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Abstract 

 

In the absence of tasks or external stimuli, the human brain produces recordable spontaneous 

low-frequency fluctuating hemodynamic signals, which show temporally-correlated activity 

among brain regions forming so-called resting-state networks (RSNs). Multiple RSNs have been 

identified using functional neuroimaging modalities across species and behavioral states. They are 

nonstationary over a scan time. These networks collectively cover almost the entire brain and play 

significant roles in human behaviors. Moreover, abnormalities in RSNs have been identified in 

major neurological and psychiatric disorders.  

RSNs have been studied primarily using the blood oxygenation level-dependent (BOLD) 

signal generated from functional magnetic resonance imaging (fMRI). Despite numerous studies 

on these networks, several questions remain partially answered. For example, what is the 

spatiotemporal structure of networked brain activity obtained from other imaging contrasts such 

as oxygenated (HbO) and deoxygenated (HbR) hemoglobin signals? Are there observable 

spatiotemporal differences between these two contrasts? Does the controversial global signal 

contain neuronally relevant information? This dissertation attempts to answer some of these 

questions using diffuse optical tomography (DOT). DOT is a non-invasive functional 

neuroimaging technique based on functional near-infrared spectroscopy (fNIRS) that is more 

accessible than fMRI, making it available to patients, for example, requiring portability and having 

resistance to head motion.  

Several task-based DOT studies have shown a promise in studying the human brain’s 

functional connectivity (FC). However, DOT resting-state studies remain sparse. These studies 

have imaged limited cortical areas and have assumed that the brain’s FC remains stationary over 

a scan despite increasing evidence that resting-state FC is a brain-wide nonstationary phenomenon. 
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These limitations were specifically addressed in this dissertation. A significant part of this 

dissertation involves developing a novel brain-wide DOT (BW-DOT) framework that integrates a 

cap-based whole-head optode placement system with multiple computational approaches, 

including finite-element modeling, inverse source reconstruction, data-driven pattern recognition, 

and statistical correlation tomography, to study brain-wide networked activity in dual contrasts of 

HbO and HbR. The spatiotemporal resolution of this framework was quantitatively evaluated using 

simulation and task-based fNIRS experimental data. RSNs were then reconstructed using resting-

state data from healthy human participants. The brain’s functional connectivity (FC) was then 

studied as regions coactivating and/or co-deactivating at fine timescales down to a single frame, 

using the so-called coactivation pattern (CAP) analysis for both HbO and HbR contrasts.  

The evaluation results suggest that BW-DOT has the spatiotemporal resolution to study brain-

wide networked activity in human adults. Applying BW-DOT to resting-state data revealed 

multiple RSNs, covering almost the entire neocortical surface. The spatial patterns of these 

networks suggest statistically significant similarities to fMRI RSN (f-RSN) templates. 

Furthermore, RSNs obtained from HbO and HbR suggests similarity in the number of RSN types 

reconstructed and their corresponding spatial patterns. At the same time, HbR RSNs show more 

similarity to f-RSN templates statistically, and HbO RSNs indicate more bilateral patterns over 

two hemispheres. In addition, the BW-DOT framework allowed consistent reconstructions of 

RSNs across individuals and recording sessions, indicating its high robustness and reproducibility, 

respectively.  

The results from CAP analysis show that a small number, i.e., six, of transient brain-wide 

CAPs describe major spatiotemporal dynamics of DOT signals. These CAPs represent recurring 

brain states, have bilaterally symmetrical spatial topographies and exist in highly anticorrelated 
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pairs. Moreover, a structured transitional pattern among six brain states is identified in which two 

CAPs of anterior-posterior (AP) spatial patterns are in preferred positions, potentially mediating 

transitions among all brain states. The results further reveal two brain states showing global 

positive and negative patterns over the entire cortex. These two global brain states are responsible 

for generating a subset of peaks and troughs in global signals (GS), supporting the recent reports 

on the neuronal relevance of hemodynamic GS. Collectively, these results suggest that transient 

brain events (i.e., CAPs), global brain activity, and brain-wide structured transitions co-exist in 

humans. They are closely related to and extended the observations of similar neuronal events 

recently reported in animals. The CAP analysis further revealed several differences between the 

spatiotemporal properties of HbO and HbR DOT CAPs, with the latter contrast having a more 

structured transitional organization. Overall, this dissertation establishes a novel DOT-based 

framework and reveals insights into the spatiotemporal functional organization of networked brain 

activity from multiple hemodynamic contrasts in healthy humans under resting conditions. 
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1. Introduction 

 

The human brain is a complex interconnected structure that forms networks that efficiently 

communicate (Ward, 2003) to achieve brain function (Park and Friston, 2013). The brain remains 

active in the absence of tasks or external stimuli, i.e., resting state (Buckner et al., 2008). Based on 

fMRI signals recorded under resting-state, numerous experimental works have demonstrated that 

spontaneous low-frequency fluctuations in these signals exhibit temporal correlations across 

multiple brain regions, forming so-called resting-state network (RSNs) (Biswal et al., 1995). 

Multiple RSNs span regional and distributed cortical areas (Bressler and Menon, 2010, Riedl et 

al., 2016) and are reproducible in healthy individuals (Damoiseaux et al., 2006b). Alterations of 

RSNs have been reported in major neurological and psychiatric disorders (Agosta et al., 2012, 

Buckner et al., 2008), which suggests significant clinical value in further studying and 

understanding RSNs (Fox and Raichle, 2007).  

In the functional neuroimaging field, RSNs are often characterized by second-order statistical 

relationships between recordable brain signals, typically referred to as functional connectivity 

(FC). Recently, increasing evidence from fMRI data suggests that the brain’s FC is nonstationary 

over a scan involving dynamic reconfiguration into transient states resulting in temporal changes 

in RSNs (Preti et al., 2017, Allen et al., 2014a, Chang and Glover, 2010, Liu et al., 2013, Hutchison 

et al., 2013a). This idea of the brain being a dynamic system under resting conditions is further 

supported by studies on electrical brain signals in animals (Matsui et al., 2019) and humans (Lei 

Ding, 2021). The dynamic FCs (dFCs) have neurobehavioral significance (Allen et al., 2014b, 

Hutchison et al., 2013b, Rosenberg et al., 2016, Kelly et al., 2008) and relevance to vigilance 

(Thompson et al., 2013a), sustained attention (Zuberer et al., 2021), and clinical issues, especially 
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in understanding altered connectivity in schizophrenic (Damaraju et al., 2014), Alzheimer’s (Jones 

et al., 2012), and depression (Demirtaş et al., 2016) patients. 

Although the spatiotemporal properties of FCs have been studied using different functional 

imaging modalities, resting-state fMRI remains the de facto gold standard in this field. This 

dominance of fMRI in studying FCs is attributed to its ability to image the whole human brain 

with a high spatial resolution (at the millimeter level) and reproducibility (Chen et al., 2008, 

Damoiseaux et al., 2006b). However, the technical limitations of fMRI are increasingly 

acknowledged in the research community, requesting more accessible imaging modalities. Firstly, 

from the perspective of signals, the fMRI’s BOLD signal is primarily sensitive to concentration 

changes of HbR (Buxton, 2013), thus only providing one contrast. Secondly, the sampling rate of 

a conventional fMRI machine is low (typically about 0.5 to 1 Hz). This low sampling rate makes 

it difficult to resolve the aliasing noise problem  (Lowe et al., 1998) in hemodynamic signals 

caused by non-neuronal but systematic sources from respiration and blood circulation (Lowe et 

al., 1998, Tong et al., 2011). Thirdly, MRI scanners have a loud operating noise due to the 

energization of the coils. The background noise of an MRI device can exceed 120 dB (Price et al., 

2001). Such a loud pulsating noise is potentially disturbing to the participant. It also activates parts 

of the brain (Rondinoni et al., 2013), thus introducing bias in estimating RSNs (Gaab et al., 2008). 

Fourthly, fMRI machines are prone to head motion, which mandates that the participant’s head be 

strapped. Thus, it becomes challenging to scan children and infants without sedation which may 

itself alter RSNs (Stamatakis et al., 2010). Fifthly fMRI devices are typically not portable and are 

usually expensive to procure, operate and maintain, thus limiting their use cases to a laboratory 

setting. Sixthly, the population with body implants that are not MRI compliant cannot undergo an 

MRI scan, nor patients with claustrophobia.  
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DOT, an optical-based technology, is used as a complementary functional neuroimaging 

modality to fMRI (Wheelock et al., 2019). It is a noninvasive tomographic modality based on 

functional near-infrared spectroscopy (fNIRS) instruments (Ferrari and Quaresima, 2012). DOT 

can reconstruct cortical signals from surface recordings, which is mathematically an inverse 

problem and usually requires modeling light propagation within head tissues (see Section 2.2). The 

sampling rate of a DOT system is about 5 to 10 times higher than a typical fMRI machine (Ferrari 

and Quaresima, 2012), which gives DOT the capability to address the aliasing noise  (Lowe et al., 

1998) in hemodynamic signals as described above. Typically, DOT equipment is portable, low-

cost, and not as bulky as fMRI scanners and, therefore, more accessible to diverse populations, 

including individuals with non-MRI-compliant implants (Bortfeld, 2019), neonates (Mintzer and 

Moore, 2019), bedridden patients (Mathieu et al., 2020), and patients undergoing surgeries (Frogel 

et al., 2019, Serraino and Murphy, 2017). Establishing a capacity to use DOT equipment to study 

the brain’s FC can thus significantly extend our capabilities to investigate new basic and clinical 

questions about the functions of the human brain. 

Taking advantage of the portability of fNIRS instruments, DOT has been reported in multiple 

resting-state studies in adults (White et al., 2009, Eggebrecht et al., 2014, Aihara et al., 2020) and 

neonates (White et al., 2012, Ferradal et al., 2016). These studies have collectively demonstrated 

the ability of DOT to image functional brain networks under resting conditions and have further 

demonstrated the similarities between RSNs obtained by DOT and fMRI (Eggebrecht et al., 2014). 

However, most of these studies have used limited spatial coverage (see Table 2-1).  

To further establish DOT-based technologies in studying resting-state brain activity beyond 

the existing literature, we need to achieve a whole-head optode coverage to reconstruct brain-wide 

distributed networks because resting-state brain activity is a brain-wide phenomenon (Bressler and 
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Menon, 2010). Furthermore, the similarity and difference between RSNs obtained from HbR and 

HbO should be quantitatively compared comprehensively. Such a comparison has not been 

sufficiently addressed, while the sensitivity to both HbR and HbO is one of the important 

advantages of fNIRS signals over fMRI signals. Finally, DOT RSN studies have primarily focused 

on generating static cortical maps. In contrast, there is increasing evidence that the brain’s FC is 

nonstationary, as described above. Therefore, there is potential for studying the temporal structure 

of the networked brain activity of resting-state DOT data.  

 

This dissertation comprises several projects that are reported in different chapters. The 

relationship between these chapters and projects is illustrated in Figure 1-1. Chapter 2 gives a brief 

  

Figure 1-1 Relationship of multiple projects comprising the dissertation 
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introduction to the technique of DOT. First, the fundamental principles of fNIRS followed by DOT 

are described. Then, a brief literature review of RSNs followed by RSNs reconstructed using DOT 

imaging is provided. Chapter 3 introduces a new computational framework for studying 

networked brain activity using fNIRS data. The proposed framework integrates a cap-based whole-

head optode placement system with multiple computational approaches to reconstruct brain 

networks in dual contrasts of HbO and HbR. Chapter 4 provides the evaluation of the framework. 

First, using simulation data, point-spread function-based metrics are used to quantify the system's 

spatial resolution. Later, the spatiotemporal patterns of brain activations involving motor control 

are studied using task-based experimental data.  

Chapter 5 applies the framework to resting-state fNIRS data from healthy participants 

reconstructing multiple RSNs in HbO and HbR contrasts. The spatial patterns of these networks 

from the two contrasts are quantitatively compared with each other and to f-RSN templates. 

Chapter 6 studies the brain’s FC using the method of co-activation patterns (CAPs). The results 

provide valuable insights into the spatiotemporal functional organization of the brain at rest. 

Chapter 7 investigate differences between the spatiotemporal properties of CAPs obtained from 

resting-state HbO and HbR DOT data. Chapter 8 summarizes the major work presented in this 

dissertation and discusses its significance.  
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2. Background 

 

2.1 Functional near-infrared spectroscopy 

The possibility of using near-infrared (NIR) light to detect cerebral oxygenation in adults 

noninvasively was first described in a transillumination spectroscopic experiment (Jobsis, 1977). 

Since then, his idea has culminated in the well-known fNIRS technique used to noninvasively 

study brain tissue oxygenation using NIR light in the range of 650-950 nm. See (Chen et al., 2020b, 

Lloyd-Fox et al., 2010, Boas et al., 2014, Scholkmann et al., 2014, von Lühmann et al., 2021, 

Yeung, 2021, Pinti et al., 2020, Ferrari and Quaresima, 2012, Quaresima and Ferrari, 2019) for 

reviews on studying brain function using fNIRS. 

The principle of fNIRS is illustrated in Figure 2-1. Light emanating from a light source enters 

the head and passes through multiple layers of head tissues such as the scalp, cranium, brain-

protective membranes, and cerebrospinal fluid (CSF). After much absorption, reflection, and 

scattering, light photons penetrate the cortex and interact with chromophores such as hemoglobin 

molecules in their oxygenated (HbO) and deoxygenated (or reduced) (HbR) states. The 

concentrations of these chromophores are coupled to cerebral hemodynamics and neuronal activity 

by a cascade of metabolic processes in what is known as neurovascular coupling (NVC) (Buxton, 

2009). The photons eventually move away from the cortex towards the scalp and emit out of the 

head, where they are detected using sensitive photodetectors and converted to voltage signals. 

These signals are fed to a computer and are used to estimate relative changes in the concentration 

of HbO and HbR in the region being interrogated. Under resting state, the fNIRS signal represents 

a mixture of (i) non-evoked (spontaneous) neurovascular coupling and (ii) systemic physiological 

processes, for example, respiration and heart pulsation, etc. (Scholkmann et al., 2014).    
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Usually, the fNIRS detector is a photodiode, and the source is an LED or a laser. Figure 2-2 

shows examples of how these optodes can be arranged on a participant’s head. The optode 

arrangement can be in the form of patches (Figure 2-2A-D) or distributed across the head (Figure 

2-2A-D). The inter-optode distance (IOD) defines the distance between the source and detector 

and is critical to obtaining a neuronally relevant signal. Generally, a larger IOD enables a deeper 

head region to be interrogated. However, too large an IOD will render the fNIRS signal useless as 

it will represent mostly noise due to severe attenuation of light. Hence, the IOD is carefully chosen 

to strike a balance between depth and signal-to-noise ratio (SNR). While an IOD of about 2 cm is 

sufficient for imaging an infant cortex (Duncan et al., 1995), an IOD of about 3 cm is typically 

used for imaging the adult cortex (Van der Zee et al., 1992).  

 

Figure 2-1 Schematic diagram of fNIRS measurements. 

NIRS light emits from an LED/laser source, enters the head, travels across multiple tissue 

layers in a “banana-shaped” path, emits out of the head and is detected by a NIRS detector. 

The light measurement at a point on the light path is called a channel. SS: Short-separation 

channel, LS: Long-separation channel. 
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Most fNIRS systems, known as CW-fNIRS systems, continuously emit light at multiple 

wavelengths and measure the light intensity at the detectors. The light measurement on the photon 

path (Figure 2-1) is called a channel. This measurement is usually done at the midpoint between 

the source and detector at a depth of half the IOD (Patil et al., 2011). By comparing the emitted 

light intensity 𝐼0 to the detected light 𝐼 intensity, one can measure the light attenuation 𝐴 (unitless): 

 𝐴 = −𝑙𝑜𝑔
𝐼

𝐼0
 2-1 

 

Figure 2-2 Examples of head caps used in DOT studies 

(A) Multi-area patch-based system (Koch et al., 2010) (B) patch-based system on 

somatomotor area (Habermehl et al., 2012), with permission from Elsevier (C) patch-based 

system on the visual area (Eggebrecht et al., 2012), with permission from Elsevier (D) patch-

based system on a large FOV (Eggebrecht et al., 2014), with permission from Springer Nature 

(E) whole-head DOT system (Franceschini et al., 2006), and (F) whole-head DOT system 

(Khan et al., 2021), with permission from IOP Publishing. 
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The light attenuation is related to the chromophore concentrations via a relationship known 

as the Beer-Lambert Law (BLL) (Ingle Jr and Crouch, 1988): 

  2-2 

where ε is the molar extinction coefficient (𝐿 𝑚𝑜𝑙−1𝑐𝑚−1), 𝑐 is chromophore concentration 

(𝑚𝑜𝑙 𝐿−1) and 𝑑 is the path length (𝑐𝑚). BLL assumes that the light is attenuated by absorption 

and follows a straight line. However, this is not suitable for biological tissues such as the brain, 

where scattering dominates the absorption (Boas et al., 2001). To accommodate for the scattering 

and change in photon path length, a modified form of the BLL called modified BLL (MBLL) 

(Delpy and Cope, 1997) is used. 

