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variance in the data of one mouse we showed in the Chapter 4.  

Then we projected the instantaneous representative phase velocity fields on the principal 

modes: 

M = w/R 

where M is the weight matrix of every principal mode contributed to all the phase velocity 

fields. Then we have the projection variance of the m-th spatial mode on the n-th phase 

velocity fields: Mm,n
2 /∑ Mi,n

2
i . 
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Chapter 3: Local slow oscillation properties and typical 

motifs 

In the brain, different frequencies of oscillation in neuronal networks organize 

information processing and communication (Buzsáki and Draguhn, 2004; Varela et al., 2001). 

The slow oscillation, as the main brain rhythm observed during slow-wave sleep and deep 

anesthesia, has attracted a lot of attention owing to its distinct characteristics and various 

functions. Slow oscillation reflects the alternating transition between periods of neuronal 

hyperpolarization (Down state or silence state) and depolarization (Up state or active state). 

During the hyperpolarized phase, the network is relatively quiescent because the membrane 

potential of neurons is well below the firing threshold. Thus we call long-duration 

hyperpolarization “silent state” or “Down state”. When depolarized, neurons are close to the 

firing threshold and may discharge in response to incoming excitatory postsynaptic 

potential (EPSP) and leads to an intense bombardment of neurons. Thus this depolarized 

phase acts as the “active state” or “Up state” of the slow oscillation.  

Slow oscillations are highly reproducible within and across subjects from the aspects of 

spatial distribution, density of origins, main direction and speed of propagation (Massimini et 

al., 2004). These observations suggest that the slow oscillation could be used to investigate 

neuronal excitability and connectivity changes. Ultimately regulating single-cell activity, slow 

http://www.sciencedirect.com/science/article/pii/S0896627313002304#bib6
http://www.sciencedirect.com/science/article/pii/S0896627313002304#bib38
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oscillations could enable memory consolidation and forgetting by other functions such as 

selective strengthening or weakening of synaptic connections (Vyazovskiy et al., 2013). Slow 

oscillation may transfer within a specific circuit and facilitate efficient information processing, 

as well as related to neural plasticity (Steriade, 2006).  

 Widely accepted as an important feature of sleep or anesthesia, slow oscillation is 

seldom considered during wakefulness where oscillations are persistently activated and 

desynchronized. Recent studies have revised this view because slow oscillations are evident 

in quiet wakefulness in rodents and primates including humans (Sachdev et al., 2015). 

Researches in rodents showed that the activated wakefulness can be divided into quiet 

wakefulness and desynchronized states (Vyazovskiy et al. 2011; Zagha et al. 2013). By 

dominating the background operation and activity of cortical circuits, slow oscillation also 

plays an important role in wake states. In this Chapter, we are going to investigate the 

dynamical properties of slow oscillation during anesthesia and wakefulness and compare the 

difference between the two brain states. Our data provide experiments when the mouse is in 

full wakefulness before anesthesia which we call “wakeful”; then the mouse was in deep 

anesthesia which is called “anesthetized” and gradually recovering to wakefulness which 

correspond “awake” state. Because the experiments of “wakeful” state were done first and the 

mouse was surgical anesthetized and fixed head again, the cortex mask is slightly different 

between “wakeful” state to “anesthetized” and “awake” state. We will first study the basic 
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properties such as the duration of oscillations and its variation temporally and spatially. Then 

we group the oscillation forms into several clusters and link them with functional regions.  

 

3.1 Durations of oscillations 

The slow oscillation is well-known characteristics during sleep or anesthesia. However, 

depending on diverse experimental recording methods, the definition of the frequency range 

varies. Refer to the definition in a previous paper (Nir et al., 2011), slow oscillation was 

detected if consecutive zero crossings were separated by 0.23 to 1.0 seconds (1Hz-4Hz). For 

those consecutive zero crossings shorter than 0.23 second, we call them fast oscillations. Fig. 

3.1 is an example of slow and fast oscillations at one pixel of the mouse cortex. We also 

separate Up state and Down state according to zero crossings. Thus the oscillations at each 

pixel can be divided into 4 types: negative slow (NS), negative fast (NF), positive fast (PF) 

and positive slow (PS).  
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Figure 3.1. Different types of oscillation on local voltage series from one pixel of the cortex. Every 

half oscillation can be classified into one type. 

 

 Then we do statistics and plot the proportion of each oscillation type for the states 

waking from anesthesia as well as fully wakeful. Each bar in Fig. 3.2 represents an 

experimental trail for 3 mins. The proportion of PS and NF increased while PF and NS 

decreased, in all, the proportion of positive half oscillations increased whereas the proportion 

of negative half oscillations decreased during waking. This evidence is consistent with our 

conception that the neurons are more active and consequently oscillations have higher 

probability to be positive.  
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Figure 3.2. Proportion of different oscillation types on local pixel. The proportion of PS and NF 

increased while PF and NS decreased.  

 

We next analyzed the transition between the different types of states. Under anesthesia, 

NS oscillation has more probability (65%) to be followed by PF and NF has even more 

probability (87%) to have PF behind (Fig. 3.3A). However, during awake state, NS wave is 

usually followed with PS (59%) and NF is usually followed with PS (64%) (Fig. 3.3B). 

Wakeful state has very similar properties as awake (Fig. 3.3C). This result indicates that the 

transition between the oscillation types is dependent on brain state. 
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Figure 3.3. Transition of different oscillation types on local pixel. Circles represent oscillation types. 

Arrows indicate temporal transitions. Value beside the arrow is the percentage of transition property. (A) 

Anesthesia. (B) Awake (recovering from anesthesia). (C) Wakeful (fully awake before anesthesia). 

 

The spatial distribution of different oscillation types also shows clear difference in 

different states. During anesthesia, frontal cortex is occupied by fast oscillations while visual 

cortex and retrosplenial is occupied by slow oscillations (Fig. 3.4A). When waking up from 

anesthesia, frontal cortex is still faster than parietal cortex. However, primary visual cortex is 

distinctively slower than other regions (Fig. 3.4B). In fully wakeful state, it is relatively 

homogeneous while sensory cortex is a little bit slowly than other regions (Fig. 3.4C). 
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Figure 3.4. Occurrence of different wave types spatially. The colors represent the percentage that the 

wave occupied over total experiment time. (A) Anesthetized. (B) Awake. (C) Wakeful. 

 

3.2 Oscillation forms on local pixels 

Not only oscillation duration but also the oscillation forms including amplitude are 

important properties. According to the spatial difference of the oscillation durations, we 

assumed that the oscillation forms on different pixels vary across space. Because every 

oscillation cycle on the same pixel is also different, we first did the average of oscillations on 

each pixel. We picked out all the positive half oscillations and two adjoined consecutive 

negative half oscillations. Then we used positive peak as reference and did average across all 

the oscillations. Fig. 3.5A displayed the oscillation forms on every pixel. Comparing 
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oscillation forms under anesthetized awake and wakeful, wakefulness made the oscillation 

forms more diverse with small fluctuation amplitudes. When imaged the positive peak values 

on the cortex, parietal cortex always have higher values. Waking up from anesthesia makes 

the region at the juncture of sensory cortex and visual cortex a sharp decrease of the positive 

amplitude while fully wakeful does not show clear boundary (Fig. 3.5).  

 

Figure 3.5. Averaged oscillation forms on every pixel. Left: Anesthetized. Middle: Awake. Right: 

Wakeful. (A) Oscillation forms including one positive peak and two consecutive negative peaks 

adjoined to the positive peak. (B) Positive peak values of voltage signal on each pixel. 

 

 To better investigate various oscillations, we did k-means clustering on the oscillation 

forms to classify all the oscillation forms into eight templates. As shown in Fig. 3.6A, the 

shapes of the anesthetized templates are very similar and differ only with expansion of 
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amplitudes. Whereas the template shapes of the awake and wakeful are diverse. The spatial 

pattern of the eight templates revealed relevance with structure connectome. Thus we 

averaged the template positive peak values in the same region of Allen Atlas. Fig. 3.6B 

showed clear distinction of different functional regions as primary motor, somatosensory 

cortex, retrosplenial cortex and visual cortex according to the region colors. Primary visual 

and retrosplenial cortex always have the largest amplitude which is independent of brain 

states. Fig. 3.7B showed the sorted values of each region under anesthetized (blue dots) and 

plotted the values of corresponding regions of awake and wakeful state. This result suggests 

that the relative oscillation amplitudes should be determined by brain structure while the 

absolute amplitude values can be monitored by brain states.    

 

Figure 3.6. Eight clusters of the oscillation forms. Left: Anesthetized. Middle: Awake. Right: 

Wakeful. (A) Centroid of the oscillation forms by k-means clustering (k=8). (B) Positive peak values of 

voltage signal on each pixel and on Allen Atlas. 
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To better compare the similarity of wave forms and spatial distribution in Fig. 3.6, we 

calculated the Person Correlation of the eight form templates under different brain states (Fig. 

3.7A). The correlation of wave forms all higher than 0.8 which means the shape of the 

oscillations are quite similar. This supports the theoretical basics to investigate the wave 

propagation patterns in the next Chapter. However, few oscillations have distinct amplitudes 

which suggest to use phase rather than amplitude when calculating the wave propagation in 

the next Chapter.  

 

Figure 3.7. Correlation of oscillation forms across space and brain states. (A) Pearson Correlation 

coefficients of eight oscillation forms in Fig. 3.6. (B) Sorted sequence of cortical regions. Because we 

did average on two hemispheres, the regional image in Fig. 3.6B is symmetric. Here we showed one 

hemisphere with totally 17 regions. We sorted the sequence according to the value of anesthetized state. 

Awake and wakeful state also showed increasing order which reflected the stability by structure 

network.   

 

3.3 Motifs of the Up-Down state  

Previous studies usually focused on only half slow wave (positive or negative) and 
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investigated how many regions are involved or synchronized together (Nir et al., 2011). With 

the whole-cortex imaging data, we planned to explore the motifs of Up and Down spatial 

patterns across the cortical regions during spatially averaged Up-Down cycles. Here, we 

detected every negative slow wave and its former positive half wave (either slow of fast). We 

separated the negative half wave and positive half wave into 4 equal parts respectively and 

got 5 representative points for each half wave (Fig.3.8). These time points thus represent the 

same phase of the spatially averaged oscillations irrespective of long or short periods of the 

cycles. Because the experimental data are discrete, the time point nearest to the calculated 

time was taken. To compare the wave patterns during the Up or Down state of the spatial 

averaged voltage, we use the sequence of the 5 voltage snapshots (preprocessed using 4 types 

above, deep blue represents negative slow wave, light blue represents negative fast wave, 

orange represents positive slow wave and red represents positive fast wave) at these 5 

representative points to do k-means clustering. We also tried to do clustering on 10 snapshots 

in the whole cycle of Up and Down period but the results are not stable (even replicate for 

2000 times) on that high dimensions, showing that it is not likely to observe similar sequence 

of spatiotemporal patterns during the whole cycle of Up and Down states of the spatial 

averaged oscillations.  

