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Abstract 

The aim of this thesis was to determine the existence of and identify transient brain-

wide patterns in nonhuman primates if these patterns did exist. Specifically, this thesis 

revolves around identification of coactivation patterns (CAPs). Through observation of 

these CAPs derived from timeframe-wise cluster analysis, other questions arose: do these 

patterns I identified in monkeys show some correspondence to those in a different species 

using different modalities of neuroimaging, focusing on humans in the present thesis, and 

how do these patterns present in varying levels of consciousness within the same species 

using the same imaging technique? 

Using electrocorticography (ECoG) monkey data, I have identified the existence of 

CAPs in monkeys as well as observed spatiotemporal patterns these activations exhibited 

in the resting state, the characteristics of neural networks which are similar to humans. 

Using human electroencephalography (EEG) data, I have also compared the results of 

monkey ECoG resting data analysis against human CAPs and found significant similarities 

in spatial, transitional, and temporal patterns between the two species. 

 Finally, I compared the same results from the monkey ECoG resting data analysis 

to patterns found in anesthetized conditions of nonhuman primates and found differences 

in the spatial and temporal characteristics of brain-wide coactivations between these 

different states of consciousness within the same species. 
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Chapter 1 

Overview and Scope of Research 

1.1 Summary and Significance 

Many studies have been conducted using electroencephalography (EEG) and 

magnetoencephalography (MEG) to validate the existence of brain-wide patterns found 

previously in other studies utilizing fMRI (Brookes et al., 2011, Yuan et al., 2016). In fact, 

due to the high temporal resolution of EEG (milliseconds), such studies obtained 

encouraging results that only complemented findings from fMRI. These included the 

observation of fast dynamics displayed in brain-wide patterns (Baker et al., 2014, Ding et 

al., 2022) as well as frequency-specific patterns (Becker and Hervais-Adelman, 2020, 

Vidaurre et al., 2018), and they allowed us to observe brain-wide patterns from a primary 

response (electrical) beyond those stemming from observation of the secondary 

hemodynamic-based response provided by fMRI. 

 Furthermore, animal neuronal data obtained from noninvasive imaging have also 

provided more insight into brain-wide pattens across species (Matsui et al., 2016), possibly 

providing us with a means of using animal models to further research into behaviors 

exhibited from fast dynamics and frequency-specific patterns brain-wide phenomena. This 

possibility allows us to manipulate these brain-wide phenomena using a means not possible 

with human studies, e.g., via invasive manipulations and measurements of neural activity, 

and pharmaceutical manipulations.  

Being able to find neural network characteristics across species (human and 

monkey) that are congruous between them will only support the idea of transient patterns 
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being reserved through evolution, implying there is a potential link in the neural responses 

and behavior between humans and monkeys when they receive the same stimulus or 

exposed to the same conditions. This link is one needed to be able to further support the 

use of an animal model to perform more invasive studies. 

In this thesis I investigated the possible presence of a set of fast coactivation 

patterns (CAPs) (with the lifetime around 100 milli-seconds), representing brain-wide 

transient neuronal events that have been identified recently from human EEG data (Ding 

et al., 2022), in non-primate animals. To test this hypothesis, I used electrocorticography 

(ECoG) data of four macaque monkeys, available from the public domain, neurotycho.org, 

with the whole high-density electrode coverage of either one hemisphere or two 

hemispheres and high-density EEG data from 34 human subjects recorded in Dr. Lei Ding’s 

Neuroimaging and Neural Engineering lab. To identify the CAPs in both monkey ECoG 

data and human EEG data, I performed a timeframe-wise clustering analysis directly on 

time-course data from ECoG electrodes and inversely mapped and cortical-parcel-

averaged current source time-course data from EEG using the procedure reported in a 

previous study (Shou et al., 2022). The results indicated that a set of alpha band frequency-

specific fast CAPs (with the mean lifetime of ~100 milli-seconds) could be identified in 

monkey ECoG data, which shared the similar spatial, temporal, and transitional properties 

in the set of CAPs identified from human EEG data. These results provide the first set of 

evidence, suggesting that frequency-specific fast brain-wide phenomena are also reserved 

across species beyond those slow ones from blood-oxygen-level-dependent (BOLD) 

functional magnetic resonance imaging (fMRI).  
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This thesis will expound on brain-wide coactivation patterns found in animals, i.e., 

monkeys, and their relationship to those found in humans as well as different states of 

consciousness within the same species (nonhuman primate), supporting results in 

previously mentioned animal species, only with a more invasive means. The use of ECoG 

data provides me with clearer activity levels and their locations due to the direct contact of 

electrodes with the surface of the brain.  

1.2 Existence of brain-wide patterns  

 The brain has many states in which self-organized continuously changing dynamics 

of neural networks define them, which also involve interaction between different regions 

of the brain (Kringelbach and Deco, 2020). These are important to understanding behavior 

and function of the brain during different brain states and how neural network structure 

relates to neural responses and biological function. Understanding these connections is 

vital to progressing in scientific studies encompassing neurological and physiological 

diseases, such as epilepsy. Early studies involving observation of such activities were able 

to discover functionally correlated regions of the brain were activating synchronously at 

rest and showed to be highly spatiotemporally organized throughout the brain, forming 

what is now known as the so-called resting-state network (RSN) (van den Heuvel et al., 

2009, Liu et al., 2013). 

 Building off the identification of RSNs, many other brain-wide spatiotemporal 

patterns have emerged throughout many studies that offer direct insight as to the potential 

drivers behind the formation of the RSN. These include but are not limited to quasiperiodic 

patterns (QPPs), global propagating waves (GPWs), and CAPs (Liu et al., 2013, Ding et 

al., 2022, Abbas et al., 2019, Thompson et al., 2014, Gu et al., 2021, Khan et al., 2022). 
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These patterns are vital in the understanding of intrinsic neural activity and brain functions 

(Gu et al., 2021). A recurring existence of RSNs and other brain-wide spatiotemporal 

patterns have also been observed across species, i.e., mice, nonhuman primates (macaque) 

and humans (Majeed et al., 2011, Sforazzini et al., 2014, Hutchison et al., 2011, Hutchison 

and Everling, 2012, Gozzi and Schwarz, 2016). Not only have brain-wide patterns been 

proven to exist across species, but much of these spatiotemporal patterns in animal studies 

have also shown to be similar to those in human studies (Massimini et al., 2004, Stroh et 

al., 2013, Matsui et al., 2016, Gu et al., 2021). Finding a direct connection in brain-wide 

patterns between differing species in different states of consciousness, specifically in a 

direct comparison to humans, could have a significant impact on further research into a 

broad spectrum of different research fields, from pharmaceuticals to diseases and 

diagnosing these diseases (Chen et al., 2019, Shou et al., 2017, Zhu et al., 2013), possibly 

proving to be vital in both clinical and research settings (Auer, 2008, van den Heuvel and 

Hulshoff Pol, 2010) along with having limitless potentials within these many settings. To 

be able to observe many of these brain-wide patterns scientists have implemented the use 

of many different neuroimaging modalities. These include the use of functional magnetic 

resonance imaging (fMRI), electroencephalography (EEG), and electrocorticography 

(ECoG).  

1.3 Objectives and findings 

The first objective of this study is to determine if nonhuman primates have similar 

neural activations as humans during the resting state. I aim to find the existence of co(de)-

activations (CAPs). 
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The second objective is to observe spatial, temporal, and transitional patterns for 

the CAPs and briefly determine if there are similar networks that provide the same or 

similar patterns within these CAPs between nonhuman primates and humans.  

The final objective is to observe either similar or differing patterns exhibited in 

nonhuman primates during different states of consciousness, specifically the resting state 

and anesthesia conditions.  

1.4 Organization of Thesis  

In chapter 2 I will present the background of functional magnetic resonance 

imaging (fMRI), electroencephalography (EEG), and electrocorticography (ECoG) in 

some detail and why I am using such data from specifically EEG and ECoG imaging 

modalities to observe coactivations. In chapter 3 I will move onto the different methods 

used to acquire and process resting state EEG data from humans that was provided by 

another study (Shou et al., 2022) and resting state ECoG data from nonhuman primates 

provided in an open source (neurotyhco.org) by a research group in Japan (Oosugi et al., 

2017). I will also discuss the process used to organize specific activation groups and their 

temporal patterns. In chapter 4 I will discuss the existence of CAPs found within the 

monkey ECoG data. In chapter 5 I will talk about the spatial, temporal, and transitional 

patterns found in the monkey ECoG data and establish whether these same patterns were 

observed in human data as well. In chapter 6 I will transition to the patterns found in 

monkey anesthesia data and how these patterns compare to monkey data in the resting state, 

which were discussed in chapter 4. Finally, I will present the discussion, future studies, and 

summary in chapter 7. 

  



 

6 
 

Chapter 2 

Background 

2.1 Functional Magnetic Resonance Imaging (fMRI) 

 Functional magnetic resonance imaging (fMRI) has made its way to the forefront 

in observing brain activity. It monitors the behavior and characteristics of blood and how 

these change during different stimuli by using the connection of how electrical activity 

interacts with physiology during different conditions (hemodynamic responses) to explore 

neural (de)activations. Specifically, it is used to observe fluctuations in what is known as 

the blood-oxygen-level-dependent (BOLD) signal to determine the functional architecture 

of the brain, as it is sensitive to the changes in oxygenation of hemoglobin (Lee et al., 2013, 

Ogawa et al., 1990). In other words, this method to monitor neural activity is through 

measurement of a secondary response, not the primary response, and offers little indication 

of the origin of neuronal signals. Although it offers a high spatial resolution compared to 

other neuroimaging methods, it has low temporal resolution. This imaging technique has 

been utilized and proven valuable in clinical settings to study disease states, such as 

Alzheimer disease, and for presurgical planning of procedures such as those for finding 

seizure foci in epileptic patients (Lee et al., 2013). 