  2-3 

where DPF (unitless) is the differential pathlength factor that adjusts for the actual path length, 

which is longer than 𝑑 and is about 6.53±0.99 (Duncan et al., 1995). The term 𝐺 accounts for light 

attenuation due to scattering and is not known. Because CW-fNIRS is used in this dissertation, we 

are interested in relative changes in chromophore concentrations rather than absolute 

concentrations, we can cancel out this term and obtain a differential (relative to the baseline state) 

expression: 

  2-4 

 

Using two wavelengths λ1, λ2, and assuming that HbO and HbR chromophores are used, we can 

obtain the following system of linear equations: 

  2-5 
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where the unknowns  , and  are the changes in HbO and HbR concentrations relative 

to the baseline concentrations. The total hemoglobin concentration change can be calculated as a 

sum of these values: 

  2-6 

Over the last two decades, fNIRS has found numerous applications, including basic 

neuroscience research questions (Hoshi and Tamura, 1993, Villringer et al., 1994, Kato et al., 

1993, Meek et al., 1995, Niu and He, 2014), psychology (Cutini et al., 2012), neurodevelopment 

(Lloyd-Fox et al., 2010), psychiatry (Ehlis et al., 2014), neurorehabilitation (Strangman et al., 

2006), economics (Kopton and Kenning, 2014), and brain-computer interface (Naseer and Hong, 

2015), etc. Because of its robustness against movement and high portability, fNIRS has been used 

to study brain activity under naturalistic use cases such as walking (Takeuchi et al., 2016) and 

navigation (McKendrick et al., 2016), and yoga (Dybvik and Steinert, 2021), etc. Furthermore, 

because of its accessibility to diverse populations, fNIRS has been used by individuals with non-

MRI compliant implants (Bortfeld, 2019), neonates (Mintzer and Moore, 2019), bedridden patients 

(Mathieu et al., 2020), and patients undergoing surgeries (Frogel et al., 2019, Serraino and Murphy, 

2017). 

2.2 Diffuse optical tomography 

 

Despite the immense usefulness demonstrated by the fNIRS as described above, it 

nevertheless has several limitations. For example, light measurements from a source-detector pair 

are sensitive to a broad bulk photon path between a source and a detector. Hence, these 

measurements are sensitive to a combination of cerebral and extracerebral tissues. Secondly, each 

fNIRS channel provides only one measurement location. Increasing the number of source-

detectors (SD) pairs can increase measurements. However, the total number of measurement points 
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is still limited. Thirdly, fNIRS channels usually use a relatively constant IOD which probes the 

head at a constant depth from the scalp. Hence fNIRS produces functional topographic maps that 

are not sensitive to depth.  

These limitations are addressed to an extent by DOT, a more advanced algorithmic form of 

fNIRS. DOT uses fNIRS overlapping measurements to reconstruct functional tomographic images 

of the brain (Arridge, 1999, Yodh and Chance, 1995, Bluestone et al., 2001) with spatial resolution 

approaching fMRI (Eggebrecht et al., 2014, Ferradal et al., 2016). DOT offers a relatively cheaper, 

safer, and more portable alternative to conventional functional neuroimaging modalities such as 

fMRI and PET. See (Jacques and Pogue, 2008, Gibson and Dehghani, 2009), and (Wheelock et 

al., 2019) for a review on DOT. 

 

 
Figure 2-3 General framework of Diffuse Optical Tomography. 

MRI structural scan or an age-corrected template is used to create a FEM head model. Optical 

properties are assigned to each tissue type and digitized 3D locations of the optodes are co-

registered onto the model. The Jacobian (also known as sensitivity matrix) is calculated using a 

light-modeling software and is then conditioned. fNIRS measurements are recorded and undergo 

preprocessing such as artifactual channel/segment removal (or correction), and band-pass filtering, 

etc. These processed measurements are inverted using a regularized estimation framework. The 

solution of the inversion is a volumetric time-series at each node/voxel of the head model, which 

can undergo further processing such as smoothing, data reduction, etc. 
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A general framework of DOT is illustrated in Figure 2-3. Mathematically, DOT is an inverse 

problem and can be described by a linear equation: 

 𝑦⃗(𝑡) = 𝐴𝑥⃗(𝑡) 2-7 

where the forward operator 𝐴 describes how the changes in optical properties 𝑥⃗(𝑡) are mapped to 

the changes in observed fNIRS light measurements 𝑦⃗(𝑡). Therefore, a typical DOT algorithm 

consists of (1) a forward problem and (2) an inverse problem. In the context of imaging the human 

brain, the forward model approximates the aggregate photon propagation within the different 

layers of the head tissues starting from a light source to a light detector.  

A finite-element-method (FEM) model is usually generated by segmenting an MRI structural 

image of an individual to model the human head. The FEM head model is parameterized by the 

spatial distribution of optical tissue properties such as absorption and scattering coefficients, etc. 

A relationship between the changes in these optical properties to the changes in surface light 

measurements on the scalp is calculated in a Jacobian, also called a sensitivity matrix. This matrix 

is the forward operator 𝐴 in Eq. 2-7. In the inverse problem, the head’s optical properties are 

estimated such that the predicted or simulated measurements match the physical measurements 

from the fNIRS device, using light measurements and the forward model. These estimates in the 

form of tomographic functional maps are further used to infer brain activity.  

2.2.1 Forward problem 

 

This section will briefly describe how to arrive at Eq. 2-7. A set of partial differential 

equations (PDE), collectively called the radiative transport equation (RTE), can be used to model 

light transport in biological tissues as a flow of energy emitted from an isotropic light source 

(Arridge, 1999). For computational ease, the diffusion approximation (DA) to the RTE is used. 

The frequency-domain form of the DA equation is given by: 
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 −𝛻 ⋅ 𝜅(𝑟)𝛻𝛷(𝑟, 𝑤) + (𝜇𝑎(𝑟) +
𝑖𝑤

𝑐𝑚(𝑟)
)𝛷(𝑟,𝑤) = 𝑞0(𝑟,𝑤) 2-8 

where 𝜅(𝑟) = 1/3(𝜇𝑎(𝑟) + 𝜇𝑠
′(𝑟)) is the diffusion coefficient (also known as the diffusion length 

coefficient (Jacques and Pogue, 2008), 𝜇𝑎(𝑟) and 𝜇𝑠
′(𝑟) are the absorption and scattering 

coefficients respectively at location 𝑟. The reduced form of the scattering coefficient 𝜇𝑠
′(𝑟) =

𝜇𝑠(𝑟) ⋅ (1 − 𝑔) is typically used instead of the 𝜇𝑠(𝑟̅) since the biological tissues provide a highly 

scattering anisotropic media for near-infrared light, where 𝑔 is the anisotropy coefficient. The 

photon fluence rate 𝛷(𝑟,𝑤) at location 𝑟 is a scalar function (unit: power/area) of the angular 

modulation frequency 𝑤. The speed of light in the medium is 𝑐𝑚(𝑟) = 𝑐/𝑛(𝑟), where 𝑐 is the 

speed of light in a vacuum and 𝑛(𝑟) is the index of refraction at the location 𝑟. The isotropic light 

source, represented by light intensity 𝑞0(𝑟,𝑤), is used to ensure the validity of DA assumption. 

Furthermore, the DA is valid provided the following assumptions are met (Jacques and Pogue, 

2008): isotropic light radiance; changes of light fluence are much slower than a photon’s travel 

time over the mean free path (MFP), where MFP=3𝜅(𝑟); and much more scattering than 

absorbing, i.e. 𝜇𝑠
′ (𝑟) ≫ 𝜇𝑎(𝑟). These conditions are sufficiently met in imaging the human brain. 

The brain tissues inside the skull are away from the light sources on the scalp at the depth 

sufficiently larger than the MFP, beyond which the light radiance is isotropic. Moreover, light 

fluence changes modulated by the slow hemodynamic variations are on the order of seconds 

compared to the travel time of photons which is on the order of picoseconds.  

Since a CW-NIRS system is used in this dissertation, where 𝑤 = 0, the Eq. 2-8 can be 

simplified to: 

 (𝛻2 −
𝜇𝑎

𝜅(𝑟)
)𝛷(𝑟) = −

𝑞0(𝑟)

𝜅(𝑟)
 2-9 

Since the human head has a complex geometrical shape and contains optically 
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inhomogeneous tissues, the Eq. 2-9 can be solved numerically using the FEM approach (Arridge, 

1999) that builds linearized approximations to PDEs based on the volumetric meshes derived from 

a structural 3D MRI head image. Subject-specific structural MRI scan data or age-corrected atlases 

may be used to create the FEM mesh (Ferradal et al., 2014). A FEM mesh of a human head (see 

Section 3.2.2) typically has hundreds of thousands of tetrahedral elements. A smaller sized-

element results in a more accurate solution but at the cost of increased computational time 

(Doulgerakis-Kontoudis et al., 2017).  

The Rytov approximation and Green’s functions method (Arridge, 1999, O'Leary et al., 1995) 

are used to solve Eq. 2-9. The solution is discretized into a set of SD pair measurements (Wheelock 

et al., 2019): 

 𝑦(𝜆) = − 𝑙𝑛
𝛷

𝛷0
= −∑

𝑉𝑖

𝜅(𝑟𝑖)
⋅
𝐺(𝑟𝑠, 𝑟𝑖, 𝜆) ⋅ 𝐺(𝑟𝑑, 𝑟𝑖, 𝜆)

𝐺(𝑟𝑠, 𝑟𝑑 , 𝜆)
𝛥𝜇𝑎(𝑟𝑖)

𝑁

𝑖

 2-10 

where,𝛷0 is the baseline fluence rate, 𝑉𝑖 is the tetrahedron volume at the location 𝑟𝑖, and N is the 

total number of nodes in the volume mesh. The terms 𝐺(𝑟𝑠, 𝑟𝑖, 𝜆) and 𝐺(𝑟𝑑, 𝑟𝑖, 𝜆) are the Green’s 

functions that represent the spatial sensitivity at the location 𝑟𝑖 due to the sources and detectors 

placed at locations 𝑟𝑠and 𝑟𝑑, respectively. Green’s functions are dependent on the geometry of the 

media. The normalizing term 𝐺(𝑟𝑠, 𝑟𝑑) is the Green’s function of the source evaluated at the 

detector's location . Note that 𝐺(𝑟𝑠, 𝑟𝑑) ≡ 𝐺(𝑟𝑑, 𝑟𝑠) due to the reciprocity theorem of 

electromagnetic radiation (Case and Zweifel, 1967). The Rytov approximation 𝛿𝛷 = 𝑙𝑛 (
𝛷

𝛷0
) 

provides a normalizing effect for the small errors in the optical properties. For CW-fNIRS, 𝛿𝛷 =

𝑙𝑛 (
𝐼

𝐼0
) where 𝐴 is the amplitude of measured fNIRS light intensity. Eq. 2-7 is a time-dependent 

form of Eq. 2-10, where, 𝑦⃑(𝑡) = − 𝑙𝑛 (
𝐼(𝑡)

𝐼0(𝑡)
)  are differential light measurements (also known as 
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optical density, OD), 𝐴 = −∑
𝑉𝑖

𝜅(𝑟𝑖)
⋅

𝐺(𝑟𝑠,𝑟𝑖,𝜆)⋅𝐺(𝑟𝑑,𝑟𝑖,𝜆)

𝐺(𝑟𝑠,𝑟𝑑,𝜆)

𝑁
𝑖 , and 𝑥⃑(𝑡) = 𝛥𝜇⃗𝑎(𝑡) represents a vector of 

changes in absorption coefficients at each node of the FEM mesh, which is unknown and 

estimated. The Jacobian is a 𝑁𝑀 × 𝑁𝑁 matrix having the following structure: 

 𝐴 =

[
 
 
 
 

𝛿 𝑙𝑛 𝐼1
𝛿𝜇𝑎1

⋯
𝛿 𝑙𝑛 𝐼1
𝛿𝜇𝑎𝑁𝑁

⋮ ⋱ ⋮
𝛿 𝑙𝑛 𝐼𝑁𝑀

𝛿𝜇𝑎1
⋯

𝛿 𝑙𝑛 𝐼𝑁𝑀

𝛿𝜇𝑎𝑁𝑁 ]
 
 
 
 

 2-11 

 

where 𝑁 is the number of FEM mesh nodes, and 𝑀 is the number of fNIRS measurements. This 

matrix can be calculated using publicly-available FEM modeling software such as Nirfast 

(Dehghani et al., 2009a)  and TOAST++(Schweiger and Arridge, 2014). The matrix 𝐴 can also be 

calculated using Monte Carlo Methods (MCM) (Wang et al., 1995, Boas et al., 2002). MCM 

provides a more accurate solution than DA, mainly corresponding to the superficial layers of the 

FEM model, however, at an increased computational cost. Whereas DA-based solutions are 

computationally-efficient and can handle large FEM mesh size and channel size (Wu et al., 2015). 

Notice that 𝑦⃑(𝑡) and 𝐴 are wavelength-dependent and so, the Jacobian must be calculated 

separately for both wavelengths. Furthermore, the Jacobian must be smoothed prior to be used for 

inversion (Section 2.2.2).  

2.2.2 Inverse problem 

 

The objective of the inverse problem is to estimate the changes in optical properties at every 

node of the FEM mesh in the solution source space using fNIRS measurements and the Jacobian 

A. This inverse problem is typically solved using a single-step inversion (Wheelock et al., 2019). 

The inversion can also be iterative (Dehghani et al., 2009a), resulting in a more accurate solution 

but is computationally more expensive. The single-step inversion (e.g., Eq. 3-6) is computationally 



16 
 

 

feasible and has been used successfully in several studies (Culver et al., 2003, Eggebrecht et al., 

2014, White et al., 2009, Eggebrecht et al., 2012, Ferradal et al., 2016). The DOT problem is highly 

ill-posed and underdetermined (Wheelock et al., 2019). Therefore, irrespective of which technique 

of inversion is utilized, the inversion must be regularized to avoid overfitting the solution to the 

data. Once the changes in optical properties are estimated for each wavelength, the changes in 

concentrations of chromophores relative to the baseline concentrations can be calculated using a 

constrained least-squares fit to the Beer-Lambert Law relation: 

 𝜇⃗𝑎 = E𝑐 2-12 

where 𝜇𝑎 is the vector containing absorption coefficients of the chromophores (HbO and HbR), 𝑐 

is the vector containing the concentration of these chromophores, and E is the molar extinction 

coefficients matrix. These coefficients are experimentally found for chromophores at different 

wavelengths (Prahl, 1999). 

2.3 Resting-state functional connectivity 

 

The phenomenon of RSNs was discovered using fMRI in the bilateral regions of the 

somatomotor (SM) cortex in the low-frequency band (<0.1Hz) (Biswal et al., 1995). Although this 

seminal report discovered a regional network, there is growing evidence that RSNs are a brain-

wide phenomenon (Bressler and Menon, 2010, Miltner et al., 1999), leading to the idea of large-

scale RSNs. An example of a large-scale RSN is that of the so-called default-mode network (DMN) 

(Raichle et al., 2001, Greicius et al., 2003) (Figure 2-4), which is activated when a person is 

thinking about themselves, others, past events or performing future planning (Buckner et al., 

2008). This network comprises distributed cortical areas, including the posterior cingulate cortex 

(PCC), medial prefrontal cortex (mPFC), angular gyrus, and medial temporal regions.  
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Figure 2-4 Resting-state networks templates. 

All spatial maps are shown on the standard FreeSurfer cortical surface (gray/white matter 

interface). V = visual, SM = somatomotor, DAN = dorsal attention network, VAN = ventral 

attention network, L = limbic, PCC = posterior cingulate cortex, FPN = frontoparietal 

network, A = auditory, DMN = default mode network, A = anterior, L/R = left/right, Lm/Rm 

= left/right medial wall. Numbers: subnetworks (Yeo et al., 2011). 
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Other examples of distributed large-scale RSNs include frontoparietal network (FPN), dorsal-

attention network (DAN), and ventral-attention network (VAN) (Figure 2-4). It has been 

extensively reported that RSNs exhibit consistencies across participants (Damoiseaux et al., 2006a, 

Yeo et al., 2011) and show significant behavioral correlates (Allen et al., 2014b, Hutchison et al., 

2013b, Rosenberg et al., 2016, Kelly et al., 2008) as well as clinical abnormalities in major 

neuropsychiatric disorders (Fox and Greicius, 2010). 