 

 



44 
 

 

 

 

 

 

Figure 3.8. Using five representative points to represent half wave into 4 equal parts. Because the 

experimental data is discrete, the nearest time point will be taken as the representative point. 

 

 As demonstrated in Fig. 3.6 and Fig. 3.7, the oscillations across the pixel have similar 

oscillation shape/frequency, and the amplitude differences gradually changed over space. 

These evidences suggest that we can consider the motifs as the propagation of the oscillations. 

Observing the motifs, we found three typical pathways of the oscillations. The first one 

sweeps across the cortex forward or backward, as shown in the red box in Fig 3.9. The red 

color represents the positive half wave. We can see that the red color starts from frontal cortex 

and spreads to the parietal cortex. In other motifs, the positive half wave can also start in the 

parietal cortex and propagate to the frontal. The second pathway begins in the middle of the 

brain and diffuses to the frontal and parietal at the same time (such as the motif in the green 

box). The third one does not have clear oscillation propagation caused by various oscillation 

durations in different brain regions as shown in the blue box. The frontal part has faster 

oscillation duration and parietal part has slower oscillation duration. Comparing anesthetized 
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state to awake and wakeful states, motifs of anesthesia shows global Up or Down in four 

motifs while wakeful states do not display such global situations. Moreover, motifs of awake 

and wakeful states are vaguer than anesthesia state which indicates the complexity of 

consciousness.  
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Figure 3.9. Motifs of UP and Down states. The value on the left is the percentage of the 

corresponding cluster of the Up state. The value on the right is the fraction of the corresponding cluster 

of Down state. Left panel is the centroid patterns of positive half waves by k-means clustering while 

right panel is the centroid patterns of negative half waves (k=5). (A) Anesthesia. (B) Awake(C) 

Wakeful.   
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3.5 Discussion 

3.5.1 Generation of slow oscillations 

In our research, slow oscillations were observed in the upper layer of cortex with fully 

connection of the other brain regions. These preserve the natural generation mechanisms of 

slow oscillations which are prominent in the cortico-thalamo-cortical loops during slow wave 

sleep and deep anesthesia. However, the specific roles of the cortex and the thalamus in the 

generation and propagation of slow oscillation are still hotly debated (Chauvette et al., 2010; 

Wu et al., 2008; McCormick et al., 2003). It has been indicated that the slow oscillation (< 1 

Hz) is generated within the cortex (Steriade et al., 1993a). Later, the claim that the origin of 

the activity is not dependent on the inputs from the thalamus but the intracortical neuronal 

network has been proved by recording slow oscillation from slices of ferret neocortex 

(Sanchez-Vives et al., 2000). Moreover, slow oscillations persist both in cortical slice 

preparations as well as upon thalamic lesions (Constantinople and Bruno, 2011; 

Sanchez-Vives et al., 2000; Steriade et al., 1993c) but not in the decorticated animals 

(Timofeev et al., 1996). Thus, the thalamus is not required for slow oscillation (Chauvette et 

al., 2010; Rigas et al., 2007). Slow oscillations can be considered as cortical network default 

activity (Sanchez-Vives et al., 2014). Thus, we will propose assumption based on the cortical 

network in the later Chapters. 
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3.5.2 Spatial distribution of slow and fast rhythms 

As shown in Fig. 3.5 and Fig. 3.6, Prefrontal cortex regions have smaller amplitude and 

duration of oscillations which refers to faster Up-to-Down state transitions and stronger 

stability. Stability means that changes in time of the firing rates are compelled by “restoring 

forces” toward the low and high firing states (Ruiz-Mejias et al., 2011). With strong stability, 

oscillations are more robust to fluctuations of the firing activity (Amit and Brunel 1997; 

Brunel and Wang 2001). This stability enables the highly nonlinear dynamics of the neuronal 

activity which provides faster oscillations of the prefrontal cortex comparing to the primary 

sensory cortices. Different stability across the cortex areas suggests the existence of hierarchy 

of cortical networks. 

 

3.5.3 Typical pathways of motifs of Up-Down states 

Cluster centroid of the Up- Down motifs in Fig. 3.9 indicated three typical pathways 

either under anesthesia or in wakeful state. Our observations of typical pathways is consistent 

with recent study by Shimaoka et al. (2017) who found distinct and robust motifs over 

different levels of anesthesia. However, they classified the motifs into 3 groups representing 

the propagation from somatosensory to primary motor cortex, somatosensory to visual and 

retrosplenial cortex and visual cortex and secondary motor cortex to primary motor cortex. 

The difference between the propagation pathways of their results and our results may be 
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caused by the definition and detection of the motifs. Sensory stimulation results also showed 

that the motifs can recapitulate activation patterns and guided by cortico-cortical networks 

(Mohajerani et al., 2013).  
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Chapter 4: Steady stream of complex traveling waves 

underlying cortical up-down states in sedated mice 

Cortical Up and Down states are slow oscillations (0.5–9Hz) of neuronal population 

activities, generated by the underlying neurons switching between periods of vigorous firing 

(Up state) and almost complete silence (Down state) (Steriade et al. 1993, 2001; Destexhe and 

Contreras 2006; Crunelli and Hughes 2010). These oscillations of neuronal membrane voltage 

are associated with a relatively steady barrage of excitatory and inhibitory postsynaptic 

currents (the ‘Up’ state), intermingled with periods of hyperpolarization and synaptic 

quiescence (the ‘Down’ state) (Sanchez-Vives and McCormick 2000), as expected from a 

population activity. As the most pronounced signature of the brain electrical signals during 

anesthesia or non-rapid eye movement (NREM) sleep (Nir et al. 2011; Chauvette et al. 2011), 

up-down states have some important functional roles including consolidation of new memory 

and motor learning (Marshall et al. 2006), and sleep-dependent enhancement in visuomotor 

performance (Landsness et al. 2009; Crupi et al. 2009).  

Conventionally, Up and Down states and their transitions have been studied from the 

perspective of neural synchrony in cortical networks (Contreras et al. 1995; Peigneux et al. 

2004; Poulet and Petersen 2008; Mohajerani et al. 2010; Lemieux et al. 2014; Deco et al. 

2014). More recent studies have demonstrated that they might be organized as propagating 
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waves (Massimini et al. 2004; Luczak et al. 2007). A number of studies described the origins, 

pathways and recruitment of various cortical areas during wave propagation (Sanchez-Vives 

and McCormick 2000; Nir et al. 2011; Shimaoka et al. 2017). However, due to limitation of 

recording techniques such as intracellular recordings (Volgushev et al. 2006) and extracellular 

multiple-unit recordings (Luczak et al. 2007; Ruiz-Mejias et al. 2011) with limited spatial 

coverage, or electroencephalography (EEG) with limited spatial resolution to resolve the 

precise signal origin, the recruitment of neuronal populations in the Up and Down state has 

been evaluated only on the basis of the timing of local oscillation peaks. This approach allows 

to measure the wave propagating directions and speeds only over isolated, relatively large Up 

and Down events (Reimer et al. 2010). Although several methods can quantitatively identify 

and characterize the structured spatiotemporal wave patterns, most approaches focus on 

certain types of patterns at the expense of ignoring the others (Huang et al. 2010; Takahashi et 

al. 2015). Thus, many details of large-scale organization properties of Up and Down states 

and their transition remain unexplored. A recent method analyzing the phase velocity field in 

multi-electrode recordings from the middle temporal regions of marmoset cerebral cortex has 

shown that the synchrony without propagating waves contributes to only a small fraction of 

observed spatiotemporal patterns (Townsend et al. 2015; Townsend and Gong 2018), and 

complex wave patterns like source, sink and saddle, together with plane waves are 

characteristic of the spatiotemporal patterns in slow oscillations. Here we investigated the 
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mechanism of complex wave interactions underlying spatial and temporal development of the 

Up and Down state across the mouse dorsal cortical space. Specifically, we analyzed 

synchrony, plane wave and other complex wave patterns across the cortex and in local cortical 

regions and asked how these events coexist and interact with each other. We also explored any 

dynamical differences between Up and Down states in terms of wave propagation. Finally, we 

searched for a relationship between the emergence of wave patterns and the brain 

connectome.  

     In this Chapter, we addressed these questions by using high spatiotemporal resolution 

genetically encoded voltage indicator (GEVI)-based optical voltage imaging which reveals 

the membrane potential of targeted neuronal populations in the layer 2/3 of the whole cerebral 

cortex. Combined with the advanced wave analysis method (Townsend et al. 2015), we found 

continuous spreading of Up and Down state transitions in the form of complex waves across 

the cortex. Although the wave propagating patterns appear to be countless, the top five 

principal modes already contribute over 75% of the variance. We found that emergence of 

sources and sinks change the propagating direction of plane waves, and their interactions can 

generate saddle wave patterns. Moreover, complex wave patterns including sources, sinks and 

saddles are preferentially formed at specific locations, intricately related to the underlying 

mouse cortical connectome. These findings underpin the notion that Up and Down states play 

an important role in intracerebral communications and reflected details of the underling 
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neuronal circuitries.  

  

4.1 Phase velocity fields reveal wave propagation in up-down states    

Previous analysis of neuronal wave dynamics were based on the timing of peaks in 

oscillatory activity to approximately detect synchronization (Lampl et al. 1999) and travelling 

waves (Massimini et al. 2004; Muller et al. 2018). However the results obtained with this 

approach largely depend on the spatial resolution and coverage of the electrophysiological 

recordings used. Here we used a large-scale high spatiotemporal resolution recording method. 