2.2 Electroencephalography (EEG)  

Neurons are electrically excitable cells responsible for processing and transmitting 

information via synapses by using electrical and chemical signals for communication. 

Electroencephalography (EEG) is a noninvasive imaging method that uses electrodes to 

sense and measure the induced magnetic fields from the current created by these neurons 
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(Hamalainen and Ilmoniemi, 1994). Initial signals from this noninvasive method of a 

human brain were recorded by Hans Berger, a German physiologist in 1924 (Haas, 2003). 

The magnetic fields induced by neuronal current are very weak, however, approximately 

one billionth of that of earth’s, emphasizing the need for detectors sensitive enough to sense 

these electrophysiological signals (Baillet, 2001, Hamalainen and Ilmoniemi, 1994) . Since 

1924, many decades of research and development have led to more efficient designs of 

electrodes and their layout. A 10/20 system is now used to which the location and names 

of the electrodes were standardized by the American Electroencephalography Society 

(Malmivuo et al., 1995, Sharbrough, 1991). EEG involves electrodes fixed on a cap or net 

being placed on the scalp (He, 2020) and is incapable of detecting individual and direct 

signals; it detects the net outcome of tiny magnitudes of signals that are integrated from 

thousands to millions of neurons (Wendel et al., 2008, van den Broek et al., 1998), making 

this method of imaging one with low spatial resolution, but it has a high temporal resolution 

in order of milliseconds. The signals detected do not have a direct correspondence to their 

location in the brain either, so to localize the source of the signal other imaging methods 

are used in conjunction with EEG, such as MRI (Magnetic Resonance Imaging), to use as 

a map of the brain in which a biophysics model can be developed to generalize the location. 

Over the span of the decades following the initial recording of EEG signals from a human 

brain, imaging has evolved to trace these signals to their cortical origin and map them in 

their corresponding locations (Hamalainen and Ilmoniemi, 1994, Matsuura and Okabe, 

1995, Uutela et al., 1999, Darvas et al., 2004, Ding, 2009b, Ding, 2012, Ding and He, 2008, 

Ding et al., 2005, Zhu et al., 2014). The neuronal signals detected by EEG also must travel 

through many layers, such as hair, scalp, and cerebral spinal fluid (CSF), which causes a 
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high impedance that attenuates the signals, leading to smeared EEG measurements. This is 

known as the volume conduction effect (Cohen and Cuffin, 1983, Lai et al., 2005). 

Applying a liquid or a gel conductive electrolyte directly to the electrodes used in EEG can 

reduce the impedances that contribute to the volume conduction effect (Malmivuo et al., 

1995).  

2.3 Electrocorticography (ECoG)  

Electrocorticography (ECoG) is an invasive modality for measuring electrical 

potentials derived from neuronal signals in various cortical areas (Rubehn et al., 2009, 

Viventi et al., 2011). Electrodes are placed directly on the cortical surface of the brain and 

require an expensive clinical surgery for subdural placement of the electrode array 

(Khodagholy et al., 2016, Asano et al., 2009, Kuruvilla and Flink, 2003, Zhang, 2006). This 

method is typically used in nonhuman animal studies due to the risk of complications 

involved in exposing the brain and invasiveness. It is utilized to record data that could be 

used for diagnosis, expound on areas involving mapping cortical functions, and 

investigating functional mechanisms of brain oscillations (Potes et al., 2012, Gunduz et al., 

2012, Mesgarani and Chang, 2012, Crone et al., 1998, Daitch et al., 2013, Watrous et al., 

2015, Lai, 2019, Lai, 2020). ECoG was developed in the 1940s and was initially used as a 

diagnostic procedure to locate seizure foci in a conscious human epileptic patient (Ding, 

2009a), usually preceded by EEG to obtain an initial general location of the onset zones 

(Viventi et al., 2011, Geddes, 1996, Branco et al., 2023). It offers a higher spatial resolution 

than EEG that can detect in the order of millimeters and has a temporal resolution similar 

to EEG in the millisecond range (Todaro et al., 2019, Hill et al., 2012). ECoG also has a 

higher signal to noise ratio (SNR) than EEG due to the electrodes being placed directly on 
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the surface of the brain instead of the scalp and is less susceptible to artifacts (Hill et al., 

2012, Yanagawa et al., 2013). Due to having to open the skull to place the electrode array 

however, there is limited coverage over the brain. Nonhuman primates can offer a larger 

surface coverage of the cortex (Yanagawa et al., 2013, Takaura et al., 2016). The electrodes 

used for ECoG are imbedded in silicon sheets and detect signal amplitudes that are five 

times higher than those obtained from scalp recordings (Branco et al., 2023, Blume and 

Holloway, 2011). The layout of electrodes is usually in an NxM array or strips of 1xN 

electrodes with inter-electrode distance of up to 10mm and an exposed electrode surface 

diameter of 2.5mm (Branco et al., 2023, De Salles et al., 1994, Diehl and Luders, 2000, 

Lesser et al., 2010, Penfield and Boldrey, 1937).  

2.4 Rationale Behind Study 

 The brain is an integrative network in which functionally linked regions can process 

information to obtain and achieve specialized functions throughout the body (van den 

Heuvel and Hulshoff Pol, 2010). There have been many advancements in different imaging 

techniques to monitor these many brain functions along with brain structure. With 

modalities such as fMRI, magnetoencephalography (MEG), EEG, and ECoG, researchers 

have been able to explore how neurons interact with each other, the networks they form 

and their dynamics, and the correspondence of behavior to distinct regions of the brain 

(Arfanakis et al., 2000, Fox and Raichle, 2007, Fox et al., 2006, Hampson et al., 2002). 

Using this reenforced background in neuroscience scientists have been able to delve deeper 

into observing many different patterns the brain exhibits during dissimilar stages of 

consciousness, such as resting awake (Hampson et al., 2002, Cordes et al., 2000, Greicius 

et al., 2003), and anesthetized (Liu et al., 2015) states. Among the many techniques to 
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observe these patterns fMRI has predominated as an indirect measure of neural activations 

and their origins. In fact, studies using analysis of human fMRI data have determined the 

existence of brain-wide phenomena called global propagating wave (GPWs) (Raut et al., 

2021), and quasiperiodic patterns (QPPs) (Abbas et al., 2019, Thompson et al., 2014). 

However, due to the indirect nature of measuring blood-oxygen-level-dependent (BOLD) 

signals as an indicator for neural activity, having low temporal resolution from the time is 

takes the secondary activation to occur and being unable to record fast activations, 

scientists have been actively investigating neural activations and their origins utilizing 

other means for obtaining this information directly. Among these many methods to measure 

and analyze neural signals with characterizations similar to RSNs generated from primary 

neural response processes, EEG (Custo et al., 2017, Ding et al., 2022, Yuan et al., 2016) 

and ECoG (Betzel et al., 2019) have offered further insight into localizing source signals 

neurons emit in specific regions of the brain and their formation of networks during 

different states of consciousness as well as the existence of brain-wide patterns, such as 

transient coactivation patterns (CAPs) (Liu and Duyn, 2013). EEG is noninvasive, 

inexpensive, and has a high temporal resolution, making it ideal to use to record neural 

activity in the human brain. ECoG on the other hand is very invasive, requiring surgery to 

expose the surface of the brain to place electrodes in direct contact with the cortical surface. 

This method is usually reserved for animal studies and humans with epilepsy for their 

diagnosis and treatment of the disease. Using techniques such as these, scientists have been 

able to prove there is functional connectivity between regions of the human brain and 

spontaneous neural activity within these regions during times of rest that activate 

synchronously for brain functions, forming the resting state network (RSN) (Cordes et al., 
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2000, Hampson et al., 2002, Greicius et al., 2003, Liu et al., 2013, van den Heuvel et al., 

2009). Both imaging methods can directly measure primary neural activity and fast 

activations with higher temporal resolutions than fMRI (Shou et al., 2020). Brain-wide 

patterns help in observing how the brain forms networks in different conditions and the 

dynamics between different regions in which these network connections are formed, which 

are made apparent in from the study of CAPs. Analyzing CAPs involves using cluster-

based analysis, unlike correlation calculations used primarily in the past with EEG data to 

find correspondence between regions of the brain in which there is an inability to see the 

fast dynamic responses that are observed in CAPs. This inability to observe fast dynamic 

responses is due to the fact that correlation calculations are performed during 

predetermined intervals of time, whereas CAP analysis involves comparison of different 

regions of the brain over a continuous period of time. With ECoG and EEG imaging 

techniques, fast brain-wide neural CAPs can be analyzed to observe the primary neural 

activity through the use of clustering to observe them and their spatial, temporal, and 

transitional characteristics.   
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Chapter 3 

Experimental Materials and Methods 

3.1 Monkey Data Acquisition and Processing 

 Electrocorticography (ECoG) data of 4 macaque monkeys (Monkeys C, G, K, and 

S) was obtained from a public shared source (neurotycho.org). Detailed methods and 

protocols of experimental, surgical, and recording procedures can be found in literatures 

(Nagasaka et al., 2011, Yanagawa et al., 2013). All studies were approved by the RIKEN 

ethics committee and in accordance with the recommendations of the Weatherall report, 

“The use of non-human primates in research”.  