A popular and relatively straightforward method of calculating RSNs is the so-called seed-

based connectivity analysis (SCA). In SCA, a “seed” is first chosen, which can be a voxel time 

series or an average of the timeseries of a region-of-interest (ROI), i.e., a collection of co-located 

voxels in the imaging area of the participant’s head (Figure 2-5). Then the correlation between the 

seed’s timeseries and the timeseries of all other voxels or ROI is calculated. Statistically 

thresholded maps of these correlations describe the RSN (Brookes et al., 2016). SCA is highly 

dependent on the seed location, thereby biasing the RSN to this choice (Cole et al., 2010). Thus, 

the total number of RSNs becomes equal to the number of seed choices. Although this number can 

be reduced by using only the ROIs, it introduces another problem; defining the ROI. On the other 

 

Figure 2-5 Schematic for seed-based correlation analysis. 
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hand, the data-driven independent component analysis (ICA) approach is not dependent on the 

selection of seed locations and can simultaneously reconstruct multiple RSNs (Calhoun et al., 

2001, Chen et al., 2008, Damoiseaux et al., 2006b, Brookes et al., 2011, Smith et al., 2009a, 

Beckmann et al., 2005). RSNs calculated from ICA analysis have been shown to be similar to 

SCA-derived RSNs, although these two are not identical (Van Dijk et al., 2010, Joel et al., 2011). 

 Although the brain’s FC at rest is extensively studied, the exact neurophysiological 

mechanisms underlying these correlations remain elusive. In fMRI, increasing evidence has been 

documented that such resting-state FCs are nonstationary over a scan (Preti et al., 2017, Allen et 

al., 2014b, Chang and Glover, 2010). In contrast to static FCs over the entire scanning window, 

estimations of FCs over sequential sliding-time windows (either partially overlapped or non-

overlapped) within a scan have led to the so-called dynamic FCs (dFC). It has been further 

suggested that dFCs potentially have higher sensitivities than static FCs for correlating with 

behavioral and disease conditions (Damaraju et al., 2014, Hutchison et al., 2013a). FCs are time-

varying and have motivated numerous animal and human studies to identify potential 

neurophysiological events responsible for correlation-based FCs observed in brain signals, leading 

to several candidate hypotheses. 

 Brain-wide propagating activity, characterized by wave-like recurring patterns (at mesoscopic 

and macroscopic levels), is one of these hypotheses behind FCs (Muller et al., 2018). Propagating 

wave dynamics of large-scale spontaneous neural networks have been reported in animals (Huang 

et al., 2010, Stroh et al., 2013, Steriade et al., 1993, Luczak et al., 2007) and humans  (Halgren et 

al., 2019, Gu et al., 2021, Raut et al., 2021, Massimini et al., 2004). For example, globally 

distributed cortical waves have been recorded using optical imaging in mice at a timescale of 

seconds (Matsui et al., 2016). Similarly, lateral-to-medial propagating waves in rats (Majeed et al., 
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2011, Majeed et al., 2009) and global wave patterns in humans (Raut et al., 2021) have been 

reported in blood-oxygen-level-dependent (BOLD) signals. In humans, more types of propagating 

activities have been observed, including alternating activation waves between the DMN and task-

positive networks (TPNs) (Majeed et al., 2011, Yousefi et al., 2018) and directionally constrained 

waves along the spatial axis representing the cortical hierarchical organization (Gu et al., 2021). 

These waves may be the underpinnings of correlational structures in resting-state FCs (Matsui et 

al., 2019), or at least critical in shaping the dynamics in resting-state FCs (Gu et al., 2021), and 

potentially with novel information about brain functional organizations in parallel to correlational 

FCs (Majeed et al., 2011). 

 The second hypothesis proposes that resting-state FCs are driven by short-lived coactivation 

patterns (CAPs)  (Liu and Duyn, 2013). These CAPs are obtained via a point process analysis 

focusing on selected fMRI frame data surrounding regional peaks (Tagliazucchi et al., 2011, Cifre 

et al., 2020). Strong correspondences between these transient events and resting-state FCs are 

reflected in their spatial patterns (Liu et al., 2013), and CAPs account for significant variances 

describing resting-state FCs (Tagliazucchi et al., 2016). Recent clustering studies on the entire 

fMRI frame data further indicate that similar coactivation patterns exist beyond local peaks of 

fMRI activity in predefined regions-of-interests, leading to the detection of the so-called manifold 

recurring brain-wide CAPs (Gutierrez-Barragan et al., 2019), while their relationship to resting-

state FCs is yet to be established. Moreover, CAPs have been recently reported in neuronal 

electrical signals in both animals (Matsui et al., 2019) and humans (Ding et al., 2021). An obvious 

advantage of CAP-based analysis is to allow interrogation of dFCs at fine temporal scales down 

to single timeframes (Liu et al., 2018b), eliminating the need for a priori selected sliding windows 

as typically required in correlational methods. Moreover, CAP studies have shown clinical 
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relevance (Liu et al., 2018b, Yang et al., 2021, Marshall et al., 2020, Rey et al., 2021, Kaiser et al., 

2019, Zhuang et al., 2018). 

 The third hypothesis is global brain activity, linked to a well-known phenomenon in fMRI 

data analysis that is currently still under debate (Liu et al., 2017), i.e., global signal (GS). The 

anticorrelated DMN and TPNs, for example, have shown a strong positive correlation under the 

influence of GS, resulting in global brain activity patterns (Yousefi et al., 2018). Furthermore, 

global brain activity has been observed as transient brain states during brain-wide propagating 

waves (Matsui et al., 2019). GS is defined as the time series of intensity averaged across imaging 

voxels in fMRI, which is usually regressed out in the preprocessing of fMRI data (Desjardins et 

al., 2001, Aguirre et al., 1998), as it is believed that physiological noise substantially contributes 

to it (Liu et al., 2017). However, recent studies have demonstrated that GS may contain neuronally 

relevant information (Murphy and Fox, 2017, Schölvinck et al., 2010) and is primarily modulated 

by the fluctuating state of arousal (Wong et al., 2013, Chang et al., 2016, Liu et al., 2018). While 

GS is known for affecting FC analysis (Murphy et al., 2009, Fox et al., 2009, Murphy and Fox, 

2017), it also drives dFC patterns (Chang et al., 2009). All these facts support the potential role of 

global brain activity in generating resting-state FCs. 

   



22 
 

 

 

T
ab

le 2
-1

 E
x
am

p
les o

f D
O

T
 restin

g
-state stu

d
ies 

S
tu

d
y

 
N

 
S

tate
 

A
g
e 

(Y
ear) 

 
C

o
n

. 
T

y
p
e 

#
S

-D
 

#
C

h
 

S
R

 

(H
z) 

B
P

F
 

(H
z) 

G
S

R
 

S
h

o
rt 

ch
an

n
el 

(m
m

) 

λ
(n

m
) 

A
cq

. 

T
im

e 

(m
in

) 

F
O

V
 

F
E

M
 

m
o

d
el 

F
o
rw

ard
 

so
lv

er 

In
v

erse 

m
eth

o
d

 

C
h

ro
m

. 
#
R

S
N

s 
R

S
F

C
 

m
eth

o
d

 

D
im

 

(W
h
ite et al., 

2
0
0
9
) 

5
 

E
O

/S
it 

2
4
-2

7
 

 
H

ealth
y

 
C

W
 

V
:2

4
S

/2
8
D

 

S
M

:1
8
S

-

2
8
D

 

N
R

 
1

0
 

0
.0

0
9

-

0
.5

 

Y
 

1
3
 

7
5

0
/8

5
0

 
1

0
-1

5
 

S
M

, V
 

2
-lay

er  
N

irfast 
M

P
G

IS
P

R
 

H
b
O

/R
,to

tal 
2
 

S
B

C
A

 
S

P
 

(W
h
ite et al., 

2
0
1
2
) 

8
 

S
leep

 
<

1
0
w

 
 

3
H

ealh
ty

  

5
p
reterm

 

w
ith

 d
ifferen

t 

co
n
d
itio

n
s 

C
W

 
1
8
S

/1
6
D

 
1

0
6

 
1

0
.7

8
 

0
.0

0
9

–

0
.0

8
 

Y
 

1
0
 

7
5

0
/8

5
0

 
1

0
-2

0
 

V
 

In
fan

t 

T
2

 

atlas,  

N
irfast 

M
P

G
IS

P
R

 
H

b
O

/R
, 

to
tal 

1
 

S
B

C
A

 

IC
A

 

S
P

 

(E
g
g
eb

rech
t 

et al., 2
0
1
4
) 

8
 

E
O

/S
it 

2
1
-4

5
 

 
H

ealth
y

 
C

W
 

9
6
S

/9
2
D

 
~

1
2

0
0

 
1

0
 

0
.0

0
9

–

0
.0

8
 

Y
 

1
3
 

7
5

0
/8

5
0

 
1

0
 

O
, p

arts 

b
ilateral  

P
arietal, 

tem
p

o
ral, 

fro
n

ta
l co

rtex
 

S
u

b
. 

T
1

/T
2

 

5
-lay

er 

N
irfast 

M
P

G
IS

P
R

 
H

b
O

/R
 

6
 

S
B

C
A

 
S

P
 

(F
errad

al et 

al., 2
0
1
6
) 

9
 

S
leep

 
<

2
d
ay

s 

n
eo

n
ates  

H
ealth

y
 

C
W

 
3
2
S

/3
4
D

 
N

R
 

1
0
 

0
.0

0
9

–

0
.0

8
 

Y
 

1
0
 

7
5

0
/8

5
0

 
2

0
-6

0
 

O
, T

, IP
 

S
u

b
. 

T
1

/T
2

 

4
-lay

er 

N
irfast 

N
R

 
H

b
O

/R
 

3
 

S
B

C
A

 

IC
A

 

S
P

 

(A
ih

ara et al., 

2
0
2
0
) 

2
0
 

E
O

/sit 
2
1
-3

8
 

 
H

ealth
y

 
C

W
 

3
2
S

/3
2
D

 
L

S
:9

6
 

S
S

:5
6

 

1
8
.5

 
0

.0
0
9
-

0
.0

8
 

N
 

1
3
 

7
8
0
/8

0
5
 

8
3

0
 

1
0
 

B
ilateral 

F
ro

n
ta

l 

p
arietal 

S
u

b
. T

1
 

5
-lay

er 

M
C

X
 

H
B

-D
O

T
 

H
b

O
/R

 
1
9
 

R
O

I b
ased

 

co
rrelatio

n
 

an
aly

sis 

S
P

 

(K
h
an

 et al., 

2
0
2
1
) 

1
3
 

E
O

/sit 
3
1
.7

 
 

H
ealth

y
 

C
W

 
3
4
S

/3
1
D

 
L

S
:1

0
9

 

S
S

:8
 

6
.2

5
 

0
.0

0
9

-

0
.2

 

Y
 

8
 

7
6

0
/8

5
0

 
6

 
W

h
o

le
 

4
-lay

er 
N

irfast 
M

N
E

 
H

b
O

/R
 

1
1

 
IC

A
 

S
P

 

λ
: w

av
elen

g
th

, E
O

: E
y
es-C

lo
sed

, E
O

: E
y
es-O

p
en

, F
O

V
: F

ield
-o

f-V
iew

, IC
A

: In
d

ep
en

d
en

t co
m

p
o

n
en

t an
aly

sis, IP
: In

ferio
r 

p
arietal, M

P
G

IS
P

R
: M

o
o
re-P

en
ro

se g
en

eralized
 in

v
erse w

ith
 sp

atially
 v

arian
t reg

u
larizatio

n
, N

: N
u
m

b
er o

f p
articip

an
ts, N

R
: 

N
o
t rep

o
rted

, O
: O

ccip
ital, S

B
C

A
: S

eed
-b

ased
 co

rrelatio
n
 an

aly
sis, S

-D
: S

o
u
rce-D

etecto
r, S

M
: S

o
m

ato
m

o
to

r, S
P

: S
p
atial, T

: 

tem
p
o
ral, V

: V
isu

al, Y
: Y

es 



23 
 

 

It is important to note that these three phenomena (i.e., propagating waves, CAPs, and 

global brain activity) have shown linkages among each other. As discussed above, propagating 

waves are of global nature (Stroh et al., 2013). Manifold recurring brain-wide CAPs have been 

suggested to be phase-locked to GS in rodents (Gutierrez-Barragan et al., 2019, Ma et al., 2020). 

Furthermore, a recent mice study (Matsui et al., 2016) using wide-field optical imaging 

concurrently monitoring calcium and hemodynamic signals indicates all three phenomena in both 

neuronal spiking and hemodynamic data in which transient CAPs are embedded in globally 

propagating waves. These three phenomena have been studied separately in both animals and 

humans. Studies indicating their potential connections have been largely performed on animal 

models (Gutierrez-Barragan et al., 2019, Matsui et al., 2016, Ma et al., 2020), and the 

understanding of their interactions in humans remains sparse.  

2.4 DOT RSNs 

DOT is gaining an interest in the functional neuroimaging community to study brain activity 

due to its high accessibility. However, a majority of DOT studies have utilized a task-based 

paradigm, while resting-state studies remain sparse. A list of major DOT resting-state studies is 

provided in Table 2-1. Most of these studies are reported using CW-fNIRS instruments with patch-

based optode montages providing limited brain coverage. Interestingly, these studies have assumed 

that brian’s FC across a scan is stationary. Therefore, these studies have reported only static RSNs. 

In contrast, whole-head DOT dFCs have not been reported to the best of our knowledge.  

DOT RSNs were first reported in a seminal work, demonstrating the feasibility of studying 

RSNs in human adults using DOT technology (White et al., 2009). They used a two-layer head 

model with high-density optode patches (smallest IOD: 13 mm) on the SM and visual cortical 

areas. Using regularized single-step inversion and SCA, they obtained RSNs of HbO, HbR, and 
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total hemoglobin contrasts covering bilateral areas in the SM and visual cortices. They also 

demonstrated that while there was a strong correlation within a network’s bilateral regions, there 

was little correlation between regions of the two networks. Furthermore, these RSNs could be 

obtained at the participant level and across sessions.  

The work of White et al. (2009) was later extended, via creating new configurations of 

rectangular high-density optodes (smallest IOD: 13 mm)  for curved head surfaces, to cover an 

even larger area of the underlying cortex and achieve gyrus-level spatial resolution for mapping 

cortical activations (Eggebrecht et al., 2014). Their optode cap (Figure 2-2D) included 96 sources 

and 92 detectors using about 1200 channels. Using SCA, this study mapped six RSNs, including 

the visual, ventral motor, auditory, frontoparietal control (FPC), DAN, and DMN. The spatial maps 

of these networks shared correspondences with those obtained from fMRI data. However, the 

mPFC and precuneus nodes for DMN and dorsal nodes for the motor network were missing as no 

optodes covered those corresponding surface measurement areas. Both of the above-mentioned 

studies utilized customized patch-based configurations for equal-distance optode placements, 

which could effectively control the density of optodes and precisely assess their performances 

based on calculable metrics such as localization error and effective resolution, etc. (Wheelock et 

al., 2019).  

Departing from the patch-based approach, a DOT RSN study used a cap-based configuration 

for optode placements using 32 sources and detectors effectively covering bilateral frontal and 

parietal areas (Aihara et al., 2020). Because of limited coverage, only about 20 regions were 

studied for connectivity analysis. Nevertheless, the study demonstrated that DOT could be used to 

image functional brain networks under resting conditions and further demonstrated the similarities 

between RSNs obtained by DOT and fMRI. This work also provided evidence that the cap-based 
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optode placement, which usually could not control inter-optode distances to be equal to the patch-

based optode placement, could be used for DOT-based RSN studies.  

Taking advantage of the portability of fNIRS instruments, DOT-RSNs have also been 

reported in bedside monitoring of preterm neonates under intensive care. For example, (White et 

al., 2012) used a high-density (smallest IOD: 10 mm) rectangular optode patch with 18 sources 

and 16 detectors covering the posterior part of the head. This study involved monitoring three full-

term healthy babies and five preterm babies with medical conditions of varying degrees. Using 

SCA, their results showed strong bilateral correlations in the visual cortex in healthy babies but 

unilateral correlation patterns in a preterm baby with an occipital stroke, demonstrating the 

sensitivity of DOT to neuronal injury. Furthermore, because the SCA method is sensitive to the 

choice of seed location (see Section 2.3 of this dissertation), the authors of this study also 

reconstructed the RSNs using the ICA method, which showed results similar to those obtained 

using the SCA method.   

The work of White et al. (2012) was later extended in another study (Ferradal et al., 2016)  on 

full-term neonates to study their neurodevelopment. They used a larger high-density (smallest 

IOD: 10 mm) rectangular optode patch with 32 sources and 34 detectors covering more functional 

brain areas. Using SCA to obtain RSNs showed strong bilateral correlation patterns in the visual, 

middle temporal, and auditory networks. These results also showed similarity to ICA-based 

reconstructions and SCA-based reconstructions using fMRI. 