We recorded voltage signals in anesthetized mouse cerebral cortex layer 2/3 using 

GEVI-based optical voltage imaging. Consistent with previous studies, voltage power spectra 

indicate slow oscillations, with mean frequency between 1 and 4 Hz (Fig. 4.1A). For the 

following analysis, we bandpass filtered the signal from 0.5 to 9 Hz to increase the accuracy 

in the calculation of the phase velocity field. The spatiotemporal patterns of Up and Down 

states are well-resolved in color-coded maps of the voltage signals along a line in cortical 

space plotted against time (Fig 4.1.B, C). These maps illustrate the occurrence of up and 

down states with position-dependent time shifts, suggesting the existence of propagating 

waves. These plots alone may indicate also the presence of standing (non-traveling) waves 

(Volgushev et al. 2006) as suggested by the voltage signal measured on three positions on the 

line across the cortex (Fig. 4.1D). However, the analysis of phase velocity fields (PVF, see 
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Methods) reveal continuous and complex wave propagation (Fig. 4.1E), even in cases where 

the voltage signal (Fig, 4.1C) appear to be synchronized across distant locations. In previous 

analysis considering the time delays in the positive peaks of LFP in the frequency band 0.5-4 

Hz (Vyazovskiy et al. 2009), traveling waves across 3 recording pixels appeared significantly 

above chance in anterior-to-posterior direction or posterior-to-anterior direction. 

Measurement by this method of time delays in peaks is consistent with our analysis of phase 

velocity fields but it only captures the dynamics in certain phases of the oscillations. Phase 

velocity fields extend the characterization of wave propagation temporally to every oscillation 

phase and spatially to every imaged pixel, revealing fairly complex, continuous propagation 

of waves during the Up and Down states. The statistics of wave direction and wave speed (Fig. 

4.2A, B) shows that most of these waves propagate from frontal cortex to caudal cortex and 

the wave propagation speed across the pixels range from 0 to 20 mm/s, which is consistent 

with previous results (Neske et al. 2016; Wu et al. 1999). 
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Figure 4.1. Propagating waves characterized by the phase velocity field during Up and Down 

states. (A) Time-frequency spectrum of voltage signals taken from the position marked by blue spot in 

B. Warmer colors represent higher power. (B) Cortex mask for mouse 1. (C) Example of GEVI-based 

optical voltage imaging data along a vertical line across the left hemisphere as indicated in Fig. 1B; the 

colors represent the voltage amplitude (color bar is the same as in E). (D) Voltage amplitude oscillation 

measured at the three representative spots of corresponding color indicated in B. The yellow thick line 

is the spatial averaged voltage amplitude. (E) Example of phase velocity fields. The arrows are oriented 

in wave propagating direction and their length indicates propagating speed. For clarity of visualization 

each second calculated vector is shown. The background colors represent the voltage amplitudes.  
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Figure 4.2. Direction and speed of propagating. (A) Angle histogram of wave propagating directions 

on every pixel over a 5s period, calculated separately for the left and right hemisphere. (B) Histogram 

of wave propagating speed on every pixel over 5s. 

 

The phase velocity fields displayed very rich and variable wave spreading dynamics. 

According to the trace (τ) and the determinant (Δ) of the Jacobian matrix estimated at the 

corners of the four-pixel containing the critical point, equilibria of a 

two-dimensional dynamical system can be classified into several types including: saddle, 

unstable node, unstable focus, stable node and stable focus (Fig. 4.3). 

 

 

http://www.scholarpedia.org/article/Dynamical_Systems
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Figure 4.3. Classification of equilibria of a two-dimensional dynamical system according to the 

trace (τ) and the determinant (Δ) of the Jacobian matrix. The shaded region corresponds to stable 

equilibria (modified from Izhikevich 2007). 

 

To distinguish different wave patterns, we combined the traditional classification and 

our research interest and defined five wave types (Townsend et al. 2015): plane wave, 

synchrony (non-propagating, standing wave), source (including unstable focus and unstable 

node), sink (including stable focus and stable node) and saddle (Fig. 4.4). If there is no wave 

pattern satisfying these identifications, we consider it as unclassified pattern (Fig. 4.4). 

We detected plane waves by using order parameter of the PVF in the region of interest (ROI):  

vφ̅̅̅̅ (t) =
1

Nv0(t)
|∑vφ(x, y, t)

x,y

| 

where N is the number of vectors in ROI, v0 is the average magnitude of the velocity over 

all pixels, and vφ is the phase velocity vφ(x, y, t). The order parameter vφ̅̅̅̅  ranges from 0 to 

http://www.scholarpedia.org/article/Dynamical_Systems
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1, with 1 representing the case that the velocity vectors are parallel. We set a threshold 

vφ̅̅̅̅ (t) ≥ 0.85 to identify plane waves. Variation of the threshold value between 0.8 and 0.9 

did not substantially change the results. 

We defined synchrony as periods where all the pixels oscillate in phase and, hence, 

where there is no apparent wave velocity (propagation) across the area. We defined the time 

of synchrony when the average magnitude of the velocity fields was 2 SD below the mean 

value across the recording. 

  Local complex wave patterns including source, sink and saddle are organized around the 

critical points which were identified by the intersections of two bilinearly interpolated null 

clines of the phase velocity field. Eigenvalues of the Jacobian matrix at the corners of the four 

pixels around the critical point were used to further classify the pattern types: 

J =

(

 
 

∂u

∂x

∂u

∂y
∂v

∂x

∂v

∂y)

 
 

 

If both eigenvalues are real and of the same sign, the hyperbolic equilibrium would be a node. 

When eigenvalues are complex-conjugate, the hyperbolic equilibrium is called focus. Based 

on the trace (τ) and determinant (∆) of the Jacobian matrix, source (unstable point,τ > 0), 

sink (stable point, τ < 0) and saddle (∆< 0) were determined. Different from previous 

definitions (Townsend et al. 2015), we combined the unstable node and focus as source 

whereas the stable node and focus was identified as a sink. The patterns were detected in the 
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ROI by the NeuroPatt toolbox. Plane wave means the wave propagation directions are highly 

concentrated in the ROI. If a ROI is small enough, any wave pattern would be considered as 

plane wave according to the definition. We, therefore, analyzed how the emergence of plane 

waves depends on the size of the ROI (Fig. 4.6). 

 

 

 

 

Figure 4.4. Examples of wave patterns: plane wave, synchrony, source (green box), sink (orange 

box) and saddle (yellow box), and unclassified patterns. Vectors are shown for each pixel to 

facilitate identification of individual patterns.  

 

 Fig.4.5 shows the types of patterns at every time step. Time steps without defined wave 

patterns are unclassified patterns according to the above pattern classification schemes. 

Consider the size of ROI as the whole cerebral cortex, there is no synchrony and only few 

plane waves during this 10s. Local complex patterns including source, sink and saddle can 

co-exist together. 
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Figure 4.5. Pattern types at every time step. The scale of the color denotes the number of patterns of 

the same types appear on the cortex, with deeper grey representing larger number.  

 

4.2 Size of plane waves and synchrony 

Previous studies suggested that global plane waves and synchrony dominate Up and 

Down states detected at the global level (Massimini et al. 2004). But do plane wave and 

synchrony always occur at cortex-wide (large) scale? To investigate this, we calculated the 

probabilities of plane wave and synchrony within cortical sub regions delineated by dividing 

the cortex into 2, 4 or 16 parts (Fig. 4.6). Note, that due to the shape of the imaged brain area, 

the resulting parts for each divisor are slightly different in size. The probability of detecting 

plane waves and synchrony decreased with region size in a fashion that was well fitted by 

exponential models (𝑓(𝑥) = 𝑎𝑒𝑏𝑥). This sharp decrease is consistent with the notion that 

plane waves and synchrony are not well described as global phenomena. Instead, the global 

waves represent only the tip of the iceberg. All these results are robust over four mice.  
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Figure 4.6. Probabilities of plane wave and synchrony detection decay with regional sizes across 

four mice. The cortex was divided into 16 parts (light blue), 4 parts (green), 2 parts (left and right, 

purple; rostral and caudal, yellow and orange) and 1 part (dark blue). The color of dots corresponds to 

coloration of the segments. The x-axis denotes size of the cortical segments normalized to the total 

imaged area. (A) Plane wave. (B) Synchrony. 

 

4.3 Principal components of phase velocity fields in relation to Up 

and Down states 

To elucidate basic mechanism linking wave propagation and the Up and Down 

transitions, we analyzed principal components of the waves using singular value 

decomposition (SVD) on all of the phase velocity fields during Up and Down states (see 

Method). The principal SVD modes reveal the typical wave propagation pathways while the 

large number of small modes reflects the rich dynamics. The top 5 most dominant modes 

occupied 75% of the total variance (Fig. 4.7A) and the variance distribution of the modes 

decreased sharply (Fig. 4.7B). Please note that the variance for each mode shown in Fig. 4.7A 

& B includes the patterns with the dominant (most frequently observed) direction and 

opposite direction (reversed for all pixels); illustrated is the dominant directions (Fig. 4.7C). 

Mode 1 represents a large-scale plane wave corresponding to previous intracellular and 
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extracellular recordings that slow waves under anesthesia usually travelling from rostral 

cortex to caudal cortex (dominant direction) and sometimes propagate reversely 

(Sanchez-Vives and McCormick, 2000). The other modes reveal less frequently occurring 

propagation pathways. Mode 2 displays waves spreading out from the middle part and 

propagating to rostral cortex and to caudal cortex respectively (for dominant direction). Mode 

3 waves spread from one hemisphere to the other hemisphere. Mode 4 waves have opposite 

anteroposterior propagation directions in the two hemispheres. Mode 5 represents a sink (or 

source for opposite direction) in the sensory cortex on both hemispheres. Across different 

mice, Mode 1 and Mode 2 are fairly similar but the latter modes could be ranked differently.  

We next investigated the contributions of the top 5 modes (both directions pooled) to 

each Up and Down cycle (Fig. 4.7A). Individual Up and Down states were detected as 

positive and negative fluctuations between two zero crossings of the spatially averaged 

voltage signal (see Methods). Because the up and down state duration varied considerably 

between different oscillations cycles we used 9 representative frames at each spatial averaged 

oscillation as a common timing reference (phase) (Fig. 4.7D). We projected the instantaneous 

phase velocity fields for each cycle phase on each mode and calculated the averaged 

contribution percentages of both dominant (Fig. 4.7E, left) and opposite (Fig. 4.7E, right) 

propagation. For Mode 1, both dominant and opposite directions contribute much more at Up 

state than Down state, with the maximum and minimum nearly corresponding to the peak and 
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valley of the spatial averaged oscillations shown in Fig. 4.7E. The reason for this is that, at Up 

state, the plane waves travel across the whole brain while at Down state smaller, random 

modes are recruited. As a consequence of the interference of several modes during Down 

states, the spatiotemporal velocity field patterns appear as spatially frozen without evident 

large-scale propagation. Interestingly, Mode 1 has a much higher contributions at the 

transition period between cortical Up and Down states (represented by 1st, 4th, 5th, 8th, 9th, 

representative phases). This suggests that the transition between Up states and Down typically 

spreads as a large plane wave across the whole cortex. Surprisingly, during Up-to-Down 

transition, the backward directed propagating plane waves have higher variance than the 

forward propagating wave’s interval (up to 42.9% compared to 39.4%; average of the 

variance at phase point 4 and 5). The transition from Up to Down state is also accompanied 

by relatively high contribution of Mode 2 in the dominant direction (Fig. 4.7E, left). After the 

Down state at points 6-8, the oscillation starts the transition to Up state, which is accompanied 

with increasing contribution of Mode 1 in both directions. For other modes, the contribution 

percentages do not change much during one up and down oscillation, consistent with 

continuous variable waves.  