Briefly, a customized 128-channel electrode array (Unique Medical, Japan) was 

implanted into the subdural space of the left hemisphere of each monkey, except for 

Monkey S having one experiment of 256 channels available with a 128-channel electrode 

array on both the left and right hemisphere of the brain. Array coverage was contiguous 

over the parietal, temporal, occipital, and frontal lobes with electrode spacing at 5 mm. 

There was also middle wall coverage on Monkey C and Monkey G. The electrodes were 3 

mm in diameter and consisted of platinum discs. Reference electrodes were implanted in 

the subdural space and ground electrodes in the epidural space. A total of 32 experiments 

were conducted over different days and monkeys. Each experiment included the eyes-

closed waking condition and 1 of the following 3 conditions: ketamine/medetomidine 

anesthesia, propofol anesthesia, or natural sleep except for the resting experiment for 

Monkey C and Monkey S consisting solely of the eyes-closed waking condition. The 

monkey was sitting calmly, and the ECoG signals were recorded for up to 20 min during 
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this eyes-closed condition before the administration of anesthesia drugs or natural sleep. 

For the experiments of anesthesia, the loss of consciousness (LOC) was defined 

behaviorally (see details in Nagasaka et al., 2011) and after that, neural activity, which is 

characterized by slow-wave activity, was recorded for ∼25 min with heart rate and 

breathing monitored carefully. For the experiments that included the natural sleep 

condition, electro-oculography (EOG) and electromyography (EMG) signals were 

monitored and used together with ECoG to determine the onset of sleep (see details in 

Nagasaka et al., 2011). All ECoG and other electrical recordings, i.e., EMG and EOC, were 

sampled at 1 kHz by the Cerebus data acquisition system (Blackrock, UT, USA).   

There were 32 recordings (Table 1) from four monkeys. In the present study, we 

focused our analysis on ECoG data from awake conditions and, therefore, resting data 

(awake with eyes covered) before the administration of anesthesia drugs or natural sleep 

were extracted firstly according to the experimental protocol described above. The 

extracted recordings for resting awake conditions ranged in length from 5 to 20 minutes, 

which were then independently preprocessed using EEGLAB (Delorme and Makeig, 

2004). Each extracted dataset was filtered using a notch filter with the band-stop frequency 

at 50 Hz to remove powerline noises. Zero to four bad channels were identified and 

removed in each dataset and then data in these channels were interpolated with data from 

their surrounding channels. Each dataset was then bandpass-filtered at 0.5 Hz-150 Hz then 

re-referenced using the common average reference. It is noted that no ECoG segments were 

rejected to maintain the continuity of data.   

  

bookmark://_ENREF_37/
bookmark://_ENREF_37/
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Table 1. Available Monkey ECoG Sessions with Resting Conditions  
This is a table of the sessions available for each monkey consisting of resting conditions in 

their experiment. The number of recordings, length of the recordings with their mean and 

standard deviation, and the number of electrodes (128/256) used for each recording are 

given. Note Monkey S has left hemisphere coverage for most recordings and one both 

hemisphere coverage recording.  
 

Monkey ID # of Recordings 

Length of 

Recordings 

(mins)(mean±std) 

Electrode 

Coverage 

# of ECoG 

Electrodes 

S 

3 20.8 ± 1.1 Left hemisphere  128 

1 5.0 ± 0.0 Both hemispheres 256 

C 13 11.9 ± 5.3 Left hemisphere 128 

G 12 12.3 ± 4.0 Left hemisphere 128 

K 3 12.2 ± 0.1 Left hemisphere 128 
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3.2 Human Data Acquisition and Processing 

The human EEG data used in the present analysis was acquired in a previous 

reported study (see details in Shou et al., 2022). Briefly, resting-state high-density EEG 

data was obtained from 34 healthy participants (age: 24±5 years, range 18-38 years, 9 

females) with informed consents. The study was approved by the Institutional Review 

Board at the University of Oklahoma Health Science Center (OUHSC). Each dataset had 

a duration of 10 minutes and was sampled at 1 kHz using a 128-channel Amps 300 

amplifier (Electrical Geodesics Inc., OR, USA). Structural MRI was gathered from each 

participant as well using a GE MR750 scanner with GE’s “BRAVO” sequence: FO=240 

mm, axial slices per slab=180, slice thickness=1 mm, image matrix=256×256, 

TR/TE=8.45/3.24 ms.   

3.2.1 EEG Processing 

  All datasets were preprocessed using the exact same procedure on each dataset from 

each individual participant with EEGLAB (Delorme and Makeig, 2004). Each individual 

dataset was filtered by a band-pass filter of 0.5–100 Hz, and a notch filter of 58–62 Hz. 

Noisy channels and independent components (ICs) of artifacts related to ocular, muscular 

and cardiac activities, were identified by the FASTER plugin (Delorme and Makeig, 2004) 

with the support of manual visual inspections as well. These artifactual ICs were then 

removed and data on the identified noisy channels were interpolated with data from their 

surrounding channels. Finally, each dataset was downsampled to 250 Hz and re-referenced 

to the common average. It is noted that no EEG segments were rejected to maintain the 

continuity of data.   

3.2.2 Cortical Source Imaging 

bookmark://_ENREF_41/
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  To map human EEG signals to the similar recording space (i.e., epicortical surface) 

and spatial resolution as monkey ECoG data, cortical source imaging (Ding et al., 2011, 

Liao et al., 2013, Liao et al., 2012) was performed to reconstruct brain current sources over 

the cortical surface from scalp EEG, which deconvoluted the effects of volume conductors 

of the skull and therefore led to improved spatial separations of different EEG current 

sources. Via registering the cortical surface from each individual participant to the standard 

template for human cortex, reconstructed cortical current source data from different human 

individuals could be converted into the same spatial domain to perform the group-level 

analysis. These mapping steps transformed data into the unified space (i.e., the cortex) with 

anatomical definitions of various human brain functional regions, which facilitates the 

interpretation of obtained CAP results within the human species as well as across the 

species of human and monkey. In details, individual structural MRI data were segmented 

using FREESURFER (Fischl, 2012) to extract the surfaces of the scalp, skull, and brain for 

building individual volume conduction models, and the interface between white and gray 

matters for the cortical current density (CCD) source model. These surfaces were 

tessellated into triangular elements (volume conduction model: 10,242 nodes and 20,484 

triangles, CCD model: 20,484 nodes and 40,960 triangles). For the CCD model, the nodes 

on the medial wall adjoining the corpus callosum, basal forebrain, and hippocampus, were 

excluded from the source space, leading to the total number of sources as 18,715. The 

electrical conductivities of the scalp, skull, and brain for the volume conduction models 

were assigned as 0.33/Ωm, 0.0165/Ωm, and 0.33/Ωm, respectively. Electrode locations 

were registered on the scalp surface by aligning three landmark fiducial points from both 

EEG and MRI recordings for each individual participant. Based on these models, the 



 

17 
 

boundary element method (BEM) was used to compute the forward relationship between 

the scalp EEGs and current source amplitudes of all nodes on individual CCD models. The 

minimum-norm estimate (Hamalainen and Ilmoniemi, 1994) was then used to reconstruct 

current source amplitudes of all nodes on individual CCD models from recorded EEG 

signals at the resolution of individual timeframes, leading to a series of cortical tomography 

as the function of time at the same temporal resolution of preprocessed EEG data (i.e., 250 

Hz, see section 2.2). More details available in (Shou et al., 2022).  

3.3 CAP Analysis via Clustering  

To obtain CAPs from monkey preprocessed ECoG data and human cortical 

tomographic current source (cTCS) data, a series of processing steps were performed for 

the preparation of input data to the clustering analysis. Firstly, each dataset from individual 

recording sessions of individual monkey or individual human participants was filtered into 

data for different frequency bands, i.e., delta (1-4Hz), theta (5-7Hz), alpha (8-12Hz), beta 

(13-30Hz), gamma (31-100Hz). This thesis only focused on the alpha-band data. Secondly, 

instantaneous amplitudes of time courses of alpha-band ECoG data on individual 

electrodes or alpha-band cTCS data on individual CCD nodes were calculated individually 

(Baker et al., 2014, Hipp et al., 2012)((Hipp et al., 2012). Thirdly, while the human cTCS 

data and monkey ECoG data are in the similar spatial domain (cortical surface vs 

epicortical surface), the spatial dimension of the human cTCS data is much larger than the 

spatial dimension of the monkey ECoG data (18,715 CCD nodes vs 128/256 ECoG 

electrodes), which might have an impact on the performance of the clustering analysis. 