These studies have collectively demonstrated the ability of DOT to image functional brain 

activity under resting conditions and have further demonstrated the similarities between RSNs 

obtained by DOT and fMRI (White et al., 2012, Eggebrecht et al., 2014, Ferradal et al., 2016, 

Aihara et al., 2020). However due to the limited spatial coverage of optodes, these studies either 
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reported missing nodes for distributed networks (Eggebrecht et al., 2014) or limited functional 

connectivity between pre-selected anatomical regions (Aihara et al., 2020). Mapping a large 

number of brain-wide RSNs has the significance in 1) providing a better perspective on the 

membership of distributed nodes for individual RSNs; 2) building the possibility of mapping 

whole-brain inter-RSN connectivity maps as in fMRI (Bressler and Menon, 2010), which have 

demonstrated insights to basic neuroscience questions (De Luca et al., 2006, Damoiseaux et al., 

2006b) and potential for clinical use (Bressler and Menon, 2010). 

To further establish DOT-based technologies in studying RSNs beyond the existing literature, 

we need to demonstrate that DOT-RSN can simultaneously reveal more brain-wide distributed 

networks under resting conditions, close to the common number of RSNs as revealed by fMRI 

data, e.g., 10 (Damoiseaux et al., 2006b) or 17 (Yeo et al., 2011), as well as to demonstrate the 

sensitivity of detecting all nodes for an RSN. Brain-wide reconstructions are necessary as 

extensive fMRI literature has indicated that most RSNs are widely distributed over the cortex 

(Bressler and Menon, 2010). No missing node is the basic requirement in providing a complete 

picture of each RSN. For example, the missing mPFC node of DMN in a previous DOT RSN study 

(Eggebrecht et al., 2014) is a hallmark in aging or Alzheimer’s disease-related connectivity 

changes (Buckner et al., 2008). Missing nodes also hinder the investigation of inter-node 

connectivity, which is critical in studying pathopsychology in schizophrenia (Du et al., 2016). In 

addition, simultaneous detections of multiple RSNs offer the opportunity to study cross-RSN 

functional connectivity (Power et al., 2011), which has been demonstrated in fMRI with higher 

sensitivity than individual RSNs in detecting abnormal alterations in neuropsychiatric disorders 

(Bressler and Menon, 2010). 
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Furthermore, the similarity and difference between RSNs obtained from HbR and HbO should 

be quantitatively compared comprehensively as such a comparison has not been sufficiently 

addressed while the sensitivity to both HbR and HbO is one of the important advantages of fNIRS 

signals over fMRI signals. Finally, DOT RSN studies have primarily focused on generating static 

cortical maps, whereas there is increasing evidence that the brain’s FC is nonstationary, as 

described above. Therefore, there is potential for studying the temporal structure of the networked 

brain activity of resting-state DOT data.  

In this dissertation, we proposed a new framework termed BW-DOT to simultaneously 

reconstruct multiple dual-contrast brain-wide RSNs over the cortex, using a cap-based whole-head 

configuration for optode placements (Figure 2-2F, Figure 3-1). The CW-fNIRS system consisted 

of adjustable head caps mounting 73 dual-wavelength optodes that provided a field-of-view (FOV) 

covering the majority of the cortex. High-quality FEM models derived from individual MRI scans 

were used to accurately calculate forward light propagations in head tissues. Peripheral sensors, 

together with eight dedicated SS fNIRS channels, were employed to assist in the removal of non-

neuronal signal sources before RSN reconstructions. The utility of FEM models and additional 

channels (both SS channels and peripheral sensors) was to compensate for the limitations of the 

cap-based optode placement configuration in sensitivity profiling and non-neuronal signal 

rejections, respectively, as compared to the patch-based configuration with high-density optode 

placements (Wheelock et al., 2019). Relative concentration changes in HbO and HbR 

chromophores were estimated simultaneously in a single-step joint regularized inverse 

reconstruction procedure. We then used a data-driven approach, i.e., spatial ICA (SICA) (Calhoun 

et al., 2001), to derive a cortical representation of HbO and HbR RSNs. Furthermore, we adopted 

a process of multi-step statistical analyses from our previous work to reconstruct genuine 
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tomography of RSNs with statistical meaning (Li et al., 2018). The BW-DOT framework is 

subsequently applied to resting-state fNIRS data to reconstruct brain-wide RSNs. Moreover, the 

brain’s FC is analyzed using the method of co-activation patterns, which provide valuable insights 

into the spatiotemporal functional organization of the brain at rest.  
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3. Brain-wide diffuse optical tomography 

 

This chapter has been adapted from the following peer-reviewed publication with permission from 

IOP Publishing: 

  

Khan, A. F., Fan Zhang, Han Yuan, and Lei Ding. "Brain-wide functional diffuse optical 

tomography of resting state networks," Journal of Neural Engineering 18, no. 4 (2021): 046069, 

DOI: https://doi.org/10.1088/1741-2552/abfdf9). 

 

3.1 Introduction 

 In this chapter, we proposed a new framework termed BW-DOT to simultaneously reconstruct 

multiple dual-contrast brain-wide RSNs over the cortex, using a cap-based whole-head 

configuration for optode placements (Figure 3-1). This framework is an amalgamation of several 

technologies, which are described one by one in this chapter. 

3.2 The forward problem 

3.2.1 Spectral DOT model 

 

 Like fMRI, where RSNs are obtained from relative fluctuations of hemodynamic signals 

(Buxton, 2013), we focus on CW-DOT advancements in imaging relative changes of HbO and HbR 

concentrations. To estimate concentration changes for both HbR and HbO, two light wavelengths 

of 760 nm (𝜆1) and 850 nm (𝜆2) with the optimal sensitivity to HbR and HbO, respectively, were 

used. Therefore, Eq. 2-10 needs to be solved as an inverse problem (see Section 2.2.2) twice to 

estimate 𝛥𝜇𝑎(𝑡) under two wavelengths. After that, changes in HbR and HbO concentrations are 

found using the spectral decomposition as in Eq. 2-12, where E is the matrix of the extinction 

coefficients of HbR and HbO, and 𝛥𝐶(𝑡) = [𝛥𝐻𝑏𝑅(𝑡);  𝛥𝐻𝑏𝑂(𝑡)] are the vectors of time-varying 

chromophore concentration changes.  

https://doi.org/10.1088/1741-2552/abfdf9
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In the present framework, a spectrally-constraint approach was instead used, which related 

light intensity changes directly to chromophore concentration changes, leading to an inverse 

system less sensitive to measurement noise (Srinivasan et al., 2005) and a single step for joint 

 

Figure 3-1 Brain-wide Diffuse Optical Tomography framework. 

(A) Diffuse optical tomography. Measurements: MRI structural scans, fNIRS recordings from 

cap-based system, auxiliary data from a pneumatic respiratory belt, accelerometer, and 

photoplethysmography sensor; Preprocessing: artifactual channel/segment data removal, band-

pass filtering, and general linear model; Forward modeling: tissue segmentation, generation of 

surface meshes, generation of FE mesh, coregistration of optodes on FE mesh, and generation and 

conditioning of Jacobian matrix; Inverse reconstruction: regularized joint-estimation using 

minimum norm estimation. (B) Spatial ICA for pattern recognition: volumetric spatial 

smoothing, volume to cortical surface projection, group-level spatial ICA, and spatiotemporal 

regression to obtain participant-level spatial maps and time series of ICs. (C) Statistical 

correlation tomography is derived by correlational analysis between the time series of ICs and 

sources at both group-level and participant-level. (Figure adapted from Khan et al. (2021)). 
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estimation of HbR and HbO concentration changes relativeto the baseline concentrations (Section 

3.3). Eq. 2-10 is thus modified as: 

 [
𝛥𝑦⃑𝜆1(𝑡)

𝛥𝑦⃑𝜆2(𝑡)
] = [

𝐴𝐻𝑏𝑅,𝜆1 𝐴𝐻𝑏𝑂,𝜆1

𝐴𝐻𝑏𝑅,𝜆2 𝐴𝐻𝑏𝑂,𝜆2
] [

𝛥𝐻𝑏𝑅⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗(𝑡)

𝛥𝐻𝑏𝑂⃗⃗⃗⃗⃗⃗⃗⃗ ⃗⃑ (𝑡)
] 3-1 

where 𝛥𝐻𝑏𝑅⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃑(𝑡)and 𝛥𝐻𝑏𝑂⃗⃗⃗⃗⃗⃗⃗⃗ ⃗⃑ (𝑡) are the vectors of time-varying HbR and HbO changes, respectively. 

𝛥𝑦⃗⃗⃗⃗⃗⃑
𝜆1(𝑡) = − 𝑙𝑛 (

𝐼𝜆1(𝑡)

𝐼𝜆1,𝑏𝑎𝑠𝑒
), and the Jacobian 𝐴 consists of four submatrices where the submatrix 

𝐴𝐻𝑏𝑅,𝜆1 is a 𝑀 × 𝑁 matrix: 

 𝐴𝐻𝑏𝑅,𝜆1 =

[
 
 
 
 
𝛿 𝑙𝑛 𝐼𝜆1,1

𝛿𝜇𝑎1
𝜀𝐻𝑏𝑅,𝜆1 ⋯

𝛿 𝑙𝑛 𝐼𝜆1,1

𝛿𝜇𝑎𝑁
𝜀𝐻𝑏𝑅,𝜆1

⋮ ⋱ ⋮
𝛿 𝑙𝑛 𝐼𝜆1,𝑀

𝛿𝜇𝑎1
𝜀𝐻𝑏𝑅,𝜆1 ⋯

𝛿 𝑙𝑛 𝐼𝜆1,𝑀

𝛿𝜇𝑎𝑁
𝜀𝐻𝑏𝑅,𝜆1]

 
 
 
 

 3-2 

where 𝜀𝐻𝑏𝑅,𝜆1 is the molar absorption coefficient for HbR at wavelength 𝜆1. The 
𝛿 𝑙𝑛 𝐼𝜆1,𝑖

𝛿𝜇𝑎𝑗
 entry 

defines the log-ratiometric amplitude of the ith (i = 1, …, M) light measurement arising from a 

small change in 𝜇𝑎𝑗 at the jth (j = 1…M) source node. The other submatrices i.e. 𝐴𝐻𝑏𝑅,𝜆2, 𝐴𝐻𝑏𝑂,𝜆1, 

and 𝐴𝐻𝑏𝑂,𝜆2 could be similarly defined. These submatrices can be calculated using the Nirfast 

software (Dehghani et al., 2009a) via Green’s functions with realistic tissue boundaries, baseline 

optical properties (chromophore concentrations), and locations of light sources and detectors using 

the Adjoint method (Arridge and Schweiger, 1995). This leads to the linear forward model:  

 𝑦⃑(𝑡) = 𝐴𝑥⃑(𝑡) 3-3 

where, the known measurements 𝑦⃑(𝑡) = [
𝛥𝑦⃑𝜆1(𝑡)

𝛥𝑦⃑𝜆2(𝑡)
] and the unknown chromophore concentration 

changes 𝑥⃑(𝑡) = [
𝛥𝐻𝑏𝑅⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗(𝑡)

𝛥𝐻𝑏𝑂⃗⃗⃗⃗⃗⃗⃗⃗ ⃗⃑ (𝑡)
]. The forward operator 𝐴 thus relates the changes in concentrations at 
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each node of a FEM head model to the changes in log-ratiometric light intensities measured on the 

scalp.    

3.2.2 Numerical models for head tissue volumes and surfaces 

 

A FEM head model can be constructed using a relatively simple head geometry, for example, 

a two-layer head model (White et al., 2009) or a realistic five-layer head model (Eggebrecht et al., 

2014). A realistic head model obtained from individual structural images such as MRI scan, along 

with accurate optode location digitization, generally provides better spatial a priori information 

resulting in a more accurate forward and inverse solution. I have used a four-layer FEM volumetric 

mesh head model from participant-specific MRI structural images in my dissertation. 

Firstly, the FreeSurfer software (Jenkinson et al., 2012) was used to perform tissue 

segmentation on participants’ T1-weighted MRI images. This segmentation yielded triangular 

surface meshes for the boundaries of the scalp (10,242 nodes), skull (10,242 nodes), CSF (10,242 

nodes), and pial surface (306,091±19,289 nodes), each representing a boundary enclosing the head 

tissue with a unique set of optical properties. For each participant, the cortical surface, defined as 

the gray matter/white matter interface (20,484 nodes), was also generated using FreeSurfer for the 

purpose of statistical analysis and visualization (see Chapter 5).  

Secondly, non-manifold errors (e.g., intersection, self-intersection, duplicate nodes, gaps, 

etc.) and disadvantaged topological features (e.g., dents and high aspect-ratio elements, etc.) 

presented on these derived surfaces meshes, especially the pial surface due to its highly convoluted 

nature, were identified. These unwanted surface mesh features can subsequently create volume 

mesh elements of undesired shapes and sizes and thus lead to numerical errors in computing 

Jacobian matrices. Some of these errors arise because of poor contrast areas in the structural image. 

Figure 3-2 shows an example of poor image contrast in a structural image around the temporal 
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bones. This produces poor tissue segmentation of the skin and outer skull surfaces resulting in 

intersection and dents on these surface meshes (Figure 3-3A).  

 

A postprocessing pipeline was developed using the Autodesk Meshmixer software 

(meshmixer.com) and the Iso2mesh toolbox (Fang and Boas, 2009) to remove these non-manifold 

errors and minimize disadvantaged topological features on these surface meshes. Figure 3-3B 

shows the surface mesh in Figure 3-3A after applying the correction. Another typical mesh-related 

problem is the high-aspect-ratio (ratio of the longest edge to shortest edge) triangular elements 

shown as red areas in the Figure 3-3C, E. Using our postprocessing pipeline, we were able to 

improve these elements so they could have a lower aspect ratio (Figure 3-3D, F). Figure 3-4 

provides an example of mesh-related problems on the pial surface and the respective corrections. 

 

Figure 3-2 Example of contrasts issue in MRI image. 

Coronal slice showing poor contrast areas encircled in red, responsible for poor tissue 

segmentation shown in Figure 3-3A 
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Figure 3-3 Examples of manifold errors and disadvantaged topological features on surface 

meshes and their correction. 

(A) Intersection of skin surface with outer skull layer before correction and (B) after correction. 

(C) high-aspect ratio triangles illustrated in red color present on the scalp surface before and 

(D) after correction (E) high-aspect ratio triangles present on the skull surface before and (F) 

after correction.  
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After postprocessing the surface meshes, to reduce computational demands, the volume below 

the nose of these surface meshes was removed since this volume was far away from the scalp and 

was not expected to have an observable influence on surface light measurements (See Figure 

3-3C).  

 

Figure 3-4 Example of disadvantaged topological features. 

(A) Examples of disadvantaged topological features on pial surface meshes generated by 

FreeSurfer: protrusions, dents, and pointed features; An example of the spatial distribution of 

aspect ratio on the cortical surface mesh before (B) and after (C) the mesh postprocessing. 
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Figure 3-5 Tetrahedral head model mesh examples. 

(A) coronal view of an example tetrahedral mesh of an individual with about 186 k nodes. The 

coronal slice is placed roughly at the (left) anterior, (middle) center, and (right) posterior parts 

of the head (B) more mesh examples from individuals. 
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Next, these participant-level surface meshes were combined and converted into a tetrahedral 

FEM volume mesh using the Iso2mesh toolbox. Figure 3-5 shows several FEM head models. Note 

that a variable size of mesh elements was used to balance the computational demands and 

accuracies. Specifically, large spaces (e.g., deep brain tissues) had relatively large elements, thin 

volumes (e.g., the scalp) had relatively small elements, and the complex brain structures (i.e., 

tissues close to the pial surface) had the smallest elements. This strategy resulted in FEM volume 

meshes with reduced mesh nodes (~100k nodes). At the same time, it maintained fine meshing 

near the highly convoluted pial surface across which the optical property changed dramatically 

between CSF and brain tissues. The preservation of the complex, convoluted cortical structures is 

critical in characterizing networked brain activity as only HbO, and HbR concentration changes in 

the vasculature of the cortical tissues are believed to be caused by neuronal electrical activity 

(Obrig and Villringer, 2003, Scholkmann et al., 2014). 

Optical parameters for the scalp, skull, CSF, and brain tissues are then assigned according to 

the values from the literature. The baseline chromophore concentrations (Human head models 

tutorial at milab.host.dartmouth.edu/nirfast/) were assigned to the head tissues as shown in Table 

3-1. These baseline concentrations were used throughout this dissertation unless otherwise stated. 

 

 

Table 3-1 Baseline chromophore concentrations in the FEM model. 