To investigate the robustness of above propagation mechanisms, we also plotted same 

analysis on the other 3 mice (Fig. 4.8). The results among mice show some variations but 

obey the mechanisms we concluded above.  
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Figure 4.7. Principal modes of phase velocity fields and their contributions to the Up and Down 

state cycle. (A) 5 top modes calculated by singular value decomposition of all the phase velocity fields 

in mouse 1 (each vector for each second pixel shown) (B) Variance distribution of the top 20 modes. (C) 

Proportion of the dominant and opposite directions of the top 5 modes. (D) Representative points of 

each up down cycle defined by dividing the cycle into equal time intervals. (point 1 and 9 indicate 

corresponding positive going zero-crossing points). (E) Contribution of the top 5 modes to the 

instantaneous phase velocity fields at each representative cycle phase point. Left: dominant direction of 

the modes. Right: opposite direction of the modes. 
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Figure 4.8. Principal modes of phase velocity field and contributions to Up and Down states for 

other 3 mice. (A) 5 top modes from singular value decomposition on all the phase velocity fields of the 

Up and Down states in mouse 1. Here we also displayed the vectors sparsely for clarity with one vector 

shown and one vector hidden every two vectors. (B) Contribution of the top 5 modes on the phase 

velocity fields at each representative point. Left: dominant direction of the modes. Right: opposite 

direction of the modes. 

 

4.4 Interaction of propagating waves  

Next, we investigated if different types of waves co-exist and interact with each other. 

We first analyzed the probabilities of different local waves to coincide. Most velocity field 

snapshots show only a single source, sink or saddle (Fig. 4.9A). Among all occasions where 

two local waves co-exist, the most frequent combination is source-saddle pairs. Coincidence 

of three or more local wave patterns was rarely observed. To gain further insights as to the 

spatial characteristics of the interaction of local waves, we analyzed representative phase 

velocity fields for each combination of coinciding local wave patterns (Fig. 4.9B). This 

analysis revealed that the saddle pattern typically emerged by the interaction of two waves 

irrespective of wave type (source or sink). However, two sources or two sinks would produce 

a saddle between them (Fig. 4.9B, highlighted by red dot rectangle), while one source and one 

sink would produce a saddle in the location away from the mid line and form a triangle (Fig. 
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4.9B, highlighted by red dot triangle).  

When the phase velocity fields display only one local wave pattern, they sometimes 

superimpose on large-scale plane waves or standing waves (synchrony) (Fig. 4.9B). In the 

view of interaction, the unclassified patterns in Fig 4.4 is the interaction of plane wave and 

synchrony. With parts of the space close to plane wave and parts of the space similar with 

synchrony, some patterns have inhomogeneous wave propagation and thus difficult to be 

classified as any specific patterns at the whole cortex scale. 
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Figure 4.9. Interaction of waves. (A) Co-existence of local wave patterns. We considered seven 

combinatory situations: only source; only sink; only saddle; source and sink; source and saddle; sink 

and saddle; source, sink and saddle. The bars show the probabilities of (co-) occurrence in fields with 

the number of detected waves indicated by the color code. Values represent the average across four 

mice; error bars are standard deviation. (B) Upper row: Examples of phase velocity fields for every 

situation counted in Fig. 4.9A. Lower row: Each type of local wave pattern can co-exist with 

large-scale plane waves or synchrony. For clarity of visualization only each second calculated vector is 

shown.   
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 Previous studies showed that large traveling waves propagate more frequently in an 

anteroposterior direction (Massimini et al. 2004), and with less probability they can switch to 

the posteranterior direction (Sanchez-Vives et al. 2000). Likely the transition of the wave 

propagation direction would involve interaction with local complex waves.  

In order to investigate the occurrence of the local waves together with relatively 

large-scale propagating waves, we lowered the order parameter threshold to 0.5 to identify a 

larger number of relatively global waves. As a measure of the instantaneous wave 

propagation direction, we calculated the spatially averaged propagating direction  θ(Fig. 

4.10A). The time courses of θ and the order parameter 𝑣𝜑 ̅̅ ̅̅ (see Method) showed strong 

partially co-related fluctuations (Fig. 4. 10B, C). We identified relatively large plane waves 

propagating in forward (anterior → posterior) (5𝜋/4 < θ < 7π/4) or backward (π/4 < θ 

< 3π/4) directions. We considered relatively coherent waves with 𝑣𝜑̅̅ ̅ > 0.5, and rated the 

wave patterns with 𝑣𝜑̅̅ ̅ < 0.5 as disordered (Fig. 4. 10D), We calculated the probability of 

forward directed, disordered and backward directed waves on four mice (Fig. 4. 10E). The 

disorder state happens much more frequently than the coherent states and the backward 

directed coherent state is rare (Fig. 4. 10E). These coherent waves in forward or backward 

directions can co-exist with few local complex waves, while disorder states involve more 

local waves (Fig. 4. 10F).   

Next we investigated the formation of source and sink out of relatively coherent 
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propagating waves. A source is the origin of a wave with an oscillation phase that leads 

relative to surrounding sites. An example is shown in Fig. 4.11G. Initially, oscillation phase 

over visual cortex is ahead, and the wave propagates from visual cortex to prefrontal cortex. 

Later the visual site falls behind in phase along with a long period of Up state and a source 

emerged in the sensory cortex, accompanied by order-reversing of the instantaneous phases 

between the site in the sensory cortex (blue square) and site in the visual cortex (orange 

triangle). This observation is consistent with our intuition that the source is the origin of the 

nearby streams. Consequently, the wave propagation in the visual area reversed its direction 

to accommodate with the source. The prolongation of the Up state at the visual site (red curve, 

Fig. 4. 11G, middle panel) slowing down the oscillations may be caused by excitatory inputs 

sustained for longer time or the inhibitory input is small or delayed; at the same time 

enhanced excitations at the sensory site could speed up the oscillation (blue curve), leading to 

phase order reversal and the emergence of a source. The reverse situation applies when the 

phase of the sink happens to lag behind that of the neighboring sites. As shown in Fig. 4. 11H, 

the large-scale waves used to propagate in the backward direction, but the oscillation at the 

sensory cortex (blue square) slowed down relative to the primary cortex (green diamond), 

inducing phase order reversal and the emergence of a sink, which changed the wave 

propagating direction in the primary cortex from backward to forward direction. Having 

examined many cases like these two examples, led to the conclusion that a sufficiently strong 
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source and sink can change the direction of nearby plane waves. Waves that propagate from 

source towards a sink in the direction of a plane wave will not affect the latter; otherwise, the 

direction of the plane wave will be reversed by the source or sink or their combinations.         

Statistical analysis confirmed that the location and type of sufficiently large local 

patterns can determine the final wave propagating direction of a coincident global wave, as 

schematically summarized in Fig. 4. 11I. Irrespective of the original direction of the plane 

wave propagation, sources in the rostral cortex and sinks in the caudal cortex, both with 

waves propagating in the rostral-caudal direction, tended to make the wave propagate in the 

forward direction, while sources in the caudal cortex and sinks in the rostral cortex, both with 

waves propagating in the caudal-rostral direction, tended to drive the wave into the backward 

direction. To further confirm our assumption, we did statistical analysis by considering the 

wave directions of two successive coherent states separated by a disorder state in between 

(Fig. 4.10D). The direction can remain the same (from forward to forward (f-f)) and from 

backward to backward (b-b)) or can change (from forward to backward (f-b) and from 

backward to forward (b-f)). As discussed above, since the result of forward or backward 

direction is supposed to be more related to the type and location of the local wave patterns, 

rather to the original direction, we combined f-f/b-f as one condition and b-b/f-b as another 

condition. For every transition condition through disorder states in between, we recorded the 

type and location of local wave patterns (source, sink and saddle) with radius larger than 8 



73 
 

pixels from the disordered period to later ordered period (forward direction or backward 

direction). Because the forward wave is much more than the backward wave (Fig. 4.10E), we 

did normalization on the f-f/b-f condition and b-b/f-b condition respectively, distinguished for 

rostral and caudal cortex (Fig. 4. 11J). Comparing the conditions f-f/b-f and b-b/f-b, rostral 

sources and caudal sinks indeed led to higher probability, when compared to rostral sinks and 

causal sources, respectively. Meanwhile, rostral sinks and caudal sources, when compared to 

rostral sources and caudal sinks respectively, had stronger tendency to result in the final 

backward direction (Fig. 4. 11J). The probability difference of the b-b/f-b condition is not 

strong, which may be caused by the small sample number of this condition (Fig. 4.10E). 