Therefore, a dimension reduction approach was adopted from the previous CAP analysis 

(Shou et al., 2022). 100 regions of interest (ROIs) were defined over the cortex for each 
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hemisphere based on an atlas and each ROI represented a parcel of cortical units of 

functional similarities (Schaefer et al., 2018). ROI-level instantaneous amplitude data were 

calculated, only for human cTCS instantaneous amplitude data as average values among 

all cortical sources within the same ROI, which reduced the spatial dimension of human 

cTCS data to 200 (for the left and right hemispheres together) that are close to the spatial 

dimension of monkey ECoG data. Fourthly, both ROI-level instantaneous amplitude data 

for human and electrode-level instantaneous amplitude data for monkey was then 

converted to z-scores via a within-session normalization (i.e., subtracting the mean and 

dividing the standard deviation across all time points of each recording session per 

ROI/electrode). Finally, the K-means clustering was performed using the L1-norm distance 

as the measure on these normalized datasets with the number of clusters varying from 2 to 

20 and the optimal number of clusters for each analysis was selected based on the metric 

of percentage of explained variance being larger than 90% (Schaefer et al., 2018). In 

particular, the K-means clustering analysis was performed at the group level in human, in 

which human ROI-level instantaneous amplitude z-score from the data were concatenated 

across individual human participants. On the contrary, to evaluate the reproducibility of 

CAPs from different recording session data of the same monkey, the K-means clustering 

analysis was performed at the level of individual sessions for each monkey and statistics 

for quantitative measures of CAPs (see next section, 3.4) were calculated separately for 

different monkeys. This was designed because the ECoG electrode coverage and positions 

were different in different monkeys due to not being able to generate group-level statistics 

of CAPs across monkeys.   

3.4 Spatial and Temporal Metrics for Evaluating Similarities/Differences Between 

Human and Monkey CAPs 
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The outputs of the clustering analysis labeled each timeframe from either human or 

monkey to one of identified CAPs. The brain-wide spatial tomography of each CAP was 

defined as the averaged map across all timeframes (z scores) belonging to the CAP, 

separately for individual recording sessions in monkeys and altogether for data from all 

human participants (the group level). Multiple temporal metrics calculated for individual 

CAPs for individual recording sessions based on the clustering labels included occurrence, 

lifetime, fractional occupancy rate, and immediate transition. It was noted that there were 

multiple recording sessions per monkey but only one recording session per human 

participant and, therefore, calculated temporal metric values could also be considered as 

samples per participant in human. An occurrence of a CAP was defined as multiple 

consecutive timeframes that were labeled toward the same CAP, and the occurrence rate 

of a CAP was the ratio between the total number of occurrences of a specific CAP and the 

total number of occurrences of all CAPs in each recording session. Lifetime of a CAP was 

defined as the number of consecutive timeframes in an occurrence of the CAP, and its mean 

lifetime was first calculated in individual recording sessions, and then averaged over all 

sessions for individual monkeys or all human participants. The fractional occupancy was 

defined as the total number of timeframes belonging to a CAP divided by the total number 

of timeframes in each recording session. Immediate transition among CAPs were defined 

as the transition from one CAP occurrence to the following occurrence of a different CAP. 

The immediate transition rate of a CAP (at time t) to other CAPs (at time t+1) is defined 

as the numbers of transitions from the CAP to other CAPs, divided by the total number of 

occurrences of the CAP. These session-level measures were then statistically compared 

between different CAPs or different categories of CAPs using paired t-tests in individual 
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monkeys. In humans, participant-level measures were similarly statistically compared 

between different CAPs or varying categories of CAPs.  

3.5 Derivation of Optimal K-values 

Separate cluster analysis on individual session from each monkey, thresholded at 

90% of the explained variance, consistently showed the optimal number of CAPs (k-value) 

for all datasets, ranging between 12 and 13 (Fig. 3.1C), with each output of cluster analysis 

labeling each time-frame data to one CAP. These k-values also indicated small variations 

(Fig. 3.1B), supported by small variations of explained variances at differing k-values for 

each monkey (green shaded area Fig. 3). Using different k-values other than the optimal 

revealed CAPs having similar patterns to those with the optimal k-value and the similarities 

grew the closer the k-values got to the optimal k-value. Human k-value was lower than the 

average monkey k-value at 8 (Fig. 3A). The exponential curves in Figure 3.1A and 3.1C 

are all similar in that they all have an increasing pattern, but the rate in which the human 

data changes is faster than those shown in the monkey data. Another difference between 

the monkey and human plots is that a higher percentage of variances are explained at a 

lower number of clusters than for the monkey data (70% in human, 55% in monkey, k-

value = 2). It is important to note that k-values other than the optimal one has similar 

patterns to the optimal, and the patterns become more similar the closer they get to the 

optimal k-value.  
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Figure 3.1. Explained variance as a function of cluster number. (A) Human k-value 

determination. In this plot 90% of the explained variance occurred at a cluster number of 

8 from 20 clusters, indicated by a red ‘x’ on the plot. It was derived from group analysis of 

34 participants. (B) Average optimal k-value for monkeys. In this bar plot the average k-

values for all four monkeys are shown along with their standard errors. They were 

determined by taking the average k-value across all datasets for each monkey in which the 

cluster accounted for 90% of the explained variance. (C) Optimal k-values for monkeys. 

In these plots a total of 20 clusters were analyzed to determine the optimal k-value for each 

monkey. 90% of the explained variance occurred at cluster 13 for Monkeys C and S, and 

12 for Monkeys G and K, shown as a red ‘x’ on the curve along with the variance for each 

cluster, displayed in the green shaded region for all plots.  
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Chapter 4 

Identification of Transient Brain-wide CAPs in 

Monkeys 

Using the optimal k-value to determine the optimal number of CAPs to observe for 

each monkey and human, as well as the methods outlined throughout this chapter, I was 

able to clearly visualize the spatial patterns of these CAPs in monkeys and observe their 

temporal and transitional characteristics (Chapter 4), then compare these finding to human 

CAPs (Chapter 5). The same procedure used throughout this chapter was also used to later 

explore the differences between the resting state and anesthetized state found in monkey 

ECoG data (Chapter 6). 

4.1 Spatial Patterns in Monkey ECoG Data 

To observe spatial patterns within the monkey ECoG data independent clustering 

analyses on left-hemisphere ECoG data only and right-hemisphere ECoG data were 

performed using the data from the both-hemisphere ECoG recording session in Monkey S 

(seen Fig. 4.1). The results indicated similar spatial patterns of CAPs identified using the 

left-hemisphere only data, right-hemisphere only data, or both-hemisphere data (Fig. 4.1). 

Furthermore, the grouping of CAPs with symmetric spatial patterns from the left-

hemisphere only data and the right-hemisphere only data seems to have reproduced most 

CAPs identified from the both-hemisphere data. Based on these observations, I assumed 

that the CAPs identified from single-hemisphere only data in all four monkeys are 

representative to CAPs that would be identified if both-hemisphere recording data were 

available. 
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Figure 4.1. Spatial patterns on Monkey S. In the resting state, spatial maps of the CAPs of 

both hemispheres are on the left in two columns. Next is the left hemisphere in the middle 

column, and finally the right hemisphere in the right most column. The activation 

amplitudes are provided under each CAP as well as a reference colorbar on the far right. 

The CAPs are grouped according to activation locations as well as activation intensity for 

both hemispheres, left hemisphere, and right hemisphere through visual observation. 

Matching patterns are present of the left and right hemisphere and both hemispheres even 

with separate processing of the three groups. The CAPs are also organized in descending 

order activation amplitudes starting with the GHA group, then the NGA group, followed 

by the GLA group. 
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Figure 4.2 shows CAPs identified from the left hemisphere monkey data only. The 

CAPs identified from monkey data show large-scale distributed activations. Further, CAPs 

are organized in descending order of activation strength, i.e., the amplitude of the 

activations. These visual patterns were present in all 4 monkeys and provided the means to 

conveniently categorize the CAPs into different distinct groups for each monkey. The 

CAPs at the top end for all 4 monkeys (Monkey C: CAPs 9, 3, 8, Monkey G: CAPs 9, 11, 

5, Monkey K: CAPs 12, 11, 8, Monkey S: CAPs 1, 12) all have electrode-level z-scores 

across the whole brain above their average z-score levels (zero) the entire time. This spatial 

pattern indicates global high activation, making the global high activation (GHA) group. 

At the bottom end the CAPs (Monkey C: CAPs 2, 4, Monkey G: CAPs 4, 8, Monkey K: 

CAPs 10, 4, 5, 9, Monkey S: CAPs 8, 4, 2) all have electrode-level z-scores across the 

whole brain below their average z-score the entire time, indicating global low activations 

and making this the global low activation (GLA) group. The CAPs having electrode-level 

z-scores simultaneously above and below their average z-score at separate locations the 

entire time display a spatial pattern of non-global activation, forming the non-global 

activation (NGA) group. The analysis of ECoG data was performed independently for each 

recording for each monkey and led to the same results of classification of CAPs into 3 

groups each time analysis was performed across all 4 monkeys. These consistent results 

indicate the reproducibility of transient brain-wide events and the temporal and transitional 

traits of the CAPs. 

 The descending order of activation strength in all 4 monkeys also made it possible 

to identify 3 distinct CAPs that stood out in the GHA and GLA groups for each monkey 

and displayed the highest, lowest, and second lowest electrode-level activation within these 
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groups (Fig. 4.3). The first CAP was considered the highest global activation, identified as 

CAP 9 in Monkey C and Monkey G, CAP 12 in Monkey K, and CAP 1 in Monkey S, and 

was termed hCAP. The second CAP was considered the lowest global activation, identified 

as CAP 4 in Monkey C, CAP 8 in Monkey G, CAP 9 in Monkey K, and CAP 2 in Monkey 

S, and was termed lCAP. The third unique CAP displayed the second lowest global 

activation and was termed slCAP. It was identified as CAP 2 in Monkey C, CAP 4 in 

Monkey G, CAP 5 in Monkey K, and CAP 4 in Monkey S. The existence of these 3 CAPs 

in different sessions and across different monkeys indicates the reproducibility of their 

existence and of their unique temporal and transitional patterns.  