Tissue type HbO (µmol/L) HbR 

(µmol/L) 

Scatter Amplitude Scatter Power 

Scalp 45.0 15.0 2 0.5 

Skull 39.2 9.8 1.4 1.4 

CSF 0.9 0.1 0.5 0.2 

Brain 54.0 22.0 0.76 0.54 
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3.2.3 Optode co-registration 

 

The next step in creating the FEM head model is to co-register the optode locations on the 

mesh. The locations of the optodes can be obtained by using a handheld digitizer such as a 

Polhemus electromagnetic pen (polhemus.com) or using photogrammetric-based digitizer 

techniques (www.ant-neuro.com/products/xensor). Alternatively, a template of 3D locations of 

optodes may also be used if a digitizer is unavailable or if the digitization is of poor quality. In this 

work, we digitized the locations of EEG electrodes, optodes, and landmarks (nasion, inion, and 

preauricular areas) using a handheld Polhemus digitizer. These 3D locations were co-registered 

onto the FEM mesh using a custom-written graphical user interface (GUI) in Matlab software (The 

Mathworks, Natick, MA). 

 

 

Figure 3-6 Optode co-registration. 

(A) Custom-built graphical user interface for co-registering optode and electrode locations onto 

a FEM mesh (B) after co-registration. Only optodes are shown for the sake of clarity. 
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The co-registration process is semi-automatic. Firstly, the program estimates a rough 

orientation of the 3D points based on the landmarks. Then the operator adjusts the 3D locations 

making sure it fits onto the head as best as possible. Then, the 3D locations are mapped onto the 

scalp using a nonlinear transformation such that these locations are mapped to a point on the scalp 

with the shortest Euclidean distance. Figure 3-6 shows a snapshot of this GUI and an example of 

co-registered optodes onto the FEM mesh. The last step in the FEM mesh creation is to convert 

the mesh into a Nirfast-compatible spectral FEM mesh using Nirfast in-built tools. 

3.2.4 Sensitivity profile of head model 

 

The so-called sensitivity profile is a valuable method to understand which set of nodes in the 

FEM model provides meaningful data. Nodes with low sensitivity, e.g., deep nodes, effectively 

provide noise, and their data may be discarded in the analysis. To visualize the sensitivity of each 

FEM node to all light measurements for a specific wavelength and chromophore, the so-called 

sensitivity profile can be calculated from 𝐴𝑐ℎ𝑟𝑜𝑚,𝜆 in Eq. 3-2 using the following relation 

(Dehghani et al., 2009b): 

 𝐽𝑖
𝑡𝑜𝑡𝑎𝑙 =

∑ 𝐽𝑖𝑗
𝑁𝑀
𝑖=1

(𝑎𝑏𝑠(∑ 𝐽𝑖𝑗
𝑁𝑀
𝑖=1 ))

𝑚𝑎𝑥

 3-4 

where, 𝐽𝑖𝑗 is the sensitivity at node 𝑗 of the FEM head model mesh due to S-D pair 𝑖 for 𝑁𝑀 S-D 

pairs. The  𝐽𝑖
𝑡𝑜𝑡𝑎𝑙 is hence the total normalized sensitivity at each node 𝑗. In this dissertation, for 

the purpose of visualizations, an absolute of the numerator in Eq. 3-4 is taken and multiplied by 

100 % to calculate the percentage of total normalized sensitivity, which is referred to as the 

sensitivity or sensitivity profile.  
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Figure 3-7 shows the sensitivity profile of HbO for 760 nm wavelength for individual channels 

(Figure 3-7A) and all channels combined (Figure 3-7B). For individual channels, the nodes near 

the optodes have large sensitivities. On the other hand, nodes away from the path or deep in the 

 

Figure 3-7 Sensitivity profile of HbO for 760 nm. 

(A) Examples of sensitivity profile of single channels (B) total sensitivity profile. 
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model have very low sensitivities. The overall sensitivity profile shows a brain-wide sensitivity 

except for ventral parts of the brain, mainly the inferior temporal cortex and the middle wall. 

3.3 Inverse source reconstruction 

The source domain for the inverse reconstruction, hereafter referred to as the inverse source 

space, was determined according to (1) the sensitivity profile (from 𝑨 in Eq. 3-3), (2) the cortical 

structure of interest in investigating brain networks, and (3) the number of unknowns to lessen the 

ill-posedness of the inverse problem. Thus, the volumetric inverse sourcespace was constituted 

with nodes inside the brain (enclosed by the pial surface) and no deeper than 45 mm from the 

scalp, beyond which the sensitivity had dramatically decreased. Note that the data analyses of 

RSNs are performed on the cortical data projected from volumetric source data. In contrast, the 

use of the volumetric source space here considered the contributions of all brain tissues to the light 

propagation pathway. Also, note that I have used different depth criteria for different experiments 

and 45 mm is the maximum allowable depth. The reduction in the source space led to a reduced-

size 𝑨 while retaining the portion corresponding to the major cortical structures of interest. Figure 

3-8 shows an example of volumetric source space defined at 40 mm from the scalp. 

The reduced sensitivity matrix 𝑨 was then smoothed (see Section 3.4.2). The inverse problem 

was solved via a minimum-norm estimate (MNE) (Bertero et al., 1988) with the Tikhonov 

regularization (Tikhonov, 1963, Calvetti et al., 2000) as in   

 𝑚𝑖𝑛(‖𝑦⃑(𝑡) − 𝑨 ⋅ 𝑥⃑(𝑡)‖2
2 + 𝜆(𝑡) ⋅ ‖𝑥⃑(𝑡)‖2

2) 3-5 

where the first term ‖𝑦⃑(𝑡) − 𝑨 ⋅ 𝑥⃑(𝑡)‖2
2 denotes the residual errors in fitting measurement data, 

‖𝑥⃑(𝑡)‖2
2 is the L2 norm regularization term (Michel et al., 2004), and 𝜆(𝑡) is the regularization 

parameter, which was estimated at each time point using the L-curve method (Hansen and 

O’Leary, 1993) implemented in the Regularization Tools toolbox (Hansen, 2007).  
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Figure 3-8 Volumetric source space of the inverse solution. 

An example of volumetric source space defined at 40 mm from the scalp. Coronal slice views 

are shown at different locations. WM= white matter. Negative and positive slice locations 

represent the posterior and anterior parts of the head model respectively. 
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The minimization of Eq. 3-5 yielded the inverse solution: 

 𝑥⃑̂(𝑡) = 𝑨𝑇(𝑨 ⋅ 𝑨𝑇 + 𝜆(𝑡) ⋅ 𝑰)−1𝑦⃑(𝑡) 3-6 

where 𝑰 is the identity matrix and the inverse solution 𝑥⃑̂(𝑡) is a vector of joint estimates of HbR 

and HbO concentration changes relative to the baseline concentrations. These volumetric data are 

spatially smoothed using a spherical kernel (6 mm diameter). Figure 3-9 shows the effect 

of spatial smoothing on a localized DOT reconstruction in volumetric space.  

To prepare for group-level SICA (gSICA) analysis (Section 3.5), inverse volumetric data 

𝑥⃑̂𝑘(𝑡) of individuals from Eq. 3-6 are firstly mapped to individual cortical surfaces (interface 

between the gray and white matter) as only HbO and HbR concentration changes close to the gray 

matter are believed to reflect neuronal activity (Obrig and Villringer, 2003, Scholkmann et al., 

2014), and definitions of fMRI RSNs have been reported mainly on the cortical surface as well 

(Desjardins et al., 2001). The projection is performed by assigning data on the nearest FEM source 

node in the inverse source space to each node on the cortical surface. Cortical source space was 

 
Figure 3-9 Spatial smoothing in the volumetric domain. 

(A) Before and (B) after spatial smoothing. All results are projected on the interface between 

gray and white matter.  
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defined by keeping nodes on the cortical surface within a certain depth from the skin. Nodes deeper 

than this depth are assigned a value of zero.  

Similar to fMRI RSN studies (Desjardins et al., 2001), the global signal as a function of time 

is calculated by spatially summing projected data over the cortical surface for each participant and 

then regressed out from time courses of individual cortical nodes. 

3.4 Processes in controlling numerical errors 

 

The proposed BW-DOT is a complex multi-step framework that involves large-scale 

numerical calculations, i.e., FEM forward light modeling and inverse reconstructions, etc. The 

numerical accuracy of its outcome, i.e., RSNs, is dependent on the quality of data, e.g., inverse 

reconstructions sensitive to recording noises, and selected parameters, e.g., FEM shapes/sizes for 

FEM (Eggebrecht et al., 2012) and regularization parameters for inverse calculations (Eggebrecht 

et al., 2014), at each step of the framework. Thus, we have developed multiple processes to control 

their qualities. These processes are integrative parts of the entire framework and the computational 

algorithms discussed in Sections 3.4.1- 3.4.3. 

3.4.1 Removal of non-neuronal signals 

 

Non-neuronal signals in fNIRS measurements include superficial scalp responses (Saager and 

Berger, 2005) and systematic physiological fluctuations, i.e., cardiac pulsation, blood pressure, 

respiration, autonomic nervous system activity, and body movements (Kirilina et al., 2013, 

Tachtsidis and Scholkmann, 2016, Schecklmann et al., 2017), which could potentially impact the 

accuracy of the proposed framework. For example, signals generated by extracerebral tissues (e.g., 

the scalp) could be forcibly projected onto the cerebral tissues during the inverse source 

reconstruction, and these non-neuronal signals mean more fluctuations that potentially violate the 

assumption behind Eq. 2-10 (i.e.,𝛥𝜇𝑎 ≪ 𝜇𝑎,𝑏𝑎𝑠𝑒).  
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Considering that non-neuronal signals exhibit global spatial patterns due to systematic 

physiological fluctuations and regional modulations due to the downstream effect from 

heterogeneously distributed blood flows (Kirilina et al., 2013, Schuenke et al., 2007) and relatively 

localized facial muscles activity (Schecklmann et al., 2017, Novi et al., 2020), we adopted a revised 

version of our previously developed fully-automatic denoising procedure, named principal-

component-analysis-based general linear model (PCA-GLM) (Zhang et al., 2019), for the cap-

based whole-head high-density fNIRS recordings. We used auxiliary sensors for breath, motion, 

and pulsation to capture physiological activity and eight SS channels (IOD: 8 mm) distributed 

across the scalp to capture superficial activity. PCA was applied to OD data from long-separation 

(LS) channels (mean IOD: 3.65 ± 0.44 cm). The spatial uniformity of each PCA component was 

assessed by the metric of coefficient of spatial uniformity (CSU) (Kohno et al., 2007). A principal 

component of LS channels (PC-LS) with the highest CSU was identified, which was believed, 

based on the spatial pattern, to represent contributions in OD data mostly from non-neuronal 

signals. However, the time course of  PC-LS was not directly removed from LS data, as in PCA 

filtering (Zhang et al., 2005), since neuronally-relevant responses with global spatial patterns have 

been reported in hemodynamic signals from fMRI studies (Chen et al., 2020a). Instead, the PC-LS 

was used to identify a component from the SS channels, which was believed to be only sensitive 

to responses from superficial tissues (Saager and Berger, 2005). Specifically, PCA was applied to 

OD data from SS channels, and then the principal component (PC-SS) with the highest temporal 

correlation with PC-LS was defined as the global activity generated by extracerebral tissues. The 

time course of PC-SS and filtered auxiliary recordings (i.e., acceleration, respiration, cardiac 

pulsation), together with a third-order polynomial drift, were used as regressors in a GLM to 

remove non-neuronal signals and instrumental noises in data from LS channels. 
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3.4.2 Conditioning of Jacobian matrices 

 

While the postprocessing pipeline has been developed to improve the quality of FEM meshes 

(Section 3.2.2), certain resultant tetrahedral FEM mesh elements could still be of poor quality, e.g., 

of high aspect ratios. Such elements can cause abnormally large-value entries in the Jacobian 

matrix 𝑨 (Eq. 3-3), leading to estimation errors in the inverse solution (Eq. 3-6). Figure 3-10 

illustrates an example of large values in a jacobian despite performing post-processing on the 

surface meshes required to create the FEM head model (see Section 3.2.2). These values were 

located in a region rather than being dispersed around the head model, possibly indicating the 

presence of poor tetrahedral elements. The values of these elements are shown in Figure 3-10B. 

Thus, the matrix 𝑨 was conditioned using local smoothing since, usually, only a few abnormal 

entries in individual Jacobian matrices exist. Specifically, Jacobian entries greater than a threshold 

determined from the histogram were spatially smoothed using the mean operation over a spherical 

kernel of size 5 mm (increased to 7 mm if no neighboring elements were not found within the 

kernel of 5 mm). Then, all smoothed jacobian values greater than the threshold were given the 

threshold value, for example, 5 in Figure 3-10C. Figure 3-10D shows that only a fraction of the 

original jacobian entries was thresholded at 5. 

3.4.3 Temporal smoothing of the regularization parameters 

 

Implementing the L-curve method (Hansen and O’Leary, 1993) to estimate the regularization 

parameter in Eq. 3-6 involves repeating matrix inversions in Eq. 3-6 and numerically searching for 

corners L-curves, both of which are not immune from numerical errors. After computing 𝜆(𝑡) 

values using the Regularization Tools toolbox (Hansen, 2007), the estimated 𝜆(𝑡) values may 

contain outliers. These outlier values must be smoothed to avoid more outliers from appearing in 

the subsequent numerical calculations. Different smoothing strategies were tested to correct these 



47 
 

 

outliers, including moving average, local linear regression (loess() and lowess() functions in 

Matlab and use first degree and second-degree polynomial fits, respectively), and robust linear 

regression (rlowess() function in Matlab). Thus, we smoothed the regularization parameters from 

individual participants using the robust linear regression (Harrell, 2015) using Matlab’s smooth() 

function with a span of 5, i.e., the number of data points for calculating the smoothed value. 

 

3.5 Group-level spatial ICA for pattern recognition 

 

At this point, we have a timeseries of HbO and HbR concentrations changes relative to the 

baseline concentrations defined on the cortical surface from different participants (Section 3.3). 

The next step is to find spatiotemporal patterns in these timeseries data using the ICA approach, 

 

Figure 3-10 Jacobian conditioning example for an example FEM mesh. 

(A) Locations of 39 high value of a jacobian greater than 5, projected on the pial surface. 

Sensitivity profile of HbO is overlaid on to the pial surface (B) a plot of vectorized jacobian 

(C) a plot of vectorized jacobian after smoothing (D) histogram of absolute jacobian values 

greater than 0.5. 
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as detailed in this section. The ICA approach has been shown to outperform the SCA method in 

an fNIRS RSN study in terms of sensitivity and specificity, especially in the presence of large 

noise (Zhang et al., 2010). Thus, the selection of ICA is suitable for the cap-based optode 

placement configuration used in this dissertation, which lacks uniform sensitivity and has 

increased noise compared to a high-density DOT patch-based optode configuration.  

ICA is a linear transformation of data that maximizes the independence and non-gaussianity 

of its components (Comon, 1994). In a typical ICA analysis, the 𝑁 linear data mixtures 

[𝑥1, 𝑥2, … 𝑥𝑁] are assumed to be a linear mixture of 𝑁 independent components (ICs): 

𝑥𝑗 = 𝑎𝑗1𝑠1 + 𝑎𝑗2𝑠2 + 𝑎𝑗33 + ⋯+ 𝑎𝑗𝑛𝑠𝑁, for all j. 
3-7 

 

Eq. 3-7 can be written in a matrix notation as: 

𝑋 = 𝐴. 𝑆 
3-8 

 

where the ICs in 𝑆 linearly mix according to the weights defined in the so-called mixing matrix 𝐴 

to generate the data mixture 𝑋. Eq. 3-8 is called the ICA model. It is a generative model in the 

sense that it describes how the observed data 𝑋 are generated by the mixing of ICs. Note that it is 

assumed that 𝑋 and 𝑆 are zero-mean. If they are not, then they can be zero-centered by subtracting 

their respective means. The problem of the ICA is thus to find 𝐴 which can then be used to find 𝑆̂ 

i.e., an estimate of the true sources in 𝑆. This can be written as: 

𝑆̂ = 𝑊.𝑋 3-9 

where the unmixing matrix 𝑊 is the inverse of the mixing matrix, i.e., 𝑊 = 𝐴−1. Note that (1) 

there must be at least N number of observations where N is the number of ICs, (2) the ICs need to   
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be non-gaussian but not their mixtures, (3) there is a sign, variance, and order ambiguity in 𝑆̂ since 

both 𝑆̂ and  𝑊 are estimated. 