Overall, the statistical results provided the rationality of our conclusions.    
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Figure 4.10. Definition of interaction of plane wave and local waves. (A) Illustrative example of 

relative concordant directions and disordered directions. The black dots on the circle represent the local 

wave directions, the vector’s length is the order parameter and the vector’s angle is the average 

direction θ. (B) The averaged propagating direction θ during the time evolution of waves. We set 

π/4 <θ< 3π/4 as backward direction (purple) and 5π/4<θ<7π/4 (green) as the anteroposterior 

direction. (C) Order parameter 𝑣𝜑̅̅ ̅, which represents the centrality of the vectors’ directions. 𝑣𝜑̅̅ ̅<0.5 

would be considered as disordered. (D) Classify the wave propagation into three situations: forward 

direction, backward direction and disordered, according to the thresholding schemes in Fig. 4.10B and 

Fig. 4.10C. (E) Probabilities of the forward, disorder and backward states with the bars representing the 

average probabilities across four mice and the error bar for the standard deviation. (F) Probabilities of 

complex waves on the three situations. The number of complex waves (including source, sink and 

saddle) is indicated by the color code. 
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Figure 4.11. Interaction of plane wave and local waves and transition of the wave propagating 

directions. (A, B) Two examples of the relatively coherent wave propagation accompanied by local 

wave patterns (source and sink), and instantaneous voltage amplitude and oscillation phases for the 

three indicated sites. Upper panel: snapshots of the phase velocity fields (each vector for each second 

pixel shown), at times indicated by vertical dashed lines in the Middle and Lower panel. The 

background color is the voltage amplitude. Middle panel: Instantaneous voltage amplitude of the three 

indicated sites. Because the source location may move around in a small area, we plotted the average of 

3×3 pixels around the indicated sites. Lower panel: Instantaneous phases corresponding to the 3×3 

pixel-averaged signals for the three indicated sites. Emergence of source or sink is related to reversing 

of the phase orders indicated by black circles. (C) Schematic illustration shows that the location and 
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type of local waves can strongly determine the final wave propagation direction. The 4 boxes represent 

different situations. The colored background indicates the initial wave propagating direction (from red 

to blue) which is consistent with the arrow direction on the left side of the box. The arrow on the right 

side shows the final direction of the wave after the disordered period. (D) Probability of local wave 

patterns (sources and sinks in rostral and caudal cortex) during the disorder states on different 

conditions, grouped to compare the forward direction (f-f/b-f) or backward direction (b-b/f-b) in the 

final coherent waves following disordered interval. The legend “sourceR” denotes source located in 

rostral cortex, similarly for others. The bars are the mean probability across four mice and the error bar 

is the standard deviation. 

 

4.5 Preferred locations of sources, sinks and saddles 

Finally, we investigate if there are preferred locations of sources, sinks, and saddles and 

of so, if they relate to the structure of the mouse cortical connectome. We used the center of 

the wave pattern (singularity point of phase velocity field with near-zero speed) to define their 

location. In order to investigate the spatial distribution of emergence of local wave pattern 

types (source, sink and saddle), we calculated the center location of every source, sink and 

saddle pattern and the wave duration (the number of time steps that the same location is 

occupied by the same singularity). For each pixel and wave pattern type, we calculated the 

probability of pattern emergence as the cumulative time the pattern existed divided by the 
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summed duration of global Up and Down states. After obtaining the probability of pattern 

emergence, we averaged across pixels for each cortical region as a measure of the 

experimental probability of pattern emergence of each region.  

Interestingly, probability of source, sink and saddle occurrences all show uneven spatial 

distribution patterns, with similarity between mice (Pearson correlation across four mice of 

0.56, 0.50 and 0.62 for sources, sinks and saddles; (p-values much smaller than 0.01). Figure 

4.12A depicts the averaged patterns of preferred localization for each wave pattern and their 

pool (complex wave of any type) across four mice. The high similarity of the spatial 

distribution of the singularity across mice suggested that the spatial locations of the source, 

sink and saddle patterns may be related to the underlying anatomical mouse brain network 

connectome (Oh et al. 2014). We registered the singularity probability maps onto the map of 

mouse cortex areas defined by the Allen Atlas (see Methods) and summed the probability 

values across each brain area (Fig. 4.12B). Note that the distribution pattern seen in Fig. 

4.12A is not easy to detect at first glance in Fig. 4.12B, D because the regional probability as 

the sum over the pixels of a region also depends on the size of the region. The similarities of 

such regional probability across the 4 mice are sharply increased to 0.89, 0.87 and 0.91 for 

source, sink and saddle, respectively (p-values are much smaller than 0.01), when compared 

to the above inter-mice correlation of the probability maps at pixel level. This suggests that 

the spatial probabilities of source, sink and saddle locations reflects some properties of the 



78 
 

underlying parcellation of the cortex into areas with different connectivities to other brain 

regions.  

 From dynamical network perspective, dynamical properties of two regions would be 

similar if the connection profiles of them are also similar. Then, we measured the connectivity 

similarity among the regions based on the connections to the whole brain (not only the 

cortical regions) and represented the connectivity similarity in a low dimensional space, via a 

spectral embedding algorithm. Due to the limitation of the imaging field of view, only 34 

cortical areas on the surface of two hemispheres were captured in the voltage imaging. Thus 

we focus on the similarity among connectivity profiles of these 34 cortical regions. We 

concatenated the whole brain incoming connectivity Ain (34×414 matrix) and the outgoing 

connectivity Aout (34×414 matrix) of the 34 regions as [Ain, Aout] (34×828 matrix). The 

similarity matrix L (34×34) was yielded by computing the cosine angle between each two 

row vectors. To better characterize the similarity among connectivity, we conducted principal 

component analysis (PCA) on the similarity matrix to reduce the dimensionality. We 

computed the covariance matrix COV among each column of similarity matrix L, and then 

did eigen-decomposition on the COV. The first component encoded the most dominant 

variance of the similarity matrix. The close/distant values of brain regions in the first 

component represent their connectivity similarity/dissimilarity and provide a proper way to 

rank the cortical regions according to their connectivity similarity, and can be compared to 
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dynamical properties (here we considered probability of singularity of local wave patterns). 

Fig. 4.12B demonstrated the resulted first principal gradient, where close values 

between regions indicated higher similarity in connectivity profiles while distant values 

suggested the dissimilarity. The scatter plot in Fig. 4.12C showed that the regions with similar 

gradient values tend to have closer singularity probability, quantified by the significant 

positive linear correlation 0.58. To further confirm that the correlation is significant, we 

randomized the original singularity probability on the pixels (see Fig. 4.12A for one 

realization), then calculated the regional probability following the Allen Atlas and compared 

to the connectivity similarity as in the original data. The correlation values of such surrogate 

data of 1000 realizations showed a distribution much smaller than the original value 0.58 (Fig. 

4.12C). This analysis confirmed that the structural connectome can largely influence the 

behavior of local wave patterns.  

Previous work using multi-electrode arrays showed that the source of waves is related to 

elevated firing activity of the neurons (Townsend et al., 2015). Following this observation, we 

assumed that the source of the wave patterns reflects the cumulative input from other regions, 

heuristically expressed as  

𝑃𝑖~∑𝐴𝑖𝑗 ∙  𝑥𝑗,  (1) 

where 𝑃𝑖 is the modeled source probability of cortical region 𝑖, 𝐴𝑖𝑗  is the total connectivity 

strength called normalized connection strength between region 𝑗  and region 𝑖  and 
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𝑥𝑗 denotes the neural activity of region 𝑗.  We assumed that the neural activity 𝑥 i is 

proportional to the amplitude of the voltage signal across cortical region 𝑖 and  used the 

integrated amplitude of the positive voltage signal of all pixels within a region as the neural 

activity of that region. The theoretical source probability calculated according to this simple 

model in Eq. (1), using the connectivity only among the cortical regions, is shown in (Fig. 

4.12D), compared to the experimental source probability of the cortical regions (Fig. 4.12D). 

The correlation of experimental source probability and theoretical source probability shows 

clear linear relationship with high Pearson correlation coefficient 0.73 (Fig. 4.12E). To further 

confirm that the correlation is nontrivial, not from coincidence due to small data sample of 

only 34 cortical regions, we tested using surrogate data. We randomly shuffled the original 

source probability on the pixels (see Fig. 4.12A for one realization), then calculated the 

regional probability following the Allen Atlas and compared to the modeled source 

probability. The correlation values of such surrogate data of 1000 realizations showed a 

distribution much smaller than the original value 0.73 (Fig. 4.12E). This result directly 

supports the model that the emergence of a source is, in part, caused by the cumulative 

activity of structurally defined cortical connectivity. This is consistent with previous 

observation in multi-electrode arrays that the source of waves is related to elevated firing 

activity of the neurons (Townsend et al. 2015).      
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Figure 4.12. Stable spatial distribution of singularity and relationship to brain structure network. 

(A) Pixel-wise distribution of the average local wave probability on four mice. Singularity pattern is 

the average distribution of the source, sink and saddle probability. Randomized pattern is one example 

of the surrogate data shuffled from the average singularity pattern. (B) (Left) Experimental local wave 

pattern probability of cortical regions according to Allen Atlas 2015, which summed the probability of 

all pixels in each region for source, sink and saddle in Fig. 4.12A. (Right) The principal gradients of 

connectivity similarity of cortical regions to all other brain regions in the Allen Atlas. (C) Scatter plot 

of local wave pattern probability vs. the principal gradient of connectivity in Fig. 4.12B for the imaged 

34 cortical regions. The Pearson correlation is 0.58 (red bar), which is much larger than the correlation 

of the surrogate data (blue bars). (D) Experimental and theoretical source probability of cortical regions. 

Theoretical source probability of cortical regions, is estimated according to our assumption of cortical 

interactions in Eq. (1) using the connectivity among the imaged cortical regions only. (E) Scatter plot 
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of the experimental source probability vs. theoretical source probability in Fig. 4.12D. The Pearson 

correlation is 0.73 which is also much larger than the correlation of the surrogate data.  

 

4.6 Discussion 

We took advantage of high resolution voltage imaging of the mouse cortex for a detailed 

analysis of cortex-wide complex wave patterns during Up and Down states. Our work extends 

previous work in the field with several findings not described previously, including (1) 

Continuous propagation of complex waves during up-down states. Plane wave and synchrony 

happened more frequently at smaller scale than at the scale of the whole cortex. (2) Waves of 

activity propagate along many different pathways but a few principal velocity field modes 

occupy a large proportion of variance. The most frequent large-scale event is a large plane 

wave during transition between Up and Down state. (3) Different wave patterns can occur 

either in isolation or in combination. Interactions of two local waves, no matter if source or 

sink, can generate a saddle pattern. The direction of a plane wave can be changed by the 

nearby emergence of local sources or sinks. (4) The spatial distributions of sink, source, and 

saddle are similar across mice and the probability of local wave patterns correlates with 

features of the underlying anatomical connectome. In particular, the spatial distribution of 

sources is highly related to the cumulative connectivity input derived from the structural 

connectome. In the following paragraphs we discuss these aspects in more detail.  
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4.6.1 Continuous wave propagation during Up and Down state cycle  

Extending previous descriptions of Up and Down states as synchronized population 

activity (Sanchez-Vives and McCormick 2000), our analysis of high resolution, high coverage 

data revealed that synchronization at the scale of the entire cortex is very rare, if 

synchronization is strictly defined by nearly absence of wave propagation. In contrast, waves 

of state transitions propagated continuously. The first and dominant principal velocity field 

mode represents plane waves, typically happening in global Up state and in Up to Down 

transitions. In the Down state where neuronal activity is low, the wave propagation slows 

down without a leading plane wave. These observations are consistent with the previous 

finding that the onset of the Down state is more synchronized across cortical locations than 

the onset of the Up state (Volgushev et al. 2006). It has also been shown that the phase 

reversals or switches of the propagation pattern tended to occur during Down states 

(Greenberg and Dickson 2013). This phenomenon is consistent with our intuition that the 

waves should slow down before changing the directions.  