 While brain-wide co-(de)activations are prevalent in CAPs, especially in the GHA 

and GLA groups, some CAPs in the NGA group especially show regional focus if only 

looking at co-activation patterns. The CAPs with bilateral frontal co-activations could be 

identified in the representative results from all four monkeys in Figure 4.2 (Monkey S: 

CAP10, Monkey C: CAP 8, Monkey G: CAP 12, Monkey K: CAP 6) and in Monkey S in 

Figure 4.1 (CAP1). Monkey CAPs with bilateral posterior-parietal co-activations in the 

representative results (Fig. 4.2) are CAP 11 for Monkey S, CAP 5 for Monkeys C and G, 

and CAP 3 in Monkey K. Bilateral precentral temporal co-activations in the results are seen 

in CAP 3 for Monkey S, CAP 6 in Monkey G, and CAP 7 in Monkey K in Figure 4.2 and 

CAP3 for Monkey S (Fig. 4.1). More CAPs with distributed regional focuses of co-

activations were consistently identified across different sessions and monkeys, i.e., CAPs 

showing high co-activations in the temporal and occipital cortices (Monkey S: CAP 1, 

Monkey G and K: CAP 11), and in the frontal and parietal cortices (Monkey C: CAP 12, 

Monkey G: CAP 7, and Monkey K: CAP 2). 
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Figure 4.2. CAPs for the left hemisphere in all four monkeys. Displayed are the CAPs for 

each monkey, which were determined by the optimal k-value. The colorbar provided 

correlates the color to the amplitude of activity, yellow being the highest and blue being 

the lowest. The CAPs are arranged in descending amplitude of activity. Monkeys C and G 

are the only monkeys with electrodes implanted on the midline ridge of their left 

hemisphere.  
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4.2 Temporal Patterns in Monkey ECoG Data 

Three metrics were used for group-level (across all datasets for each monkey) 

monkey ECoG CAPs i.e., occurrence, lifetime, and fractional occupancy (FO). Notable 

differences were observed for different CAPs or categories of CAPs for monkeys in these 

metrics (Fig. 4). Among the three categories of CAPs, in general, the CAPs from the GHA 

group have relatively low occurrences and fractional occupancy rates and the CAPs from 

the GLA group have relatively high fractional occupancy rates. Slightly higher lifetimes in 

the CAPs from both the GLA and GHA groups as compared with the CAPs from the NGA 

group can also be seen. Since the CAPs from the GLA and GHA groups show large 

variations and are characteristic on these temporal metric values, the reference mean levels 

of these temporal metrics for each session of monkey data were calculated from the CAPs 

in the NGA group to be used for statistical comparison with those from individual CAPs, 

in addition to their direct comparisons between individual CAPs.   

 The first key observation is that the hCAPs from the monkey data always show 

significantly lower occurrences than their corresponding lCAPs (Monkey C and G: p < 

0.005, K: p < 0.01, S: p < 0.05) and slCAPs (Monkey C, G, and S: p < 0.005, K: p < 0.01). 

When compared with the session reference means, all monkey hCAPs (Monkey C, G, and 

S: p < 0.005, K: p < 0.05) and most lCAPs (Monkey C and G: p < 0.005, S: p < 0.05, K: 

lower but not significant) have significantly lower occurrences. Meanwhile, the 

occurrences of slCAPs in are always significantly higher than those of the lCAPs (Monkey 

C, G, and S: p < 0.005, K: p < 0.01), hCAPs (Monkey C, G, and S: p < 0.005, K: p < 

0.01), and reference means (Monkey C, G, and K:  p < 0.005, S: p < 0.01). Secondly, the 

hCAPs (Monkey C and G: p < 0.005, K, S: p < 0.01) and the lCAPs (all p < 0.005) from 
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monkeys have significantly higher mean lifetimes than the reference means while the 

lifetimes of the most slCAPs show no significant differences as compared with the 

reference means. Notably, the overall mean lifetimes for monkey CAPs are at the level of 

100 milli-seconds. Finally, as the fractional occupancy rates of individual CAPs are 

determined by both their occurrences and lifetimes, the differences between 

hCAPs/lCAPs/slCAPs and their respective reference means are enhanced. The FO rates of 

all hCAPs are significantly lower than the reference means (Monkey C, G, and S: p < 

0.005, K: p < 0.05) and the FO rates of all lCAPs and slCAPs from all monkeys are 

significantly higher than the reference means (all p < 0.005).   
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Figure 4.3. Temporal metrics of the four monkeys. These plots show the temporal metrics 

(occurrence rate, mean lifetime, and fractional occupancy rate) for each of the three groups 

(GHA, GLA, and NGA) and their individual CAPs of importance (hCAP, lCAP, and 

slCAP) as well as the standard error for each. The means of the CAPs for the grouped data 

across each session of each monkey was used to form the three groups on the left of the 

pot. The statistical significance is indicated by asterisk above the bars. P-values were 

derived from comparing the NGA group with the hCAP, lCAP, and slCAP to emphasize 

their deviation from the mean, or reference point, of their data, and also from a comparison 

between the hCAPs, lCAPs, and slCAPs. 
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4.3 Transitional Patterns in Monkey ECoG Data 

 CAP transitions in monkey data indicate structured patterns that reveal moment-to-

moment dynamics between different brain states formed by the entire set of identified 

CAPs in individual sessions, and these structured patterns are highly supported by the 

spatial and temporal patterns observed in individual CAPs as discussed in sections 4.1 and 

4.2, respectively. Figs. 4.4 and 4.5 illustrated the CAP transition maps (thresholded at > 

0.05) from the representative session data from all four monkeys. To better visualize 

structured transition patterns and the consistencies with their spatial and temporal patterns, 

the transition rates are coded in the thickness of arrows indicating directed transitions from 

one CAP to another and the same transition rate data are plotted twice, one with CAP 

occurrences coded in the size of circles (each represents a CAP, Fig. 4.4) and another one 

with CAP lifetimes coded in the size of circles (Fig. 4.5). Furthermore, the CAPs from the 

three categories (i.e., the GHA, GLA, and NGA groups) defined based on their spatial 

patterns are coded in the color of circles.  

These transitions maps suggest the separate roles played by the CAPs from the 

GHA, GLA, and NGA groups. Firstly, the transitions between the GHA CAPs and the 

GLA CAPs are mediated by the CAPs from the NGA group: there are no direct transitions 

between the GHA CAPs and the GLA CAPs in both Figs. 4.4 and 4.5). Secondly, the 

transitions between all hCAPs and their corresponding lCAPs (e.g., between CAPs 4 and 

9 for Monkey C, CAPs 12 and 9 for Monkey K, CAPs 9 and 8 for Monkey G, and CAPs 1 

and 2 for Monkey S) indicate the longest paths that usually involve the exploration of 

multiple other brain states (CAPs) in the middle. These transition paths usually start with 

the lCAP to other GLA CAP(s), then to NGA CAP (s), then to GHA CAP(s), and ends at 
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the hCAP. An example of such paths in Fig. 4.4 is: CAP 9 (lCAP) -> CAP 10 (GLA) -> 

CAP 7 (NGA) -> CAP 8 (GHA) -> CAP 12 (hCAP) for data from Monkey K. Lastly, it is 

important to note that there are no direct transitions between all hCAPs and their 

corresponding lCAPs (even after removal of threshold of > 0.05) in all session data (all 

data listed in Table 1 and beyond the representative examples in Figs. 4.4 and 4.5). These 

maps show different roles of the GLA, GHA, and NGA CAPs played in transitions among 

different brain states, which are co-incident with the differences in occurrence and lifetime 

measures of the CAPs from different categories, e.g., the CAPs with relatively high 

occurrences appear in the middle of these transition maps while the CAPs with relatively 

low occurrences are on the boundary of the transition maps. Oppositely, the CAPs with 

relatively long lifetimes show on the boundary of the transition maps while the CAPs with 

relatively short lifetimes appear in the middle of the transition maps. In general, lCAPs and 

hCAPs represent the extreme brain states on the boundary of the transition maps, which 

both have the lowest occurrences and the longest lifetimes (see details in Fig. 4.3). 

Furthermore, the slCAPs that have the highest occurrences (Fig. 4.3) are usually in the 

gateway positions of the corresponding lCAPs to other brain states, e.g., CAP 10 (slCAP) 

for CAP 9 (lCAP) for Monkey K data (Fig. 4.4).  
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Figure 4.4. Occurrence transitional patterns of all four monkeys. The single left 

hemisphere of each monkey is plotted in reference to the lCAP from the GLA group (blue) 

and the hCAP of the GHA group (red). Circle sizes provide an indication of the frequency 

of visits to a specific CAP. Arrows are provided to show the direction in which the CAPs 

transition between states. 
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Figure 4.5. Lifetime transitional patterns of all four monkeys. Transitional patterns of mean 

lifetime are displayed for all four monkeys within their left hemisphere. Circle size is 

indicative of the amount of time spent within each state and arrows are provided to show 

the direction of the transition between each state. The hCAP and lCAP of each monkey are 

for a reference to emphasize certain visible patterns observed in the three groups, i.e., GHA 

in red, GLA in blue, and NGA in gray. 