Typically, functional neuroimaging experiments (including experiments in this dissertation) 

involve the analysis of several participant data. This leads to the use of gSICA, which performs 

ICA on several participant data simultaneously (Calhoun et al., 2009). A general schematic of 

gSICA is shown in Figure 3-11. First, the observed data (obtained in Section 3.3) are temporally 

concatenated along a common spatial dimension (Schmithorst and Holland, 2004), yielding a two-

dimensional (2D) matrix as shown in Figure 3-11. Although there are different methods of 

concatenations (see Calhoun et al. (2009) for a review), the temporal concatenation of individual 

participant data works well with fMRI data since there are greater temporal variations than spatial 

variations (Schmithorst and Holland, 2004). It has been used widely in gSICA of fMRI data 

(Calhoun et al., 2009). Since the spatiotemporal dimensions of fMRI data are similar to fNIRS 

data, we have used temporal concatenation in gSICA of fNIRS data in our previous study (Khan 

et al., 2021) and throughout this dissertation. 

 

Figure 3-11 Schematic diagram of group-level spatial ICA. 
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Following the data concatenation, the 2D matrix is decomposed into its constituent 

spatiotemporal components as in Eq. 3-9 (Figure 3-11). Specifically, each spatial component, i.e., 

spatial IC (a row vector in 𝑆̂ in Eq. 3-9) represents the cortical map of brain activities as a network 

of mutually dependent source nodes at the group level. The spatial ICs can be normalized in the 

spatial dimension using a z-score to minimize inter-IC spatial variations. Moreover, the temporal 

component, i.e., each temporal IC (a part of the column vector in 𝐴 in Eq. 3-9), represents an IC 

time course of an individual participant. The gSICA can also be performed using PCA on 

individual data in the temporal domain prior to the data concatenation and after concatenation to 

reduce the computational load (Calhoun et al., 2009, Erhardt et al., 2011), as illustrated in Figure 

3-12. This data reduction avoids overlearning, which otherwise can be observed in ICA (Hyvärinen 

et al., 1999). 

In the BW-DOT framework, gSICA analysis (Calhoun et al., 2009) is performed on the 

mapped surface data 𝑥⃑̂𝑘(𝑡) in Eq. 3-6 (Figure 3-1) where 𝑘 represents a participant. Firstly, the 

data 𝑥⃑̂𝑘(𝑡) from individuals are normalized (in the temporal domain) using z-score to minimize 

 
Figure 3-12 Schematic diagram of group-level spatial ICA with PCA reduction. 
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inter-participant variations. Secondly, PCA (with the dimension of 40) is applied to temporal data 

from individuals to reduce the computational load. Then, data from individuals are temporally 

concatenated along the dimension of principal components yielding a group-level 2D source 

matrix 𝑋. Lastly, the FASTICA algorithm (Hyvarinen, 1999) from the EEGLAB toolbox (Delorme 

and Makeig, 2004) was applied to 𝑋 as in Eq. 3-9, where each component in 𝑆̂ represents the 

estimated cortical maps of brain activities as a network of mutually dependent source nodes in the 

FEM mesh head model. The matrix 𝑆̂ is normalized in the spatial dimension using a z-score to 

minimize inter-IC spatial variations.  

3.6 Spatiotemporal regression 

 

The next step in the BW-DOT is a back-projection step performed on the gSICA ICs to 

estimate participant-level spatiotemporal ICs (Calhoun et al., 2001, Calhoun et al., 2008). This 

back-projection is done via the so-called spatiotemporal regression (STR), which uses least-

squares via a two-step multi-regression method to estimate participant-level spatiotemporal ICs 

(Beckmann et al., 2009). Specifically, first, the participant-level timeseries 𝑇𝑘 (𝑘 is a participant) 

are calculated as: 

𝑇𝑘 = 𝑥⃑̂𝑘𝑆̂
−1 3-10 

where, 𝑥⃑̂𝑘is a participant’s timeseries data and 𝑆̂−1 is the inverse of 𝑆̂ which contains the estimated 

group-level spatial maps. In the second step, the participant-level spatial maps 𝑆𝑘 (𝑘 is a 

participant) are calculated as: 

𝑆𝑘 = 𝑇𝑘
−1𝑥⃑̂𝑘 3-11 

Note that since 𝑆̂ and 𝑇𝑘 are non-square, I have used MATLAB’s Moore-Penrose pseudoinverse 

function i.e., pinv() to calculate 𝑇𝐶𝑘
−1 in Eq. 3-11. 
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3.7 Statistical correlation tomography 

 

The fNIRS and DOT technologies have an inherent problem of being superficial (Dehghani 

et al., 2009b). To make matter worse, it has been well documented that inverse solutions based on 

a minimum norm estimation (Section 3.3) favor superficial source reconstructions (Pascual-

Marqui, 1999). To improve the depth issue, recently, a technique called statistical correlation 

tomography (SCT) was described and implemented on EEG source imaging data (Li et al., 2018) 

that makes use of correlation analysis (Yuan et al., 2016). This technique efficiently minimizes the 

effect of magnitude-causing superficial source reconstructions and leads to the recovery of RSNs 

in relatively deep cortical structures, e.g., PCC. SCT has been shown to be more effective than the 

weighting matrix of ICA at defining large-scale EEG RSNs with high spatial resolution and 

similarity to fMRI RSNs (Li et al., 2018). SCT was used as the next step in the BW-DOT 

framework.  

First, correlation coefficients (CC) between an IC time course 𝑇⃑⃗𝑘(𝑡) and a source node time 

course 𝑥⃑̂𝑘(𝑡) was calculated at lag zero for individual participants:   

 𝐶𝐶𝑘(𝑗, 𝑛) = 𝑐𝑜𝑟𝑟 (𝑥⃑̂𝑘(𝑗, 𝑡), 𝑇⃑⃗𝑘(𝑛, 𝑡)) , 𝑗 = 1, . . . ,20; 𝑛 = 1, . . . , N𝑠𝑜𝑢𝑟𝑐𝑒𝑠𝑝𝑎𝑐𝑒 3-12 

where N𝑠𝑜𝑢𝑟𝑐𝑒𝑠𝑝𝑎𝑐𝑒 denotes the total number of nodes in the source space (see Section 3.3). 

Secondly, Fisher’s Z-transform (Fisher, 1915) was applied to CC values to obtain z-values as:  

 𝑧𝑘(𝑗, 𝑛) =
1

2
𝑙𝑛 (

1 + 𝐶𝐶𝑘(𝑗, 𝑛)

1 − 𝐶𝐶𝑘(𝑗, 𝑛)
) 3-13 

where, 𝑧𝑘(𝑗, 𝑛) has a normal distribution with zero expectation and variance  

1 (𝑑𝑓 − 3)⁄ , where 𝑑𝑓 is the effective degrees of freedom (DOF) and is equal to the sample size 

under the assumption of independence (Bartlett, 1946). This assumption of independence is often 

not met in the presence of autocorrelated time series (Friston et al., 1994), and the DOF must be 
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corrected. Our experience was that these autocorrelations were high in the reconstructed DOT data. 

Hence, the DOF was corrected as follows. The autocorrelations of 𝑇⃑⃗𝑘(𝑡) and 𝑥⃑̂𝑘(𝑡) were calculated 

as, i.e., 𝜌𝐶 and 𝜌𝑇, respectively, and were used to correct the z-values from Eq. 3-13 using the 

approximation {Valencia, 2009 #839} :   

 𝑁𝑘
′(𝑗, 𝑛) ≈

𝑁𝑘(𝑗, 𝑛)

1 + 2∑ 𝜌𝐶(𝑗, 𝑛)(𝜏). 𝜌𝑇(𝑗, 𝑛)(𝜏)
𝑁𝑘(𝑗,𝑛)−1
𝜏=1

    3-14 

where 𝑁𝑘(𝑗, 𝑛) is the number of time points (Valencia et al., 2009) for participant k and IC j at 

node n and τ is lag. All z-value maps for all time points and participants were then individually 

smoothed using the heat kernel with FWHM of 6 mm (Chung et al., 2005, Chung et al., 2010). 

These smoothed z-values were converted to a z-score (Vincent et al., 2007a) as: 

 𝑧̄𝑘(𝑗, 𝑛) =
𝑧𝑘(𝑗, 𝑛)

√𝑁𝑘
′(𝑗, 𝑛) − 3

 3-15 

The group-level z-score maps were then calculated using (Silver and Dunlap, 1987, Alexander, 

1990):                          

 𝑧̄𝑔𝑟𝑜𝑢𝑝(𝑗, 𝑛) =
∑(𝑁𝑘

′(𝑗, 𝑛) − 3) ⋅ 𝑧𝑘(𝑗, 𝑛)

∑(𝑁𝑘
′(𝑗, 𝑛) − 3)

 3-16 

These group-level SCTs were thresholded (at p< .01) using t-tests on z-scores from individual 

nodes with participants as samples, which resulted in thresholded spatial maps that define DOT-

derived cortical RSNs (d-RSNs) for both HbO and HbR chromophores. 

3.8 Summary and discussion 

A new computational framework of DOT is proposed, termed BW-DOT, for reconstructing 

resting-state brain networks based on near-infrared spectroscopy with a cap-based whole-head 

optode montage. It is noted that DOT RSN studies have either used high-density optode patches 

with small FOV (White et al., 2009) or sparsely placed optodes for a relatively large FOV 
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(Franceschini et al., 2006). One recent work has reported a circular montage covering the sides 

and back of the head to provide high-density optode placements and large FOV at the same time 

to achieve spatial resolution at the level of a gyrus fold (Eggebrecht et al., 2014). Their optode 

montage, however, still does not cover the entire scalp, particularly the anterior and dorsal parts of 

the scalp. In the present study, we used a cap-based optode montage that covers almost the entire 

scalp while still providing sufficiently high spatial (73 optodes with IOD of 3.65 ± 0.44 cm) and 

temporal resolution (6.25 Hz) (Khan et al., 2019) to reconstruct multiple brain-wide RSNs 

simultaneously. Beyond providing a brain-wide FOV to map distributed brain function, another 

reason to adopt whole-head cap-based optode montages is to standardize the recording montage 

of the DOT RSN imaging modality. Specifically, obtaining time-series data from standard 

locations on the scalp provides an opportunity to integrate datasets from different researchers for 

analysis that promotes data sharing and increases statistical power for discoveries (Biswal et al., 

2010).  

In theory, a  high-density DOT system has superior imaging metrics (i.e., point spread 

functions, localization error, and spatial resolution) than a sparse DOT system (Wheelock et al., 

2019, Fishell et al., 2020) (see Chapter 4). It should, however, be noted that having a high-density 

cap that covers the entire scalp raises critical technical challenges and requires many trade-offs. 

For example, an extension of high-density DOT from a regional patch to the entire scalp could 

inevitably cause significantly increased bulk mass on the head of participants, a non-trivial 

experimental logistical problem. This can also potentially increase the scalp temperature (Bozkurt 

and Onaral, 2004), which increases blood flow to the scalp (Guyton, 2000) and non-neuronal 

hemodynamic signals into fNIRS recordings. Moreover, a large number of optodes decrease the 

portability of data acquisition equipment and increase experimental preparation time. Irregular 
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head shapes also raise difficulties in keeping the inter-optode distance constant over the entire 

scalp, which could impact the superior imaging metrics that have been demonstrated in patch-

based systems (Wheelock et al., 2019). Achieving the whole-head coverage with high-density 

placements further leads to possibly reduced temporal sampling rate as more optical sources need 

to be excited, and close distances between sources inevitably worsen optical interference if turned 

on simultaneously. Keeping these challenges in view, in our resting-state study, we selected a LED 

fNIRS system with 34 sources, 31 detectors, and 8 SS detectors that led to 109 long channels and 

8 SS channels, a number similar to electrodes in a typical high-density EEG source imaging system 

(Yuan et al., 2016). In order to achieve a high sampling rate to effectively avoid aliasing effects in 

fNIRS data (see Section 3.4.1), we used parallel source illumination for those sources that were 

far apart (greater than 9 cm), which led to a sufficient temporal sampling rate at 6.25 Hz. 

Furthermore, in contrast to the HD patch-based optode placement, which has SS optodes naturally 

integrated into high-density systems (the smallest IOD: 1.3 mm) (Eggebrecht et al., 2014), our 

optode cap used dedicated SS channels to record signals for rejecting non-neuronal signals (see 

3.4.1 and below for more discussions). Despite these challenges, the BW-DOT can still reconstruct 

brain-wide RSNs (Chapter 5) using the whole-head cap-based system. We attribute this ability of 

BW-DOT to several methodological innovations discussed below to counteract trade-offs made 

on measurements.  

The proposed framework mainly utilizes a data-driven approach (i.e., ICA) for pattern 

recognition of RSNs, which is not dependent on the selection of seed locations and simultaneously 

reconstructs multiple RSNs. The ICA approach has been shown to outperform the seed-based 

correlation method in an fNIRS RSN study in terms of sensitivity and specificity, especially in the 

presence of large noise (Zhang et al., 2010). Thus, the selection of ICA is suitable for the cap-
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based optode placement configuration that lacks uniform sensitivity and has increased noise as 

compared to a high-density DOT patch-based optode configuration. It has been well documented 

that inverse solutions based on minimum norm estimation favor superficial source reconstructions 

(Pascual-Marqui, 1999). Therefore, we have further supplemented ICA with a correlation analysis 

(Yuan et al., 2016) to create SCT (Li et al., 2018). This efficiently minimizes the effect of 

magnitude-causing superficial source reconstructions and leads to the recovery of RSNs in 

relatively deep cortical structures, e.g., PCC (Chapter 5). The same SCT has been shown to be 

more effective than the weighting matrix of ICA at defining large-scale EEG RSNs with high 

spatial resolution and similarity to fMRI RSNs (Li et al., 2018). Furthermore, because the 

oscillatory behavior nature of fNIRS data leads to high autocorrelation in data, the reconstructions 

of DOT d-RSNs are susceptible to false cross-correlations caused by autocorrelation (Woolrich et 

al., 2001, Roy et al., 2008). Thus, correction on cross-correlations due to these autocorrelations is 

also implemented in the SCT framework.  

It has been suggested that hemodynamic signals originating from extracerebral tissues can 

elicit spatial patterns that resemble putative RSNs in fMRI (Chen et al., 2020a). For DOT, non-

neuronal signals raise even more challenges. Specifically, the hemodynamic signals generated 

from extracerebral tissues (e.g., the scalp) may forcibly be projected onto the cerebral tissues 

during inverse source reconstruction. Consequently, these additional signal fluctuations riding on 

top of neuronal signals could potentially violate the basic assumption behind Eq. 2-10 (i.e.,𝛥𝜇𝑎 ≪

𝜇𝑎,𝑏𝑎𝑠𝑒). Therefore, removal of non-neuronal signals before the inverse step is critical for the 

proposed framework, especially for the whole-head high-density systems, as discussed above.  

In DOT RSN studies, typically, a combination of temporal filtering and GLM-based SS signal 

regression is used to remove non-neuronal signals (Wheelock et al., 2019). Temporal filtering, 
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typically bandpass filtering (Pinti et al., 2019), is effective in removing high-frequency noises, 

e.g., cardiac pulsation (0.8-1.6 Hz) and respiration (0.2-0.6 Hz), but is not effective in removing 

non-neuronal signals mixed with neuronal signals in the same frequency bands, i.e., low-frequency 

oscillations (0.04-0.2 Hz) and very-low-frequency oscillations (0.01-0.04 Hz) (Stefanovska et al., 

1999, Tong et al., 2011). A spatial filter, i.e., PCA, has been used to separate non-neuronal 

components from neuronal components. In contrast, it has been suggested that the methodology is 

prone to over-remove useful signal components that result in a reduction of activations in task data 

(Zhang et al., 2005, Zhang et al., 2016, Boas et al., 2004). On the other hand, GLM using signals 

from SS channels with IOD less than 1.5 cm as regressors has been demonstrated to be effective 

in removing non-neuronal signals generated by extracerebral tissues like the scalp (Saager and 

Berger, 2005, Gagnon et al., 2011, Gagnon et al., 2012). It is known that blood flow in the scalp 

tissues is heterogeneously distributed (Schuenke et al., 2007). Therefore, assuming heterogeneous 

scalp hemodynamics in GLM could result in more effective removal of non-neuronal signals 

(Wyser et al., 2020). In the present framework, we have implemented eight dedicated optodes as 

SS channels (Sato et al., 2016) distributed symmetrically across the scalp to estimate global non-

neuronal components with slow spatial variations. These optical channels were placed strategically 

to capture the heterogeneity of the scalp hemodynamics by targeting the superficial blood 

vasculature (e.g., superior temporal and occipital arteries/veins). Furthermore, auxiliary data from 

peripheral sensors and 3rd-order-polynomial drift were used to filter out non-neuronal signals 

related to systematic variations. Note that ICA could further identify residual non-neuronal noise 

in the BW-DOT  framework as the ICA algorithm is inherently sensitive to the pattern of noise 

(Zhang et al., 2010). 