Our analysis shows that, instead of being strictly synchronized; up-down state 

transitions continuously form propagating waves. Due to spatiotemporal continuity of the 

waves, it is unlikely the wave direction will reverse abruptly, but can only change gradually. 

This explains previous findings that switches of propagation direction between Up-Down 

state cycles are rare (Greenberg and Dickson 2013).  
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4.6.2 Principal components of wave velocity fields reveal dominant wave 

propagation pathways 

The SVD decomposition showed that the first and dominant principal mode represents a 

plane wave propagating preferentially along an anterior-posterior axis with hemispheric 

symmetry. Similar observations of large-scale propagation were shown using high-density 

EEG recordings in humans (Massimini et al. 2004; Murphy et al. 2009), cats (Volgushev et al. 

2006) and in part in rodents (Vyazovskiy et al. 2009a). As expected the large plane wave 

represented by the first principal mode tends to occur most frequently before the transition 

between global Up state and Down.  

The second principal mode separates the rostral and caudal parts (Fig. 4.7A). The 

probabilities of plane wave and synchrony also showed obvious difference of prefrontal 

regions and parietal regions, which illustrated distinct properties of prefrontal and parietal 

cortex. Similarly, it has been reported in the human brain that local slow waves tend to 

co-occur across homotopic prefrontal regions (Nir et al. 2011). We can reasonably infer that 

this behavior reflects the anatomical and dynamical difference of the prefrontal and parietal 

regions.  

 

4.6.3 Coherence of the cortex-wide wave propagation and interaction of complex 

local wave patterns 

The cortex-wide wave propagation is evolving in a complex way. Different types of 
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waves can exist individually or intersperse at any location of the cortex. We observed that 

saddles can emerge from the interaction of two local waves as has been observed in the 

middle temporal area of marmosets where saddle patterns were associated with increased 

firing rates of local neurons (Townsend et al. 2015).  

At present, it is unclear whether global and local waves are mechanistically distinct 

However, no matter how the previous global waves act like, the strong local waves like 

source and sinks can determine the later wave propagation globally. Wave propagates out 

from sources and into sinks, thus a rostral source or a caudal sink or their combinations would 

favor wave propagation in the anteroposterior direction. It seems there is a competition 

between global waves and local waves. Between two stages of coherent, large-scale plane 

wave propagation, there is a “disordered” transient period more typically happening in the 

Down states where local waves emerge. If the local wave is weak, it will follow the global 

wave sweeping through. Otherwise, if the local wave is strong, it will grow up and occupy the 

whole cortex in the end. Sources happened more frequently in the rostral cortex and sinks 

happened relatively more frequently in the caudal cortex even further explained the 

observation that there is higher probability of large-scale anteroposterior propagating waves. 

The complicated interaction and evolution of global and local waves may echo the 

spontaneous ongoing activities of cortical circuits, which are also persistent in the 

stimulus-evoked activity in wakefulness (Mohajerani et al. 2013). Ultimately, it reflects a 
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potential mechanism for the brain to process information in a distributed and dynamic way 

(Gong and van Leeuwen 2009).  

  

4.6.4 Relation of spatial distribution of the local wave patterns to the structure 

connectivity  

Without any stimulus or tasks, spontaneous activity in the neocortex appears to be 

highly informative and likely to reflect structural and functional properties of the underlying 

neuronal circuitry (Berkes et al. 2011; Harmelech and Malach 2013). Extracting these 

properties from spontaneous (“ongoing”) activity is a task that has only very incompletely 

been accomplished (Kang et al. 2017). Here we found that the spatial distribution of source, 

sink and saddle patterns are very stable across mice, suggesting that they are most likely 

governed by the underlying structural connectome and could have some functional 

implications. Although the principle of sink and saddle is still elusive, the spatial distribution 

pattern and the corresponding mechanism of source patterns are relatively well explainable. 

As shown in Fig. 4.12A, motor and primary sensory areas have higher source probability. 

Calcium imaging on prefrontal cortex slice also suggested that medial prefrontal cortex can 

act as an intrinsic generator of Up and Down state (Blaeser et al. 2017). The combination of 

the connectivity and neural activity among the imaged cortical areas can predict the source 

probability more precisely. It illustrates that the observed wave patterns are emergent 
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dynamical process intricately organized on the underlying complex brain connectome. Further 

studies are needed to obtain a more complete understanding of such multilevel neural circuit 

dynamics and the functional implication in cortical information communication and 

processing.   
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Chapter 5: Wakefulness alters intrinsic cortical dynamics 

and induces more diverse wave patterns 

Self-emerging neuronal oscillations provide deep insight of brain physiological 

mechanisms and assist to diagnose and treat brain disorders (John et al., 1988). 

Biophysical studies indicated that even one single neuron can endow information 

processing with complex dynamics such as multiple oscillation frequencies (Hutcheon 

et al., 2000). Supported by experimental advance, recent interests have focused on 

larger frequency range under controlled situations (Mitra et al., 2018; Fernandez et al., 

2016). In this Chapter, we investigated the spontaneous brain dynamics via 

spatiotemporal wave patterns under different brain states from anesthesia to 

wakefulness. Our findings indicated that wakefulness generates more localized wave 

patterns and there is an intrinsic intra-slow frequency oscillation modulating the 

spatiotemporal dynamics. 

 

5.1 Wakefulness alters cortical dynamics 

To investigate the dynamical transition caused by the wakefulness, the spontaneous 

rhythmic activity generated on mice cortex layer 2/3 was recorded by optical imaging from 
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anesthesia to wakefulness. During both anesthetized and wakefulness states, the frequency 

power peak is about 2Hz. Wakefulness, however, reduced low-frequency power in the 

normalized power spectrum (Fig. 5.1A). As shown in Fig. 5.1B, voltage power spectra plots 

indicated slow oscillations, with dominant frequency between 1 and 4 Hz in both states. For 

the following analysis, we bandpass filtered the signal from 0.5 to 9 Hz to increase the 

accuracy in the calculation of the phase velocity field. The spatiotemporal patterns are 

well-resolved in color-coded maps of the voltage signals along a line in cortical space plotted 

against time (Fig 5.1.C, D). These spatiotemporal maps illustrated that the local oscillations 

happen more synchronized during anesthetized state and suggested the existence of 

propagating waves. These plots alone indicated also the decreasing of voltage amplitude in 

wakeful state as suggested by the voltage signal measured on three positions on the line 

across the cortex (Fig. 5.1E). Meanwhile, the analysis of phase velocity fields (PVF, see 

Methods) revealed continuous and complex wave propagation in both states (Fig. 5.1F). With 

larger voltage amplitude fluctuations in sedation, the velocity fields also showed more 

continual and smooth wave propagation patterns.   
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Figure 5.1. Wakefulness alters the cortical dynamics of the oscillations. Comparison between 

anesthetized (left) and awake (right) states. (A) Mean power of the frequency from 0Hz to 40Hz on the 

anesthetized and awake state of mouse 1. (B) Time-frequency spectrum of voltage signals taken from 

the position marked by blue spot in C. Warmer color represents higher power. (C) Cortex mask for 

mouse 1. (D) Example of GEVI-based optical voltage imaging data along a vertical line across the left 

hemisphere as indicated in Fig. 5.1C; the colors represent the voltage amplitude (color bar is the same 

as in F). (E) Voltage amplitude oscillation measured at the three representative spots of corresponding 

color indicated in C. The yellow thick line is the spatial averaged voltage amplitude. (F) Example of 

phase velocity fields. The arrows are oriented in wave propagating direction and their length indicates 

propagating speed. For clarity of visualization only each second calculated vector is shown. The 

background colors represent the voltage amplitudes.  
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5.2 Dynamical changes reflected by the propagation of waves 

To further study the wave propagating dynamics, we analyzed the basic properties of the 

waves including direction and speed. Fig. 5.2A showed the histogram of phase vectors’ 

directions of 5 seconds on left hemisphere and right hemisphere separately. On both 

anesthetized and awake states, waves on the left hemisphere and right hemisphere propagated 

symmetrically. Under sedation, waves had stronger tendency to propagate in the direction of 

backward and forward. To study the direction coherence in the backward and forward 

directions, we used the order parameter (see Methods) on the left hemisphere. We calculated 

the order parameters on 0 − 𝜋 and 𝜋 − 2𝜋 respectively and then did average to get a mean 

value shown in Fig 5.2B. We replicated the same analysis on five mice and all of them 

showed significant decrease of the direction coherence from anesthesia to awake with p-value 

0.03 (right-tailed Wilcoxon signed rank test). Not only wave directions, but also wave speeds 

had distinct properties on different brain states. Fig. 5.2C showed histogram of wave speeds 

on the same dataset in Fig. 5.2A which were represented by the vector’s length of phase 

velocity field. Wakefulness made the wave propagation speed have larger proportion on very 

slow and very fast conditions (Fig. 5.2C). Spatial distribution of mean wave speeds indicated 

that somatosensory cortex had relatively larger speed under sedation while retrosplenial 

cortex had larger speed during wake state (Fig. 5.2D). For the average speed across time and 

space, wakefulness caused significant slowdown on every mouse with p-value of right-tailed 
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Wilcoxon signed rank test equals to 0.03. These results suggested that the wakefulness 

generally made the wave propagations more disorder.   