 

 

  



 

34 
 

Chapter 5 

Comparison to Identified Transient Brain-wide 

CAPs in Human 

5.1 Spatial Patterns. 

For the CAPs identified from human data, brain-wide patterns of large-scale 

distributed activations could be observed that were like those found in the monkey data 

(Fig. 5.1B and Fig. 4.2). Furthermore, these CAPs from human data could also be visually 

conveniently grouped into different categories like those identified in monkeys (see section 

4.1). CAPs 5, 6, and 7 from humans (Fig. 5.1A) have all ROI-level z-scores and across the 

whole brain above their corresponding mean z-score levels of the entire time (which is 

zero), indicating the global high-activation (the GHA group). CAPs 2, 3, and 8 from human 

and CAPs 2, 5, and 8 make up the global low-activation (GLA group). CAPs 1 and 4 in 

humans indicate the patterns of non-global activations (the NGA group). These 

consistencies of three distinct categories of CAP activation patterns suggest the 

reproducibility of such transient brain-wide events both within species and across species. 

CAPs from these three groups further indicate distinct reproducible temporal and 

transitional characteristics. 

Moreover, an arrangement of CAPs in decreasing activation strengths, reflected 

similarly in both the global activation strength (i.e., sum of ROI over the whole brain) and 

maximal ROI activation strength (numbers labeled in each CAP spatial map in Figs 5.1 

and 4.2), are observed within both GHA and GLA groups in both human and monkey data. 

For the human GHA group, the order of the amplitudes of activations according to the 
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global activation strength is CAP 5, 7, then 6. For the GLA group, the order of activation 

amplitudes is CAP 3, 2, then 8 (fewer negative values mean relatively higher amplitudes 

due to normalized z-scores). For Monkey S’ GHA group (Fig. 5.1A), the order of activation 

amplitudes is: CAP 12, 4, 13, 10, 3, then 6, while the GLA group’s order of activation 

amplitudes is: CAP 8, 2, then 5. The similar orders of CAPs in each group were also 

reflected in the maximal ROI/electrode-level activation strength for both human and 

monkey data. The activation strengths of the CAPs from the NGA groups are in general 

between those from the GHA and GLA groups (in terms of the maximal ROI/electrode-

level activation strength as the global activation strength is expected to be low due to 

cancellation of positive and negative z-scores in calculating the sum). For the single-

hemisphere ECoG data in all four monkeys, similar arrangements of CAP activation 

strengths between and within three groups are observed (Fig. 4.3). Due to these differences 

in activation strengths found in human data, the same distinct CAPs to note were the same, 

i.e., the hCAP (CAP 5 in human and 12 in Monkey S), lCAP (CAP 8 in human and CAP 5 

in Monkey S), and slCAP (CAP 2 for human and Monkey S).    

The spatial maps of CAPs for human and Monkey S (Fig. 5.1) show another distinct 

pattern, which is symmetry between two hemispheres. The symmetric pattern is dominant 

in human CAPs (Fig. 5.1A), while it is also largely present in CAPs from Monkey S (Fig. 

5.1B), especially for the CAPs from both the GHA (i.e., CAP 12, 4, 13, and 10) and GLA 

groups (i.e., CAP 8, 2, and 5). Some CAPs from Monkey S seem not so symmetric visually 

due to different strengths of co-activation areas (warm colors), but still symmetric in terms 

of the relative spatial distribution of co-activation and co-deactivation areas (cold colors). 

For example, CAP 6 presents the general brain-wide symmetry of co-activation and co-
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deactivation while the co-activation within the visual cortex of the left hemisphere is 

weakened. Similarly, CAP 9 presents the general cross-hemisphere symmetry but with 

weakened co-activations within the left posterior temporal cortex as compared with the 

corresponding right hemisphere. Some CAPs from Monkey S seem to lose the general 

brain-wide symmetry of co-activation and co-deactivation but are preserved in a pair of 

CAPs (like the CAP 7 and 11 pair). It is important to note that the symmetric CAP pairs 

(one for left hemisphere and one for right hemisphere) could be similarly identified when 

both-hemisphere data from Monkey S were analyzed separately for left-hemisphere and 

right-hemisphere (see Fig. 4.1). 

Another important observation to note is the presence of CAPs with brain-wide co-

(de)activations showing regional focuses. These are emphasized in human data in the same 

way as the monkey data (see section 4.1), especially if only focusing on coactivations. For 

example, CAP 1 for humans from the NGA group and CAP 1 for both-hemisphere in 

Monkey S show high bilateral co-activations within the frontal cortex (Fig. 5.1). Human 

CAP 4 (Fig. 5.1) from the NGA group and CAP 11 in the left-hemisphere for Monkey S 

(Fig. 4.2) show high bilateral co-activations within the posterior-parietal cortex. 

Furthermore, human CAP 1 and Monkey S CAP 3 (Fig. 5.1) shows high bilateral co-

activations within the anterior temporal cortex. From representative monkey ECoG data 

(Fig. 4.2), more CAPs with distributed regional focuses of co-activations could be 

consistently identified across different sessions and monkeys, as presented in section 4.1.  
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Figure 5.1. Human and monkey CAPs for both hemispheres. Human CAPs (8) and CAPs 

from Monkey S (13) are shown with their corresponding colorbars indicating the amplitude 

of activity, red having the highest for humans, yellow having the highest for Monkey S, 

and blue having the lowest for both Monkey S and humans. According to visual inspection 

of spatial patterns and then arranged in descending order of their activity amplitude, the 

CAPs are further organized into three distinct groups for Monkey S and humans: global 

high activation, nonglobal activation, and global low activation. The highest global high 

activation, CAP 12 for Monkey S and CAP 5 for humans, is at the top, and the secondary 

global low activation (CAP 2 for Monkey S and humans) and lowest global low activation 

(CAP 5 for Monkey S and CAP 3 for humans) are at the bottom. 
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5.2 Temporal Patterns 

 The patterns found in the temporal metrics of monkeys were also similar to those 

present in human data. The CAPs from the GHA group have relatively low occurrences 

and fractional occupancy rate and the CAPs from the GLA group have relatively high 

fractional occupancy rates. The GLA and GHA groups as compared with the CAPs from 

the NGA group also displayed higher lifetimes than the NGA group. The reference mean 

levels of the temporal metrics for each participant were calculated in the same manner as 

the monkey session calculations from the NGA group and were used to statistically 

compare with the hCAP, lCAP, and slCAP. 

 One observation is that the hCAP from human always showed a significantly higher 

occurrence than the corresponding lCAP (p<0.005) and slCAP (p<0.005). Compared to the 

participant reference means (NGA group), the hCAP (p< 0.005) and lCAP (p<0.005) had 

significantly lower number of occurrences. Observations similar to most lCAPs found in 

monkeys and all monkey hCAPs. The occurrences of the slCAP were always significantly 

higher than lCAP’s (p< 0.005) and reference mean (p<0.005), the same significant pattern 

found in previously mentioned monkey data. Both species also showed the hCAP and lCAP 

also having significantly higher mean lifetimes than the reference mean and the slCAP 

having no significant difference when compared to the NGA group mean. Another 

similarity in the mean lifetimes of the CAPs between monkey and human data was they 

were on the level of milliseconds. Lastly, the fractional occupancy rate of the hCAP in 

human were significantly lower than the reference mean (p < 0.005), like the findings in 

monkey data.  
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Figure 5.2. Temporal metrics of humans. These plots show the temporal metrics 

(occurrence rate, mean lifetime, and fractional occupancy rate) for humans three groups 

(GHA, GLA, and NGA) and their individual CAPs of importance (hCAP, lCAP, and 

slCAP) as well as the standard error for each. The means of the CAPs for the grouped data 

come from the means across each participant of their associated CAP belonging to that 

group. The statistical significance is indicated by asterisk above the bars. P-values were 

derived from comparing the NGA group with the hCAP, lCAP, and slCAP to emphasize 

their deviations from the mean, or reference point, of their data, and also from a comparison 

between the hCAPs, lCAPs, and slCAPs. 
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5.3 Transitional Patterns 

 Supported by spatial and temporal patterns, CAP transitions in human and monkey 

data show similar structured patterns. These patterns present moment-to-moment dynamics 

between different brain states formed by all CAPs in each session. Figure 5.4 shows a 

representative illustration of group level human data and session data from Monkey S. 