The strategies to compensate trade-offs in recordings also involve other computation-intensive 
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approaches, including FEM modeling to accurately model head volumes for light propagation, 

especially the highly convoluted pial structure to maintain the accuracy of the diffusion 

approximation; spectrally-constraint approach for calculating Jacobian matrices concurrently for 

HbO and HbR; and L-curve method for regularization parameter selections. All of these 

approaches, together with ICA, SCT, and GLM discussed above, collectively form the proposed 

framework, leading to the reconstruction of multiple brain-wide RSNs. An important characteristic 

of these computation-intensive processes is that they are vulnerable to numerical errors. Since 

numerical errors usually generate sparse but abnormally large artifacts in data and could be 

amplified during the data flow of the analysis pipeline, processes in managing numerical errors are 

thus an integrative part of our proposed framework. These processes include quality control of 

FEM meshes, conditioning of Jacobian matrices, and conditioning of regularization parameters. 
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4. Evaluation of BW-DOT using simulation and experimental data 

 

This chapter has been adapted from the following peer-reviewed publications: 

 

Khan, A. F., Fan Zhang, Han Yuan, Lei Ding. "Brain-Wide Diffuse Optical Tomography Based 

on Cap-Based, Whole-Head fNIRS Recording," 43rd EMBC, virtual, Oct-Nov 2021. 

 

Khan, A. F., Fan Zhang, Han Yuan, Lei Ding. "Dynamic Activation Patterns of the Motor Brain 

Revealed by Diffuse Optical Tomography," 41st International EMBC, Berlin, Jul 23-27, 2019. 

 

 

4.1 Introduction 

The ground truth eliciting the observed resting-state brain activity is typically unknown. 

Functional neuroimaging technologies intended to study resting-state brain activity are typically 

validated against carefully designed stimuli that elicit known brain responses. Therefore, once it 

is determined that a DOT system can accurately reconstruct a putative cortical activity, one can 

assume that the same system can also accurately reconstruct resting-state brain activity. For 

example, to test their patch-based DOT system in reconstructing distributed brain activity, 

Eggebrecht et al. (2014) evaluated their system against tasks including hearing words, covert 

reading, and imagined reading. These tasks elicited brain responses well-reported in the fMRI 

literature and provided confidence that their DOT system was also capable enough to reconstruct 

resting-state brain activity accurately. Similarly, other DOT systems were tested using, for 

example, stimulation of the visual (Zeff et al., 2007) and motor (Koch et al., 2010, Habermehl et 

al., 2012) cortical areas in which they accurately reconstructed brain activity in the visual and 

motor cortices respectively. Using a similar approach, known ground truths were used to evaluate 

the spatiotemporal resolution of the BW-DOT framework using simulated and experimental data 

in this chapter.   
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4.2 Methods 

4.2.1 DOT reconstructions using simulated fNIRS data 

A four-layer FEM head model for the simulation-based experiments was used (see Section 

3.2.2). This model was obtained using the procedure described in Chapter 3 to an MRI structural 

image of Bert, a fictitious participant, available from FreeSurfer tissue segmentation software. The 

head model consisted of 100,942 nodes and 597,605 tetrahedrons. Figure 4-2B shows a coronal 

slice view of this head model, illustrating the tetrahedral elements representing four tissues, 

including scalp, skull, CSF, and brain. Each tissue region of the head model was assigned baseline 

optical properties and chromophore concentrations as in Table 3-1. The optode cap co-registered 

(see Section 3.2.3) on the head model (Figure 4-2A) consisted of 34 sources, 31 detectors 

distributed across the entire scalp (IOD mean: 3.65 ± 0.44 cm, mode: 2.98 cm, min: 2.98 cm, max: 

4.56 cm). This configuration of the optodes was also used in the actual fNIRS experiments. 

 

The Jacobian (see Section 3.4.2) was calculated using Nirfast software. The DOT forward 

model (see Section 3.2) was run to obtain the baseline optical fNIRS data for each wavelength 

separately (760 nm and 850 nm). Note that these baseline data correspond to the denominator in 

the OD term in Eq. 3-1. Different values of OD are then obtained by inducing relative changes to 

 

Figure 4-1 A realistic head geometry for evaluation of BW-DOT. 

(A) PSF-based metric definitions (B) cap-based optode montage  Figure adapted from Khan 

et al. (2021). 
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the chromophore concentrations at different locations in the brain and running the forward model. 

Using the OD and Jacobian, the inverse solution (see Section 3.3) was calculated to jointly estimate 

the changes in the concentration of HbO and HbR relative to the baseline concentrations.  

Three simulation-based experiments were performed and are presented here in order of 

increasing complexity. In the first experiment, a localized (sphere of 3 mm diameter) change of -

6.5% in the concentration of HbO on the right motor cortex (Figure 4-5A) was induced, and the 

fNIRS optical data were calculated. Then the inverse solution was estimated, i.e., the change in 

the concentration of HbO relative to the baseline concentrations.  

In the second experiment, HbO and HbR concentration changes relative to the baseline 

concentrations, following physiologically reasonable-valued temporal waveforms, were induced, 

as shown in Figure 4-6A. The simulated optical fNIRS data were calculated for each time point, 

followed by the inverse solution to estimate the change in the concentration of HbO and HbR 

relative to the baseline concentrations. In the third experiment, a localized (sphere of 3 mm 

diameter) change of a +10% and -10% in HbO and HbR concentration, respectively, was induced 

at 2879 locations in the brain. These testing locations were distributed randomly, and their 

projections on the cortical surface are shown as red dots in Figure 4-2B. The forward model for 

concentration change at each test location was run, thus obtaining 2879 whole-head fNIRS optical 

data measurements for each wavelength. The inverse solution was then calculated to estimate the 

change in the concentration of HbO and HbR relative to the baseline concentrations for each 

location separately. 
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The spatial resolution of these inverse reconstructions was quantitatively evaluated using 

metrics calculated from each reconstruction's point-spread function (PSF) (White, 2012). ThePSF 

describes the response of an imaging system to a point input change, i.e., a change of chromophore 

at a single node or a localized region of the FEM mesh. Three PSF-based metrics were utilized as 

shown in Figure 4-2A; FWHM, localization error, and effective resolution. Briefly, FWHM 

describes the maximum Euclidean distance between the nodes with half the amplitude of the 

maximum-valued node. Localization error represents the mean Euclidean distance between all 

 

Figure 4-2 PSF-based metrics defined on a realistic head geometry. 

(A) PSF-based metric definitions (B) locations (red dots) projected on the pial surface that 

were chosen for the calculation of metrics (C) definitions of shallow (summation of gyri) and 

deep (summation of sulci) cortical areas in yellow color. Figure adapted from Khan et al. 

(2021). 
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FWHM points and the simulated node with chromophore changes (target node). The effective 

resolution is twice the Euclidean distance between the target node and the furthest FWHM node. In 

determining FWHM nodes, those nodes that were separated more than 4 mm apart were considered 

outliers and excluded.  

The sensitivity of the mesh nodes to the source-detector pair is typically greater near the 

optodes than the nodes farther from the optodes (see Figure 3-7 for an example). Therefore, to 

investigate the effect of distance from the optodes on the metrics, histograms of the PSF-based 

metrics were calculated, including only those nodes within a Euclidean distance of 25 mm from 

either a source or a detector. Furthermore, to investigate the effects of depth on the PSF-based 

metrics, all metric values for head model nodes within deep cortical regions (represented as a 

summation of sulci) and shallow cortical regions (represented as a summation of gyri) were 

determined. The sulci and gyri were defined using an atlas (Destrieux et al., 2010). The resultant 

representation of deep and shallow cortical regions is illustrated in yellow in Figure 4-2C. This 

cortical surface is the intersection between the brain’s gray and white matter. 

In the fourth experiment, the third experiment was repeated on a higher resolution FEM head 

model (324,328 nodes and 1,898,862 tetrahedral elements) (Figure 4-3B) and a higher density 

optode cap (Figure 4-3A). The optode cap comprised 67 sources and 61 detectors placed on the 

standard 10-5 system (Oostenveld and Praamstra, 2001). A total of 515 channels were used with 

the mean±standard deviation, minimum, and maximum IOD of 47.5±15.1 mm, 21.1 mm, and 69.8 

mm, respectively. A total of 1000 locations at the white matter and gray matter interface were 

used. These test locations are shown in Figure 4-3C as yellow and blue dots representing shallow 

and deep locations, respectively. The PSF-based metrics were calculated as described in 

experiment 3.  
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4.2.2 Localizing motor activity  

The next step was to determine the ability of the BW-DOT to localize brain activity against 

an explicit stimulus, for example, hand-clenching, which is known to elicit pronounced activity in 

the contralateral motor cortex as reported in fMRI (Rao et al., 1993), EEG, fNIRS (Lee et al., 

2019), and DOT (Habermehl et al., 2012) studies.  

This study was approved by the University of Oklahoma Health Sciences Center (OUHSC) 

Institutional Review Board (IRB). Seven healthy adult participants (3 females, 4 males, age: 25-

50 years) were recruited without any neurological or neuropsychiatric disorders. Written informed 

consent was obtained from every participant before the study. Individual participants sat in a 

comfortable dark and sound-damped room for four sessions. E-Prime (Psychology Software Tools, 

Sharpsburg, PA) software was used to program the visual cues (black arrows on a gray 

 

Figure 4-3 High-density cap montage. 

(A) Cap montage, (B) coronal slice view of the high-resolution FEM head model, and (C) 

locations for inducing concentration changes on the interface between gray and white matter. 
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background) and instructions displayed on an LCD monitor located about 90 cm from the 

participant. In each session, participants performed a right-hand clenching task in six blocks as 

shown in Figure 4-4.  

 

Nirscout extended, a commercially available dual-wavelength (760/850nm) CW-fNIRS 

device (nirx.net), was used to collect fNIRS data with 32 LED emitters and 32 avalanche 

photodiode detectors. The optodes were placed on an elastic cap (EASYCAP GmbH, Herrsching, 

Germany) designed with the 10-5 system (Oostenveld and Praamstra, 2001). These optodes were 

uniformly distributed across the entire scalp (IOD: mean: 30.7±7.6 mm) to maximize FOV while 

maintaining high density. The FOV, represented by the spread of the sensitivity profile from the 

Jacobian matrix (Dehghani et al., 2009a), is dependent on the quantity and position of the optodes. 

Consequently, the sensitivity profile of the optode cap covered the most superficial cortical 

structures. The 3D locations of the optodes and head landmarks (nasion, left, and right preauricular 

areas) were recorded using the Polhemus Patriot handheld digitizer (polhemus.com). 

Structural head MRI of participants was acquired using a GE Discovery MR750 whole-body 

3-Tesla MRI scanner (GE Healthcare, Milwaukee, WI, USA). The following parameters were set: 

FOV = 240 mm, axial slices per slab = 180, slice thickness = 1 mm, image matrix = 256×256, 

TR/TE = 8.45/3.24 ms. FEM head models were created as described in Chapter 3. The peripheral 

measurements included a triaxial MEMs accelerometer, photoplethysmography sensor, and 

pneumatic respiratory belt that was worn by participants on the forehead, left index finger, and 

 
Figure 4-4 Experimental paradigm for hand-clenching task. 

 

30 S 20 S 30 S 20 S 30 S

Initial resting state

Right-hand clenching 
with help of visual cues

Resting state Six block total
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abdomen to record head motions, cardiac rhythms, and chest movements, respectively. Data from 

these peripheral sensors were recorded by connecting to the auxiliary input ports of a 64-channel 

EEG amplifier (Brain Vision, NC, USA) at a sampling rate of 500 Hz.  

 

4.2.3 Data analysis protocols 

The following data analysis protocol was applied to task-based fNIRS data. The fNIRS data 

were pre-processed with the HOMER2 fNIRS toolbox (Huppert et al., 2009) and our proprietary 

MATLAB® scripts. The fNIRS data were block-averaged to increase SNR, then log-ratioed (mean 

of the channel taken as the baseline) and bandpass filtered (0.02~0.5 Hz). The PSD of the OD data 

was calculated using Welch’s method (window length: 60 s, 50 % overlapping). Channels that 

lacked the heartbeat frequencies (0.8–1.6 Hz) in the OD PSD data (indicating potential poor 

optode-scalp contact) were rejected. A total of 105 channels were retained. Bad time segments 

corresponding to excessive head movements were removed. Then, the OD data were subject to the 

inverse reconstruction procedure, yielding the volumetric inverse solution, which was spatially 

smoothed (6 mm spherical kernel) to reject high-frequency spatial noise (Friston et al., 1995). 

 
Figure 4-5 Simulation-based DOT reconstruction of localized concentration change. 

(A) A -6.5 % localized change in HbO concentration used as synthetic data (B) recovered 

concentration change following tomographic reconstruction plotted on a sagittal slice view. 
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These smoothed volumetric data were projected to the cortical surfaces. Reconstruction results 

were also stored as time-stamped movies to study the dynamics of the motor cortex corresponding 

to the hand-clenching task. 

4.3 Results 

4.3.1 DOT reconstructions using simulated data 

 

For the first simulation-based experiment (Section 4.2.1), the reconstructed concentration 

change closely followed the simulated concentration change of HbO relative to the baseline tissue 

HbO concentrations (Figure 4-6B). However, unlike the induced concentration change contained 

in a sphere of 3mm, the reconstruction change was spread out of the 3mm spherical boundary. For 

the second simulation-based experiment (Section 4.2.1), the reconstructed concentration changes 

followed the temporal patterns of the induced chromophore concentration changes of HbO Figure 

4-6C and HbR Figure 4-6E. Due to the spatial spread of the inverse solution, the reconstructed 

activity spread out to parts of the somatosensory and premotor cortices. 

Figure 4-7 shows the PSF-based metrics projected on a cortical surface (Figure 4-7A, D) and 

their histograms (Figure 4-7B, E). To better visualize the spatial distribution of the metrics on the 

cortical surface, spatial interpolation of these metrics on the cortical surfaces for HbO (bottom row 

in Figure 4-7A) and HbR (bottom row in Figure 4-7D) was performed. The first and second 

moments of these metrics are also presented in Table 4-1. For HbO, a mean of (31.3±11.9) mm, 

(12.2±7.8) mm, and (48.1±16.1) mm of FWHM, localization error, and effective resolution, 

respectively. For HbR, superior metrics were obtained, i.e., a mean of (29.2±9.7) mm, (11.9±6.5) 

mm, and (44.8±13.6) mm of FWHM, localization error, and effective resolution, respectively. 
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All metrics for nodes within the defined FOV were significantly smaller than those away from 

the optodes. For the nodes within FOV, the differences in the metrics between the deep and shallow 

regions were much smaller than those outside FOV (Table 4-1). For the within-FOV nodes of 

HbO, the overall mean and standard deviation of FWHM, localization error, and effective 

resolution were (26.2±9.1) mm, (5.7±3.7) mm, and (37.8±11.1) mm, respectively. For HbR, the 

overall mean and standard deviation of FWHM, localization error, and effective resolution were 

(27.3±9.1) mm, (5.5±3.2) mm, and (36.4±10.5) mm, respectively. 

 

Figure 4-6 Simulation-based DOT reconstructions of temporal concentration changes in the 

motor cortex. 

(A) Localized variations in concentration of HbO and HbR induced in a 3 mm diameter sphere 

on the right primary motor cortex. (B) input HbO (C) reconstructed HbO (D) input HbR (E) 

reconstructed HbR. Input and reconstruct Input and reconstructed simulation concentration 

changes in the concentration of chromophores are shown at T=14 s projected onto the pial 

surface. Figure adapted from Khan et al., (2019). 
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Figure 4-7 PSF-based metrics of HbO and HbR. 

(A) Visualization of PSF-based metrics on cortical surface of HbO and their (B) histograms, (C) 

histogram of PSF-based metrics within the FOV of 25 mm (D) Visualization of PSF-based metrics 

on cortical surface of HbR and their (E) histograms, (F) histogram of PSF-based metrics within 

the FOV of 25 mm. 
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Figure 4-8 PSF-based metrics of HbO and HbR of high-density cap. 

(A) Visualization of PSF-based metrics on cortical surface of HbO and their (B) histograms, 

(C) histogram of PSF-based metrics within the FOV of 25 mm (D) Visualization of PSF-based 

metrics on cortical surface of HbR and their (E) histograms, (F) histogram of PSF-based 

metrics within the FOV of 25 mm. 
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Generally, the deeper cortical regions showed higher-valued metrics than shallow cortical 

regions. Some areas with exceptionally high metrics values included the temporal pole, posterior 

part of the temporal lobe, ventral parts of the inferior frontal gyrus (IFG), and ventral-medial 

regions of the superior frontal gyrus (SFG). These parts were mainly outside the optode cap's FOV 

(see Figure 3-7) (note that the optode cap’s FOV is defined from the sensitivity profile and is 

different from the optode FOV, which is defined as the Euclidean distance of 25 mm from any 

optode). The spatial patterns of all three metrics were bilaterally symmetric with some exceptions, 

for example, parts of SFG and IFG (Figure 4-7D).  Among these nodes, the shallow nodes for HbR 

had the highest quality metrics, i.e., (27.2±8.7) mm, (5.3±2.9) mm, and (36.0±10.3) mm for 

FWHM, localization error, and effective resolution, respectively. These metrics were comparable 

to the sparse patch-based HD-DOT system in the literature (White, 2012) (see Table 4-1). Figure 

4-8 shows the PSF-based metrics interpolated on the cortical surface (Figure 4-8A, D) and their 

histograms (Figure 4-8BC, E, F) for the higher-resolution head model and higher density cap 

montage. The first and second moments of these metrics are also presented in Table 4-2. Some 

areas with exceptionally high metrics values included mainly the temporal pole and ventral-medial 

Table 4-1 PSF-based metrics of a realistic head geometry. 