 

Figure 5.2. Wakefulness alters the direction and speed of the waves. (A) Angle histogram of wave 

propagating directions on every pixel on the period shown in Fig. 5.1, calculated separately for the left 

and right hemisphere. Left: anesthetized. Right: awake. (B) Summary plot of order parameters across 

animals and states. Each sample point represents the order parameter of an animal. (C) Distribution of 

the wave propagation speed of mouse 1. (D) Spatial distribution of the average speed of mouse 1. (E) 

Summary plot of averaged speed across animals and states. Each sample point represents the average 

speed of an animal. 
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5.3 Wave properties during up and down period  

Compared general characteristics of wave dynamics shown above, we concluded that 

wakefulness made the wave propagations slower and less coherent. We next investigated why 

the general characteristics changed like this. With high spatial and temporal resolutions, we 

investigated finer properties within the nearly synchronized Up and Down activities. As 

mentioned in the previous Chapter 3, one Up and Down cycle was presented by 9 

representative points. We plotted the spatial averaged voltage amplitude as a reference of the 

Up and Down state (Fig. 5.3A). To investigate how many spatial areas are during the local 

Down states (with negative half period >0.23s, see Method), we recorded the pixels under the 

local Down states at every representative point and divided by whole cortex (imaged) area as 

the ratio of the spatial involvement of the local Down states (Fig. 5.3B). Spatial averaged 

propagation speed is obtained by averaging the vector length across all the pixels (Fig. 5.3C). 

According to the small proportion of the plane wave and synchrony shown in Chapter 4, we 

summed the existing time steps of plane waves and synchrony happened on at least 1/4 of the 

cortex during the time interval between every two representative points (Fig. 5.3D). We also 

summed the existing time steps of the source, sink and saddle during the interval between 

every two representative points (Fig. 5.3E). We did statistics on the interval between two 

representative points instead of only on the representative points because the number of 

waves varied a lot on only one time point. In Figure 5.3, we showed the properties after 
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averaging over all the Up and Down oscillations in mouse 1. The properties of the other four 

mice are very similar. According to these properties, we can describe the dynamic changes 

caused by wakefulness with more details.  

During sedated Up states, small number of local Down state involvement indicated that 

few local pixels undergo local Down states and most of the local pixels are in the local Up 

states. Waves propagate quickly and forms relatively large numbers of plane waves. While in 

the Down state, almost all the local pixels are involved in the slow oscillations, the waves 

cool down with smaller speed and even stop in some parts and display synchronization. Either 

in the Up or Down states, local complex waves always exist and do not have much change 

(Fig. 5.3E).  

Compared to sedation, awake state had very different dynamical properties. The 

involvement of local Down state is much less than sedation which indicated the 

desynchronization of local oscillations. Contrary to the distinct variations of the wave speed 

during one Up and Down cycle in sedation, there is no significant variations of the speed in 

the Up and Down state for wakefulness. Meanwhile, plane waves occurred more frequently at 

Down state and almost no synchrony shown in both Up and Down state. The local complex 

wave patterns had much higher probability especially for saddle patterns compared to 

sedation. These quantitative statistics is in consistent with the visually observed more 

complex wave patterns in Fig. 5.1F.  
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Figure 5.3. Wave properties of Up and Down states. Left: anesthetized. Right: awake. (A) Average 

amplitude of voltage oscillations over all the up and down states. (B) Average involvement of local 

down state. During each up and down period, we detect slow oscillation on each pixel and calculate the 

portion of area in the whole cortex with down state (negative values) of local slow waves with half 

period >0.23s. (C) Average speed. We figured out the mean vector length on every pixel at 

representative time points as average wave speed. (D) Average number of plane waves and synchrony. 

(E) Average local complex wave number. We recorded the number of local complex waves (source, 

sink and saddle) during the interval between two representative points and normalized by dividing the 

interval duration. 
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5.4 Principal components of phase velocity fields  

Wave properties during up and down period mainly showed the dynamics on each 

oscillation cycle temporally. We next elucidated the spatial mechanism linking wave 

propagation and wakefulness based on principal components of the waves by using singular 

value decomposition (SVD) on all of the phase velocity fields (see Method). The principal 

SVD modes reveal the typical wave propagation pathways while the large number of small 

modes reflects the rich dynamics. Please note that the variance for each mode shown in Fig. 

5.4A includes the patterns with the dominant (most frequently observed) direction and 

opposite direction (reversed for all pixels); illustrated is the dominant directions (Fig. 5.4B). 

The top 5 most dominant modes occupied up to 75.1% of the total variance during sedation 

while only contributed to 48.5% when awake, since other small modes contributed more to 

make the wave more complete. The proportion of Mode 1 which represented large plane 

waves across the cortex forward or backward decreased sharply from 46.7% to 18.3% during 

wakefulness (Fig. 5.4C). Mode 1 and Mode 2 are fairly similar with the correlations between 

the same modes of anesthetized and awake state as 0.89 and -0.64. The negative correlation 

means that the for mode 2, the dominant propagation direction has been reversed from 

anesthesia to wakefulness. However, the latter modes could be ranked differently or may not 

have one to one correspondence (Fig. 5.4D). These results suggested that the wave patterns 

become more locally when waking from sedation. 
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Figure 5.4. Principal modes of phase velocity fields and their contributions under anesthetized 

and awake. (A) 5 top modes calculated by singular value decomposition of all the phase velocity fields 

in mouse 1 (each vector for each second pixel shown). Upper: anesthetized. Lower: awake. (B) 

Proportion of the dominant and opposite directions of the top 5 modes. (C) Variance distribution of the 

top 15 modes. (D) Similarity of the top 50 modes. 

 

5.5 Change of wave patterns with respect to brain states 

From anesthesia to awake state, the number of complex wave patterns increased sharply. 

Fig. 5.5A shows the existence time of each wave patterns. Different from Fig 5.3, here we 

defined plane wave and synchrony on the whole cortex to characterize the global patterns 

during wakefulness. During anesthesia, there are a small number of plane waves and 
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synchrony exists across the whole cortex. The number of local complex waves increases 

during wakefulness especially for saddle patterns. Then we focused on the local complex 

waves and investigated the number of local patterns at each time step. In Fig. 5.5C, p=0 

means no local patterns and p>3 means more than 3 local patterns exist at the same time. p>3 

grows while p=0 reduces, which indicates the recovery from the sedation accompanied by 

diverse local wave patterns co-existence together. According to the previous chapter, the 

increasing number of saddle may be largely caused by the interaction of sources and sinks. 

The decreasing of average wave speed can be further explained by the local waves frequently 

interact with each other and do not have the chance to speed up.  
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Figure 5.5. Temporal dynamics of wave patterns. (A) Heart rate fluctuation from anesthesia to 

wakefulness. Red dot line is the linear regression of the heart rate.  (B) Average existence time per 

second of each wave patterns. There is almost no plane wave and only a few synchrony patterns. Red 

dot line represents the linear regression of average pattern number of all the pattern types. (C) 

Probability of local complex wave number (source, sink and saddle) in each time step. p=0 means there 

is no local complex waves detected across the whole cortex but probably includes plane wave, 

synchrony and unclassified patterns, p=1 means there is one local wave pattern, p=2 means there are 

two local complex patterns co-exist at the same time, p=3 means there are three local complex patterns 

and p>3 means there are more than three local complex patterns at the same time. Red dot line 

represents the linear regression of total proportion of p=2, p=3 and p>3. 
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5.6 Anti-correlation of local wave pattern number and global signal 

in large time scale 

 We noticed that the number of the wave patterns also have an oscillation in Fig. 4.5, and  

we examined this property in more details. During anesthesia, we first calculated the number 

of the local complex waves (source, sink and saddle) separately (Fig. 5.6A). Then we plotted 

the spatial averaged global voltage signals in Fig. 5.6B. In this time scale, the value of pattern 

numbers is discrete. Thus, we did moving average on both pattern number and global signal, 

using sliding window with 250 window width (1.67 sec). After the moving average, pattern 

number and global signal showed anti-correlation which means large number of local wave 

patterns accompanied with small voltage amplitude. The anti-correlation is more obvious 

when showing longer time in Fig. 5.6D. These quantitative results are consistent with visual 

observation that the spatiotemporal dynamics becomes complex and incoherent across the 

cortex when there are many local wave patterns. It seems there exists a rhythm with large 

time scale of about 10s. We further asked whether this infra-slow rhythm sustained during 

wakefulness. We did the same analysis and plotted the results for the brain awake state 

(waking up from anesthesia) and wakeful state (truly wakefulness before anesthesia) (Fig 

5.7).  
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Figure 5.6. Anti-correlation between wave patterns’ number and the amplitude of global 

up-down oscillations during anesthesia. (A) Wave pattern numbers with blue lines show complex 

wave pattern (source, sink and saddle). (B) Global voltage oscillations. Green line represents the global 

up-down oscillations averaged over all the pixels. Orange dashed line shows the upper bound 

(amplitude) of the global up-down oscillation. (C) Moving average (sliding window size: 250 time 

steps corresponding to about 1.67s) of complex pattern number variable and global amplitude 

oscillation amplitude in 60 seconds. (D) Moving average in 3 minutes. 
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Figure 5.7. Anti-correlation between wave patterns’ number and the amplitude of global 

up-down oscillations when awake and wakeful. 
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By comparing Fig.5.6 and Fig.5.7, the local wave numbers increase while the global 

signal amplitudes decrease. An infra-slow rhythm (<0.1 Hz) always exists but does the infra- 

slow rhythm have any difference? We illustrated the scatter plots of global signal amplitudes 

and local wave numbers as well as their power density of different states. For each state, we 

plotted four experimental trials of the same mouse. Because the mouse gradually woke from 

anesthesia, data 1 to data 4 of anesthetized and awake state have a trend to move from large 

global amplitude and small pattern numbers to small global amplitude and big pattern 

numbers (as shown in Fig.5.8 A, black vectors). We separately calculated the Pearson 

Correlation of every data and plotted the average correlation coefficient and the standard 

deviation of four correlation coefficients in Fig.5.8A. Anesthetized state has relatively large 

correlations with small standard deviation, moreover, the power density shows three peaks at 

around 0.05Hz, 0.2Hz and 0.35Hz. For awake and wakeful states, the power density does not 

have such clear peaks as anesthetized at 0.05Hz but maintain the peaks at 0.2Hz and 0.35Hz. 

Wakefulness increased the power density in the frequency range lower than 0.05Hz. Smaller 

correlation and larger SD reflects the order to disorder transition caused by wakefulness 

temporally. 
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Figure 5.8. Correlation of moving average of global amplitude and moving average of pattern 

numbers. (A) Scatter plots of moving average of global amplitude and moving average of pattern 

numbers. Different colors represent the data from different experimental trials. Corr is the average of 

the Pearson Correlation coefficients and sd is the standard deviation of the correlation coefficients of 

four data sets. (B) Normalized power spectral density of the moving average of global amplitude and 

moving average of pattern numbers in frequency domain. 

 

5.7 Discussion 

5.7.1 Dynamical difference of wave patterns during anesthezied and awake states 

We have shown that the wave patterns profoundly differ from anesthesia to wakefulness. 