Transitions are coded in the thickness of the arrows that show the direction of the transition 

between CAPs. These transitions are plotted for both CAP occurrence rates and CAP mean 

lifetimes. The size of the circles indicates the number of occurrences and the length of the 

lifetime spent in each state. The CAPs from the GHA, GLA, and NGA groups are 

represented by the circle color.  
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Figure 5.3. Occurrence and lifetime transitional patterns of humans and Monkey S. Both 

hemispheres are displayed for both human and Monkey S of the CAPs corresponding with 

the hCAP and lCAP visible in the occurrence and lifetime plots. Arrows are used to indicate 

the direction of transitions between CAPs and circle sizes are indicative to the number of 

visits to a specific CAP (A) or the duration stayed within each state (B). Colors of the 

circles indicate which of the three groups the CAP belongs to, i.e., GHA in red, GLA in 

blue, or NGA in gray.   
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 These transition maps indicate the role of the CAPs in each of the three groups 

(GLA, GHA, and NGA). Transitions between the GLA and GHA group are always 

mediated by the NGA group. In other words, there are no direct transition paths between 

the GLA and GHA group. Further, transitions between two of the extreme CAPs of the 

GLA and GHA groups (lCAP and hCAP) have the longest paths in which transitions to 

other CAPs (brain states) must occur. Just like the Monkey data in Figures 4.4 and 4.5, the 

paths start with the lCAP, moves to other GLA CAP(s), then NGA CAP(s), on to GHA 

CAP(s), and finally ends at the hCAP. Examples of such paths in Figure 5.4 consist of: 

CAP 3 (lCAP) -> CAP 2 (GLA) -> CAP 4 (NGA) -> CAP 1 (GHA) -> CAP 7 (GHA) -> 

CAP 5 (hCAP) for human data and CAP 5 (lCAP) -> CAP 2 (GLA) -> CAP 7 (NGA) -> 

CAP 1 (NGA) -> CAP 3 (GHA) -> CAP 13 (GHA) -> CAP 4 (GHA) -> CAP 12 (hCAP) 

for data from Monkey S. Similar to the single hemisphere patterns observed in Figures 4.4 

and 4.5, there are no transitions between the hCAP and lCAP in both human data and both 

hemisphere Monkey S data. 

 Another key observation is that CAPs with high occurrences and short mean 

lifetimes are always in the middle of the transition maps. The CAPs at the outer boundaries 

of the transition maps have few visits to them and the time spent in those states is of long 

duration. CAPs closest to the boundary, hCAP and lCAP, both have the lowest occurrences 

and the longest mean lifetimes, according to Figure 5.2 for humans. The slCAP for humans 

also has the highest number of occurrences (Fig. 5.2) and is usually the entrance for their 

lCAP to other CAPs. An example of this is CAP 2 (slCAP) being the gateway for CAP 3 

(lCAP) for the human data in Figure 5.4A, and CAP 2 (slCAP) for CAP 5 (lCAP) in 
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Monkey S data in Figure 5.4B. These observations are like the phenomena explored in 

single hemisphere transition results in Figures 4.4 and 4.5.  

5.4 Summary of Similarities Between Monkeys and Humans 

Key similarities and differences between human CAPs from EEG data and monkey 

CAPs from ECoG data are summarized in Table 2. These are in comparison between the 

spatial, temporal, and transitional patterns explained throughout Chapter 5. The 

comparison resulted in five consistencies within the spatial domain of the two species 

(human and monkey), six temporal pattern consistencies, and five transitional pattern 

consistencies. Most of the key similarities are those observed in the differences within 

members of resultant patterns (hCAP and lCAP), and the low occurrence of the hCAP and 

high occurrence of the slCAP. However, of the spatial, temporal, and transitional domains, 

most similarities arise from the temporal and transitional measures. All similarities across 

all domains presented (spatial, temporal, and transitional) allude to the fact that human 

EEG CAPs and monkey ECoG CAPs have a strong connection. 
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Table 2 Summary of Significant Similarities between Monkey and Human Data.  

This table outlines the many similarities between the human EEG and monkey ECoG data, as 

described in the results chapter 5.  

  

Domain of 

Patterns 
Description of Features Human EEG Monkey ECoG 

Spatial patterns 

Three groups: GHA, GLA, and NGA Yes Yes, for all monkeys 

hCAP and lCAP Yes Yes, for all monkeys 

Ordered changes of activation strengths 

across three groups and within groups 
Yes Yes, for all monkeys 

Bilateral symmetry 
Yes, for all 

CAPs 
Yes, for the majority of 

CAPs 

Regional focuses of co-activations Several CAPs 

More CAPs; CAPs 

showing similar regional 

focuses as in human 

CAPs  identified 

Temporal 

measures 

Low occurrence of hCAP Yes Yes 

High occurrence of slCAP Yes Yes 

Long lifetime of hCAP and lCAP Yes Yes 

Low FO for hCAP Yes Yes 

High FO for slCAP Yes Yes 

Overall mean lifetime ~150 ms ~150 ms 

Transitional 

patterns 

hCAPs and lCAPs at the two ends of 

the transition maps 
Yes Yes 

No direct transition between the CAPs 

from GHA and the CAPs from GLA. 
Yes Yes 

Transitions between hCAP and lCAP 

mediated by other CAPs in GHA and 

GLA groups 
Yes 

Yes, for the majority of 

session data for all 

monkeys 
Low/high occurrences for CAPs at the 

end/middle of transition maps 
Yes Yes 

Long/short lifetime for CAPs at the 

end/middle of transition maps 
Yes Yes 
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Chapter 6 

Comparison of Phenomena Between Anesthesia 

and Resting Monkey ECoG Data 

 After analyzing ECoG data under resting conditions of monkeys and comparing the 

results to human resting EEG data, I was able to find many similarities between not only 

two different species, but between differing imaging modalities used for each species as 

well. Upon completion of these initial goals one question remained pertaining to different 

states of consciousness of the same species with data from the same imaging modality. To 

accomplish this final goal the same experimental methods implemented for analysis of 

monkey ECoG resting state data were used to process and analyze ECoG anesthetized state 

data from the same monkeys.  

6.1 Spatial Patterns in Anesthesia Monkey Data 

 Visual inspection of the spatial maps of the anesthesia data, i.e., ketamine-

medetomidine (KTMD) anesthetic agents used simultaneously for all monkeys showed the 

same consistent patterns, so there was an assumption made that any one monkey’s spatial 

map of their CAPs was representative of all four monkeys under the same condition. All 

anesthesia sessions also revealed almost identical patterns even with different types of 

anesthetics used in the session for all monkeys, however the most consistent results came 

from the KTMD sessions for all four monkeys. For this reason, the KTMD of Monkey G 

was used to represent all monkeys. Monkey G revealed similar patterns as those found in 

the spatial maps from the resting awake condition in that large-scale distributed activations 

were also present in the anesthesia data (Fig. 6.1). With these similarities, I could also 

categorize the CAPs into three groups (GLA, GHA, and NGA groups). I was also able to 
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identify CAPs on the extreme end of the GLA group (lCAP) as well as the GHA group 

(hCAP). Further, I was also able to identify the slCAP of the GLA group. The CAPs in 

Figure 6.1 are arranged in descending order of activation strength, with the GHA group on 

top, NGA group in the middle, and GLA group on bottom. In Monkey G, CAPs 12, 4, 10, 

and 11 make up the GHA group with CAP12 being the hCAP, and CAPs 6 and 3 make up 

the GLA group with CAP 3 and CAP 6 being the lCAP and slCAP, respectively.  

 Another consistent result with the anesthesia and resting sessions of Monkey G 

were in the regional focuses of the coactivations. There was bilateral posterior-parietal 

focus observed in CAP 2, bilateral precentral temporal in CAP 5, and bilateral frontal 

activations in CAP 8. 
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Figure 6.1. Spatial map of Monkey G. The CAPs from a single session of anesthesia 

(KTMD) data from Monkey G are presented. They are arranged in descending order of 

activity amplitude starting with the hCAP from the GHA group at the top, then the NGA 

group, and finally the lCAP from the GLA group at the bottom.  
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6.2 Temporal Patterns in Anesthesia Monkey Data 

General temporal patterns (Fig. 6.2) also proved to be consistent between resting 

and anesthetized monkeys. The metrics used were the ones corresponding to a single 

KTMD anesthesia session with Monkey G’s spatial map of ECoG CAPs displayed in 

Figure 6.1. These consisted of occurrence rate, mean lifetime, and FO rate. The hCAP from 

the anesthesia data has a relatively low occurrence and FO rate. Again, slightly higher 

lifetimes were found in the slCAP group and hCAP group from the anesthesia data when 

compared to the lCAP group from the GLA group. The lCAP group and slCAP group also 

had a higher number of occurrences than the hCAP group.  

 Although the general patterns were found to be similar there were significant 

differences in the actual number of occurrences, length of mean lifetimes, and actual FOs 

of the hCAPs between the anesthesia and resting conditions. Figure 6.3 uses group-level 

session data for direct comparison of the resting CAPs and anesthesia CAPs of all four 

monkeys. This group-level was across all KTMD anesthesia sessions of all four monkeys, 

the metrics were then averaged and displayed along with the standard error across all 

datasets from all monkeys. The resting data consisted of the extracted resting portion of 

these same KTMD sessions in all four monkeys, and then the lifetimes, occurrences, and 

occupancies were also averaged with the same procedure used for the anesthesia data. The 

hCAPs from the anesthesia data had significantly lower occurrences (p < 0.005) and FOs 

(p < 0.05) than the hCAPs from the resting data, and they had significantly higher mean 

lifetimes (p < 0.005) than the hCAPs from the resting data (Fig. 6.3). The lifetimes of the 

slCAPs were also significantly higher for the anesthesia data than the resting (p < 0.05), 
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and the lCAPs for FO were also significantly higher in the anesthesia data than the resting 

(p < 0.05).  
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Figure 6.2. Metrics for Monkey G anesthesia. The FO, occurrences, and lifetime 

metrics are all displayed here for one anesthesia session of Monkey G. The hCAP, 

lCAP, and slCAP, CAP 12, CAP 6, and CAP 3, respectively, are emphasized to display 

their corresponding characteristics. 
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6.3 Key Observed Similarities/Differences  