With more localized patterns, wakefulness exhibited denser and more complex dynamics. It 

has been observed that wave patterns in turn can transiently modulate the excitability of 
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neuron activity (Takahashi et al., 2015) and affect responses to external stimuli (Arieli et al., 

1996; Besserve et al., 2015). Revealed by ECoG recordings, propagating waves during both 

anesthetized and awake states can spatially vary from small cortical region to the whole brain 

scale (Bahramisharif et al., 2013). Our results indicated that the wave directions are more 

concentrate under anesthesia, while some ECoG recordings demonstrated that dorsoventral 

direction of alpha wave propagation is also remarkable when being awake (Bahramisharif et 

al., 2013). It remains little known whether and how brain states influence the wave dynamics. 

Synaptic noise is one of the factors of brain states which can influence the neuron integration 

properties and enable quick response to input signals (Destexhe and Rudolph 2012; Hô, N. 

and Destexhe 2000; Rudolph et al., 2007).  

 

5.7.2 Functional meaning of complex wave patterns 

Propagating waves and sustained complex wave patterns have been considered as 

intrinsic information processing in the brain. It had been observed in the VSD recordings that 

a single-cycle wave propagating across brain region V1 can be consistently evoked by visual 

stimuli in awake monkeys (Muller et al., 2014). Multicycle studies also revealed that gamma 

oscillations in V1 can organize the propagating waves in macaques (Gabriel and Eckhorn 

2003). These evidences suggest that the propagating waves reflect the features of input which 

support our findings that awake state with more consciousness evoked more local wave 
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patterns. Spontaneous and stimuli-evoked traveling wave further acted on modifying neural 

activities. Synchrony patterns have been shown to modulate neuron plasticity (Huerta and 

Lisman 1995) and drive the effective connectivity in the cortical networks (Aertsen et al., 

1989; Sohal et al., 2009). Travelling waves in the motor cortex plausibly facilitate a 

functional role to indicate the activation sequences from proximal to distal muscles (Riehle et 

al., 2013).  

Further studies identified certain wave patterns of specific muscle activation which 

correlated propagating waves with physiological neural outputs (Takahashi et al., 2015). All 

these studies showed that the propagating waves play a significant role in cortical dynamics. 

 

5.7.3 Switch from synchrony to complex waves 

Albeit the average wave speed of wake state is smaller than that under anesthesia, 

synchrony patterns almost disappear during wakefulness. The switch from synchrony to 

complex waves suggests great functional utility. Hebbian mechanisms have shown that 

synaptic connections can be strengthen or weaken by coherent activity of neuron ensembles 

(Hebb 1949). More experimental observations revealed that only narrow temporal delays 

around 20ms between presynaptic and postsynaptic spikes can induce plasticity and the 

relative timing of temporal delay decided the sign of synaptic changes (Bi and Poo, 1998; 

Feldman, 2000). Propagating waves thus could generate the needed timing precision in such 
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spike-timing dependent plasticity for learning and memory.   

 

5.7.4 Spontaneous infra-low frequency oscillation of the global amplitude signal 

and pattern numbers 

By observing the global amplitude signal and wave pattern numbers, we found there 

exists a infra-low frequency oscillation. Moving averaging helped us to see the infra-low 

frequency oscillation more clearly. Hemodynamic low-frequency oscillations ranging from 

0.01Hz to 0.1Hz occurred spontaneously and had been suggested to related with functional 

meaning of aging (Schroeter et al., 2004) and language processing (Lohmann et al., 2009). 

These oscillations have been investigated by functional MRI, near-infrared spectroscopy 

(NIRS) and calcium/hemoglobin imaging. According to the frequency range and spontaneous 

emergence, the infra-slow frequency oscillation possibly reflects cerebral blood flow and 

cortical oxygenation. Although we had filtered the oscillation frequency <0.5Hz at the 

beginning of the analysis, the infra-low frequency still has impacts by modulating higher 

frequency oscillations. Recent study also provided that the infra-low frequency oscillations 

specifically correspond to state-dependent spatiotemporal dynamics (Mitra et al., 2018). If so, 

the infra-low frequency oscillations should be further studied in the aspects of cerebral 

autoregulation, effective connectivity and pathologies.  
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Chapter 6: Summary and future works 

This thesis explored complex spatiotemporal dynamics of the spontaneous brain activity 

via optical voltage imaging, recorded from mouse upper cortical layers. The high quality of 

the data provided us an opportunity to investigate more dynamical details of the cortical 

activity. Unlike examined within single frequency band, we described more detailed 

characteristics in relatively broader frequency range (0.5-9Hz) in large spatial scale. The 

different oscillatory frequencies probably integrate the brain in different dimensions and 

enhance the ability for the organization of complex spatiotemporal patterns which provided 

new insights into the brain mechanisms. This Chapter reviews the major findings of the thesis, 

comments the research limitations and provides proposals for extension in the future work.  

 

6.1 Summary of major findings 

Chapter 3 studied the oscillation properties of the optical imaging signals. Following the 

previous research methods, we focused on the duration and amplitude of the oscillation. 

Benefiting from high spatiotemporal resolution of the data, we were able to investigate larger 

spatial scale compared to single-unit or multi-unit extracellular recordings (Solomon et al., 

2015) and provide localized voltage fluctuations with high spatial resolution. Therefore, we 

expanded the attention of local neural activity to the whole upper cortical layer. We found 
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that the oscillation forms have tiny difference continuously changed across the space. Visual 

cortex and retrosplenial cortex have relatively larger oscillation amplitudes and longer 

oscillation duration which indicate the hierarchical difference of the cortical networks. 

K-means clustering of the motifs suggested that there are at least three typical pathways of the 

oscillation propagation which leaded to further exploration in the Chapter 4. Although the 

above properties are persistent under anesthesia and wakefulness, other details such as spatial 

distribution of the oscillation forms change with consciousness while waking up from 

anesthesia. These evidences provided a basic understanding of spontaneous neural activity 

under different brain states.  

 Chapter 4 explored spatiotemporal patterns during UP and Down states by a new 

mathematical method called phase velocity field. This advanced analysis method allows us to 

detect global and local wave patterns simultaneously. For the first time, the interaction of 

local wave patterns (source, sink and saddle) and global wave patterns (synchrony and plane 

wave) in propagation of large-scale waves have been presented. Additionally, the wave 

patterns did not emerge randomly; instead sources reflect high cumulative input through the 

underlying connectome. In all, these results evidence the existence of a complex and 

structured spatiotemporal dynamical system of the ongoing spontaneous activity in the 

anesthetized mouse brain.   

 Chapter 5 described the wave patterns changes from deep anesthesia to wakeful state. 
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Wakefulness activated more localized wave patterns and made the brain dynamics more 

complicated. Caused by the interactions of dense wave patterns, averaged speed of the wave 

propagation decreased. Using SVD decomposition, top modes with the largest variance did 

not change with the state difference which is consistent with the motifs in Chapter 3. 

Moreover, there exists an anti-correlation between the local wave pattern number and the 

global voltage signal amplitude in infra-low frequency. We assumed that this infra-low 

frequency inferred dynamical process in blood flow and oxygenation.    

 

6.2 Limitations of the research 

First, the analysis is limited in scope and number of animals (n=5) which is difficult to 

make broader claims. It will be nice and more convincing if we have more subjects. However, 

the properties of 5 mice are consistent to support our findings. Similar voltage imaging 

research also based on a few mice, for example 6 mice (Shimaoka et al., 2017). Our results 

can provide some evidence to general mechanisms of the brain activity. 

Second, the thesis mainly did analysis of the voltage imaging data and described signal 

properties of the cortical activity. Limited by the experimental data, the studies cannot provide 

much information about the physiology of the brain which is strongly tied with behaviors. 

The linkage with neural excitatory-inhibitory behavior is also largely missing. Although we 

assumed several hypotheses and did a lot of analysis to attempt to characterize the principle of 
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the spontaneous activity, the system is too complex and difficult to be captured. Further 

analysis and exploration should be done to better understand the brain working principles.  

Third, the research proposed some dynamical mechanisms according to the experimental 

facts and used a simple model to explain the source distribution in Chapter 4. However, more 

detailed neural network modeling and the simulation results are not provided to prove the 

hypothesis. A deeper insight of the neural activity in the brain network can be realized 

according to appropriate algorithms of modeling. 

Fourth, the analysis did not consider the dynamical difference between eye-open and 

eye-close conditions. In the study of psychology, eye-open and eye-close are important 

factors to be controlled. In our analysis, we ignored the influence of eye-close and eye-open 

because of two reasons: 1. while mice are recovering from deeply anesthesia to wakefulness, 

their eyes sometimes close and sometimes open. It is difficult to identify precisely when their 

eyes are closed and when their eyes are open. 2. Our analysis of phase velocity fields is based 

on continuous data. If we separately investigate data in two conditions, data will be 

fragmented into small sections and hard to study the temporal dynamics. In this study, we 

mainly focused on the large-scale dynamics which may not be much affected by 

eye-open/eye-close condition. However, it will be interesting if we can compare the 

differences between the two conditions.  
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6.3 Future work 

The nature of self-organized brain activity is highly complicated and remains to be 

discovered. For our research work, description of the data is the first step to recognize the 

dynamical mechanism. In the future work, we plan to do more analysis on current data and 

combine the analysis with appropriate models. Firstly, we will focus on specific wave patterns 

which are well defined and related to certain functions, such as spirals patterns. The working 

mechanisms of specific wave patterns might indicate certain brain function. Secondly, we 

plan to further study some phenomena documented in the thesis and give a deeper 

understanding of the phenomena. For example, we only proposed hypothesis that the 

infra-slow frequency is corresponding to blood oxygen. More evidence should be provided to 

demonstrate the underlying loop of the blood oxygen and wave dynamics. At the same time, 

blood oxygen may relate to the energy cost which is very important in the study of 

neuroscience. Next, we are curious about oscillations in higher frequency which have been 

bandpass filtered at the beginning of the study. High frequency neural activity can reflect 

complex brain functions especially corresponding to cognition. Recovery to cognitive state is 

a good opportunity to investigate functional roles of neural activities in different frequency 

bands. At last, we are going to establish a neural mass model on the real connectivity network 

of the mouse cortex, simulate the wave patterns and explicate observations in the 

experimental data, for example, simulate the emergence and interaction of wave patterns in 
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different brain states. With analysis of current data and appropriate assumption of the model, 

we can in turn guide further experiments in this area.     
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