Comparison of the resting and anesthetized brain states revealed many similarities 

between them within their spatial and temporal patterns (Figs. 6.1 and 6.2). Though the 

trends were consistently similar, there were significant differences in the actual number of 

occurrences, length of mean lifetimes, and occupancies of the hCAP, lCAP, and slCAP 

groups. In summary, these significant differences were largely found in the hCAP group in 

all three metrics (occurrences, lifetimes, occupancies). Figure 6.3 shows the significant 

differences between the averaged mean lifetimes across each ketamine-medetomidine 

session for all four monkeys with those averaged from the resting portion of the same 

datasets. It is also important to note that these results are preliminary, and therefore more 

analysis would be required to fully support these conclusions. 
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Figure 6.3. Average of metrics for anesthetized (KTMD) monkeys. Here is shown the 

occurrences, lifetimes, and occupancy of all four monkeys extracted from their 

anesthesia data. The k-value used was 12 for each monkey and lifetime was extracted 

then averaged across all sessions of the ketamine-medetomidine (Monkey C: 2 

sessions, Monkeys G, K, and S: 3 sessions). Error bars have been provided. 
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Chapter 7 

Discussion 

7.1 Discoveries and Comparison to Literature  

 After identifying the existence of transient brain-wide coactivation patterns (CAPs) 

in monkey ECoG data, resting and anesthesia, I observed many spatial, temporal, and 

transitional patterns. These patterns were also present in another study (Ding et al., 2022). 

This study not only identified CAPs in human resting data, but also explored what they 

defined as the ‘superstructure’ (Ding et al., 2022), which they hypothesized as the potential 

driver to the similarities that exist in both human and monkeys and governs the brain-wide 

CAP dynamics. This structure is defined by the two polarized CAPs with intermediate 

states in between them, i.e., the hCAP and lCAP within the global high activation (GHA) 

and global low activation (GLA) groups that border the nonglobal activation group (NGA). 

The structure is additionally defined by the temporal and transitional behavior of the 

identified CAPs: fewer visits to the polarized CAPs (low occurrence of the hCAP and 

lCAP), and transitions between these polarized states always being mediated by the 

intermediate CAPs without a direct transition between the two (intermediate states have 

more visits and for shorter periods of time). The results of monkey ECoG resting state data 

analysis in this research show promising in how similar they are to those found in humans 

in both this study and the before mentioned study (Ding et al., 2022). The correspondence 

of these results (transient events) in both human and monkeys further validates the 

existence of brain-wide patterns retained in evolution.  
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Furthermore, previous studies have supported the results of this research, 

specifically the similar patterns in the resting and anesthesia state in monkey ECoG data 

coincide with results of other studies (Mantini et al., 2011, Vincent et al., 2007). This 

research group was able to find analogous connections in brain activity between monkeys 

and humans in different levels of consciousness, i.e., awake and unconsciousness induced 

by anesthesia (Mantini et al., 2011, Vincent et al., 2007). 

7.2 Conclusion 

Analysis of electrophysiological neural signals measured by EEG and ECoG 

neuroimaging methods provided results I was able to use to compare brain-wide patterns 

across different species (humans and monkeys) and different state of consciousness within 

the same species. CAPs were able to be identified in monkey ECoG data after cluster 

analysis was performed, which were similar to those found in human EEG data. Spatial, 

temporal, and transitional metrics from neural networks were compared and patterns 

known to be preexisting and thought of as unique only in humans were also reflected in 

monkeys. These brain-wide coactivation patterns and their metric characteristics in the 

resting state of monkeys were also revealed to exist in anesthesia conditions of monkeys. 

Consistent with what is expected, there were differences in the different states of 

consciousness in that there were significant differences between the hCAP groups of the 

three metrics between monkey resting and anesthesia states in the magnitude of the metrics. 

The significant similarities between human and monkey resting data, along with 

the expected differences found between the different states of consciousness in the monkey 

data further validate the results of this study. 
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7.3 Summary 

In this research I sought out to determine the existence of transient brain-wide 

coactivation patterns in macaque monkeys, observe any spatial, temporal, and transitional 

similarities between the monkeys and humans as well as any similarities within different 

states of consciousness in monkeys using EEG and ECoG data analysis to investigate. I 

was able to positively identify the existence of these CAPs and made a comparison between 

human and monkey neural activations to determine if there were any patterns that could be 

identified between the monkeys and humans in their resting states. Furthermore, using 

visual inspection of their spatial maps I was able to their large-scale distributed activity 

patterns to separate the CAPs of both humans and monkeys into three groups, i.e., global 

high activation, global low activation, and nonglobal activation groups. The comparison 

between the two species (monkey and human) for the whole brain could only be made 

between Monkey S and humans because only Monkey S had both hemispheres of 

information with the other three monkeys only having the left hemisphere. One key 

observation made was the symmetry in neural activity on the spatial maps between the 

right and left hemisphere of both the human and monkey brains as well as regional focuses. 

Furthermore, arranging the CAPs in decreasing activation strength, three CAPs were 

particularly noted in both the human’s and monkey’s GLA and GHA group (hCAP, lCAP, 

and slCAP). Using the similarities reflected across both hemispheres in humans and 

Monkey S an assumption was made that the left hemisphere of the other three monkeys 

was indicative of what the right hemisphere activity would be. I was able to compare all 

four monkeys to human data based off this assumption.  
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Not only were similar spatial patterns observed between humans and monkeys, but 

their temporal and transitional metrics were found to be similar to humans. One important 

temporal pattern to note was the hCAP always had the lowest fractional occupancy and 

occurrence rate with a high mean lifetime. Another important observation was that the 

slCAP always had the highest occurrence rate. Finally, the slCAP and the lCAP both had 

high mean lifetimes and fractional occupancy. Transitional patterns include the direction 

of transitions between states (CAPs) and the amount of time or the frequency of 

occurrences of each state. Transitions never occurred directly between the GHA group and 

the GLA group and mediation was always through the NGA group. The hCAPs and lCAPs 

also had very few visits but the time spent in these states was always long. The CAPs within 

the middle of the transition maps (Figs. 5, 6, Supplementary Fig. 3) always had a higher 

number of occurrences than those towards the boundaries. In other words, the most visits 

occurred in the NGA groups with the least occurring in the GLA and GLA groups. 

Transitions between the hCAPs and lCAPs always had the longest paths with visits to the 

NGA CAPs along the way. These same analysis methods were further used to compare 

monkeys in their resting state to their anesthetized state. Visualization of spatial maps and 

results found in the analysis of electrophysiological signals of the monkeys in these 

different brain states revealed many consistencies between their spatiotemporal and 

transitional patterns. The one difference of importance to note was the average duration of 

lifetime for CAPs. The mean lifetime of the resting state CAPs was generally shorter than 

those in the anesthetized state (see section 6.2).  

Moreover, it is important to note that similarities found between humans and 

monkeys were derived from different modalities of neural imaging, i.e., EEG for humans 
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and ECoG for monkeys. All similar patterns revealed were identified using independent 

processing and analysis of each dataset for each monkey and human. 

Similarities identified between human and monkey resting data were also identified 

between monkey resting data and monkey anesthesia data. These included all spatial, 

temporal, and transitional patterns discussed in Chapter 4 with a difference in the 

magnitude of these metrics. These results imply a there exists a difference in brain activity 

between a conscious resting state and an induced unconscious state within the same 

species. 

7.4 Limitations and Future Studies 

 The number of datasets were limited in this research and were provided from only 

four monkeys, a small sample size that could potentially not be representative of all 

macaque monkeys. Not only this but only one monkey had both hemispheres available to 

analyze, the other three had just the left hemisphere, so there was an assumption that the 

left hemisphere was representative of neural activity occurring in the right hemisphere. 

This assumption could bias the results. Only two datasets (one each from Monkey C and 

Monkey S) contained only resting in their session, the rest of the datasets from all four 

monkeys had to have the resting portion extracted due to the sessions also involving sleep 

and anesthesia trials. Resting portions were only taken before these trials were initiated. 

The resting intervals were conservatively extracted from the datasets but there is still the 

potential that the extracted data could contain information from the sleep or anesthesia 

states within the session that overlapped with them. This research also used data from two 

different neuroimaging methods (EEG and ECoG), which have different spatial and 

temporal resolutions. These differences stem from the location in which measurements are 
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taken, on the scalp for EEG and the cortical surface for ECoG. The interference from the 

scalp smears the data in that the activations are less distinct, leading to fewer clusters of 

which could explain why the optimal number of clusters to use were different between the 

human data and monkey data.  

 Moving forward to future studies, more comparisons could be made between 

human and monkey data coming from the same neuroimaging modality that could measure 

primary neural responses (just EEG or just ECoG). Further studies could also include a 

more in-depth analysis of brain-wide coactivations in monkeys in different states of 

consciousness, i.e., awake and resting, task-based, sleep, and anesthetized. While I was 

able to compare between resting and anesthetized sessions, I had limited data to use as well 

as only using anesthesia data from one monkey instead of all four used in Chapter 4. Given 

data from humans under anesthesia, a direct comparison to the response of this stimuli 

could be made between the two species (human and monkey). This could further cement a 

relation between neural activity in humans and monkeys, providing more support for use 

of a monkey model for research on the interaction with pharmaceuticals and disease states 

with the brain with a more invasive means.  
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