 

Node 

Location 

HbR HbO 

FWHM 

(mm) 

Localization 

error (mm) 

Effective 

resolution 

(mm) 

FWHM 

(mm) 

Localization 

error (mm) 

Effective 

resolution 

(mm) 

All 

nodes 

Shallow (28.1±9.4) (9.7±6.2) (41.6±13.8) (31.7±11.6) (11.2±7.0) (46.7±15.9) 

Deep (30.2±9.8) (14.4±6.0) (48.3±12.5) (33.1±11.2) (15.4±6.2) (52.3±13.3) 

Overall (29.1±9.7) (11.9±6.5) (44.8±13.6) (31.3±11.9) (12.2±7.8) (48.1±16.1) 

Within 

FOV 

Shallow (27.2±8.7) (5.3±2.9) (36.0±10.3) (29.8±10.3) (7.1±4.0) (41.2±11.3) 

Deep (27.5±9.5) (5.7±3.4) (36.8±10.6) (30.0±10.4) (7.5±4.1) (42.1±11.0) 

Overall (27.3±9.1) (5.5±3.2) (36.4±10.5) (26.2±9.6) (5.7±3.7) (37.8±11.1) 

Sparse patch: FWHM (21.6±4.6), Localization error (5.3±2.0), Effective resolution (29.9±5.2) 

(White, 2012) 
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regions of the SFG. However, overall, these metrics were superior to the previous case (Figure 

4-7) as described above for both HbO and HbR. 

 

The metrics for nodes within the defined FOV were significantly smaller than those away 

from the optodes. Also, for the nodes within FOV, the differences in the metrics between the deep 

and shallow regions were much smaller than those outside FOV (Table 4-2). For the within-FOV 

nodes of HbO, the overall mean and standard deviation of FWHM, localization error, and effective 

resolution were (23.3±4.3) mm, (3.4±1.6) mm, and (27.9±6.1) mm, respectively. For HbR, the 

overall mean and standard deviation of FWHM, localization error, and effective resolution were 

(19.6±2.7) mm, (2.5±1.4) mm, and (22.8±3.4) mm, respectively. 

4.3.2 DOT reconstructions using motor task experimental data 

 

Inspection of the movies of reconstructed inverse results revealed pronounced activity in the 

contralateral motor cortex in response to the right-hand hand clenching. These brain activations 

are shown in Figure 4-9 as window-averaged (10-25 s) spatial maps projected on a cortical surface 

for four sessions of a representative participant. Data from all four sessions were averaged and 

used for reconstruction to improve localization further. This yielded a more localized 

Table 4-2 PSF-based metrics of a high-resolution head model with high-density optode cap. 

 

Node 

Location 

HbR HbO 

FWHM 

(mm) 

Localization 

error (mm) 

Effective 

resolution 

(mm) 

FWHM 

(mm) 

Localization 

error (mm) 

Effective 

resolution 

(mm) 

All 

nodes 

Shallow (22.8±5.4) (6.4±5.5) (31.7±11.4) (26.8±6.9) (7.6±6.3) (36.9±13.4) 

Deep (27.0±6.7) (11.6±5.8) (41.8±11.4) (30.2±7.3) (12.9±6.1) (45.5±11.1) 

Overall (24.8±6.4) (8.9±6.2) (36.5±12.5) (28.4±7.3) (10.1±6.7) (41.0±13.1) 

Within 

FOV 

Shallow (19.5±2.7) (2.5±1.4) (22.7±3.3) (23.3±4.4) (3.3±1.5) (28.0±6.4) 

Deep (19.7±2.8) (2.6±1.4) (23.0±3.5) (23.2±4.1) (3.5±1.6) (27.8±5.6) 

Overall (19.6±2.7) (2.5±1.4) (22.8±3.4) (23.3±4.3) (3.4±1.6) (27.9±6.1) 

Sparse patch: FWHM (21.6±4.6), Localization error (5.3±2.0), Effective resolution (29.9±5.2) 

(White, 2012) 
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reconstruction, as shown in Figure 4-9E, and reduced variations outside the primary motor cortex 

(M1) in individual session data. Results from all sessions showed consistent spatial activation 

patterns in Figure 4-9. Additional participant reconstruction results for session-averaged data are 

shown in Figure 4-10. These maps also exhibit pronounced brain activity in the contralateral motor 

cortex. These results on the experimental motor task data provide confidence that the BW-DOT 

can accurately localize brain activity. 

 

 

 

Figure 4-9 Motor task data reconstructions of a representative participant. 

Volume to cortical surface projection of reconstructed changes in concentration of HbO for a 

right-hand clenching block-design motor task. Each projection was time-averaged (10-25 s 

window) for all four sessions (a-d) and session-averaged data (e). Figure adapted from Khan 

et al. (2019). 
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To study dynamic changes in brain activity behind efforts to clench the hand repetitively, 

reconstruction results from the experimental data were further analyzed. Figure 4-11 shows the 

timing maps revealing temporal dynamics of three brain areas: (1) M1, (2) premotor cortex (PMC), 

and (3) supplementary motor area (SMA). These maps showed timing information (columns) 

across sessions (rows) and session average (the last row). Through qualitative visual inspection, 

time was recorded when brain areas of interest displayed pronounced activation. The first column 

represented recorded times at which cortical activations became observable in any brain area. 

Interestingly, some activity could be seen in the PMC and SMA for S2, S3, and session average 

(visually not apparent because of a uniform colorbar). This could be attributed to the motor 

preparation for upcoming movements. 

 

 

Figure 4-10 Motor task data reconstructions for other participants. 

Volume to cortical surface projection of reconstructed changes in concentration of HbO for a 

right-hand clenching block-design motor task. Session-averaged data was used for 

reconstruction. Each projection was time-averaged (10-25 s window).  
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M1 started to show lateralized activations (3.4±0.4) s following hand clenching. The delay 

can be attributed to neurovascular coupling, in which the hemodynamic activity lags the neural 

activity by a few seconds. At this time, PMC displayed lateralized suppression. However, it started 

to display lateralized activity (5.1±0.9) s after M1. Interestingly, some ipsilateral activity was also 

observed. For example, there was an increase in HbO concentration in the M1 area for S1 and 

session-averaged data. In addition, a decrease in HbO concentration was seen in M1 at the time of 

activation of SMA (see the fourth column) across all sessions and PMC (S1 and S2). The bilateral 

role of M1 in motor control is well reported in neuroimaging data. The variance in ipsilateral brain 

activity across sessions could be attributed to individual differences in control strategies, usually 

active brain processes. This is consistent with previous experiments, for example, studies involving 

EEG (Ding et al., 2011). SMA was also active before M1 activation (S2 and S3) and during M1 

activation (all sessions except S1). This is consistent with previous literature where SMA is 

thought to be related to motor planning and coordination. Interestingly, SMA also started to show 

activity several seconds after stopping hand clenching. Although, at the onset, this activity was 

predominantly lateralized contralateral to the clenching, later, however, bilateral activations 

(Gerloff et al., 1998) soon followed. 
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Figure 4-11 Dynamics of motor reconstructions. 

Timing map showing temporal dynamics of the sensorimotor and adjacent areas for four 

sessions (row 1-4) and session-averaged (row 5) data. First column represents recorded time 

at which significant activity started to display in the sensorimotor area. M1, PMC and SMA 

started to show significant activations as seen in columns 2-4 respectively. Figure adapted from 

Khan et al. (2019). 
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4.4 Summary and discussion 
 

In this chapter, the performance of the BW-DOT framework was evaluated in reconstructing 

changes in concentrations of HbO and HbR using simulation and motor task experimental data. 

These reconstructions, or in other words, inverse solutions, closely followed the known ground 

truths in each experiment described in the methods part of this chapter. To quantify the spatial 

spread of the reconstructions, a study was conducted to understand the distribution of the PSF-

based metric values on a realistic head geometry constructed from high-quality surface meshes. 

Such an evaluation of these metrics was previously reported using patch-based regional DOT 

systems on a simple two-layer head geometry (White, 2012). Our current evaluation of these 

metrics on cap-based whole-head systems provided useful knowledge of the distribution of these 

metrics on a realistic head geometry with different resolutions and with whole-cap optode montage 

of different densities.  

Our results show that the localization errors (Section 4.2.1) are almost identical to data 

reported from a patch-based DOT only covering limited cortical regions. At the same time, the 

FWHM and effective resolution metrics are comparable to metrics reported from the patch-based 

DOT system calculated on a relatively simpler head geometry, i.e., a regional epicortical surface 

patch (White, 2012), but still relatively inferior because of the brain-wide coverage and the 

consideration of realistic cortical structures, both of which are not considered in the patch-based 

DOT. Note that while using a FEM model with higher resolution and higher optode density 

resulted in superior metrics, however, the improvement in these metrics is not enough to outweigh 

the logistic challenges and potential problems involved with increasing the optode density to such 

as level (See Section 3.8 for a discussion on these challenges and problems).  
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The PSF-based metrics showed a dependence on depth, i.e., the metrics were lower in quality 

in deeper cortical regions (i.e., sulci) than the shallow regions (i.e., gyri). This depth effect was 

more prominent in cortical areas away from the optodes (outside FOV). This effect was expected 

due to the reduced sensitivity at nodes outside FOV. A possible solution to this problem is to 

include more optodes in the cap montage. It is noted that this FOV (within 25 mm) includes parts 

of the cortical sulcus structures but could not reach deep brain areas like the insular cortex and 

thalamus. The capability of mapping relatively deep structures (i.e., cortical sulci) might be 

enabled by long-distance emitter-receiver pairs used for recordings. However, as PSF-based 

metrics are sensitive to the factors influencing reconstruction performances, these metrics could 

be used in a future study to optimize the proposed BW-DOT system. 

Since we used only one head model, a comprehensive simulation-based assessment based on 

multiple head models is worth investigating. Moreover, only a subset of mesh locations (2879) 

was used for calculating the metrics due to the computational demands. In the future, we expect to 

include more if not all locations in the head model's FEM mesh. The potential strategies to further 

improve BW-DOT performance include the use of higher-quality FEM meshes, improved inverse 

procedures, and optimized optode placement schemes. An investigation of PSF-based metrics on 

realistic head geometries for our proposed cap-based whole-head diffuse optical tomography 

system suggest comparable performance over sparse optodes patch-based regional systems. These 

metrics are sensitive to factors that influence reconstruction qualities associated with diffuse 

optical tomography. 

The performance of the BW-DOT method in reconstructing motor brain activation patterns 

evoked by a simple motor task was also evaluated. Data from several participants in multiple 

repeated sessions were analyzed. Using experimental data, BW-DOT could accurately localize 
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motor sources, consistent with previously reported literature (White et al., 2009, Ding et al., 2011). 

Moreover, these results were reliable because they were consistent over four sessions, and we 

obtained these results from several participants (Figure 4-10). In addition, to block averaging data, 

we also used session-averaged data, which resulted in more localized reconstructions.  

Finally, a timing analysis of reconstructed results was performed, revealing rich temporal 

information of three brain areas within the motor network for motor control. Pleasingly, these 

results were consistent with previously reported literature, e.g., Ding et al. (2011). It is worth 

noting that EEG is not efficient at reconstructing SMA sources because of its close-vicinity and 

bilateral nature on the middle wall that tends to cancel off current dipoles (Ding et al., 2011). 

However, since DOT is principally based on blood hemodynamics, it is not susceptible to these 

canceling effects. Overall, these experiments collectively demonstrate that the proposed BW-DOT 

framework can accurately reconstruct brain activity with a large FOV covering the majority of the 

cortex. These results provide the confidence that the proposed framework has the spatiotemporal 

resolution to reconstruct brain-wide resting-state activity. 
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5. DOT resting-state networks 

 

This chapter has been adapted from the following peer-reviewed publication with permission from 

IOP Publishing: 

  

Khan, A. F., Fan Zhang, Han Yuan, and Lei Ding. "Brain-wide functional diffuse optical 

tomography of resting state networks." Journal of Neural Engineering 18, no. 4 (2021): 046069. 

DOI: https://doi.org/10.1088/1741-2552/abfdf9) 
 

 

5.1 Introduction 

 

The BW-DOT framework was introduced in Chapter 3. In Chapter 4, we evaluated the DOT 

part of this framework using known ground truth consisting of simulation and experimental data. 

The results from these experiments suggested that the BW-DOT framework has sufficient 

spatiotemporal resolution to reconstruct brain-wide RSNs. In this chapter, we tested the BW-DOT 

framework using resting-state data from healthy human participants to reconstruct brain-wide 

RSNs.  

Our results revealed a comprehensive set of RSNs and their subnetworks, which collectively 

cover almost the entire neocortical surface of the human brain, both at the group level and among 

individual participants. The spatial patterns of these DOT RSNs suggest statistically significant 

similarities to fMRI RSN templates. Our results also reported the networks involving the mPFC 

and precuneus that had been missed in previous DOT RSN studies. Furthermore, RSNs obtained 

from HbO and HbR suggest similarity in terms of the number of RSN types reconstructed and their 

corresponding spatial patterns, while HbR RSNs show statistically more similarity to fMRI RSN 

templates and HbO RSNs indicate more bilateral patterns over two hemispheres. In addition, the 

BW-DOT framework allowed consistent reconstructions of RSNs across individuals and recording 

sessions, indicating its high robustness and reproducibility, respectively. 

https://doi.org/10.1088/1741-2552/abfdf9
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5.2 Materials and methods 

 

5.2.1 Experimental protocols 

 

This study was approved by the OUHSC IRB. Thirteen healthy adult participants (Age: 31.7 

± 9.3 years) were recruited without any neurological or neuropsychiatric disorders. Written 

informed consent was obtained from every participant before the study. 

Two same-day data recording sessions were performed on each participant sitting in a 

comfortable dark and sound-damped room. Recording data on the same day attempted to reduce 

the possibility of changes to RSNs because of factors such as sleep deprivation (Kaufmann et al., 

2016, De Havas et al., 2012, Yeo et al., 2015) and stress (Soares et al., 2013). E-Prime (Psychology 

Software Tools, Sharpsburg, PA) software was used to program the visual cues (black arrows on 

a gray background) and instructions displayed on an LCD monitor located about 90 cm from the 

participant. In each session, participants performed a task section of right-hand clenching for about 

4 minutes and a resting-state section for about six minutes. Only the resting-state data from the 

two sessions were analyzed in the present study, as our goal was to reconstruct RSNs.  

Structural head MRI of participants was acquired using a GE Discovery MR750 whole-body 

3-Tesla MRI scanner (GE Healthcare, Milwaukee, WI, USA). The following parameters were set: 

FOV = 240 mm, axial slices per slab = 180, slice thickness = 1 mm, image matrix = 256×256, 

TR/TE = 8.45/3.24 ms. FEM head models were created as described in Chapter 3. Data from 

fNIRS optodes, auxiliary sensors, and EEG sensors (not analyzed in the present study) were 

simultaneously recorded. fNIRS data were collected by a dual-wavelength (760/850 nm) CW-

fNIRS system (NIRx GmbH, Germany) at a sampling rate of 6.25 Hz. The fNIRS system 

comprised 34 LED sources, 31 avalanche photodetectors, and 8 SS detectors (IOD: 8 mm), which 

jointly formed 109 LS and 8 SS channels. The FOV, represented by the spread of the sensitivity 
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profile from the Jacobian matrix, is dependent on the quantity and position of the optodes 

(Dehghani et al., 2009a). The optodes were placed on an elastic cap (EASYCAP GmbH, 

Herrsching, Germany) designed with the 10-5 system (Oostenveld and Praamstra, 2001). These 

optodes were uniformly distributed across the entire scalp to maximize FOV while maintaining 

high density (IOD mean: 3.65 ± 0.44 cm, mode: 2.98 cm, min: 2.98 cm, max: 4.56 cm). 

Consequently, the sensitivity profile of the optode cap covered the most superficial cortical 

structures. The 3D locations of the optode and head landmarks (nasion, left, and right preauricular 

areas) were recorded using the Polhemus Patriot handheld electromagnetic digitizer 

(polhemus.com). The peripheral measurements included a triaxial MEMs accelerometer, 

photoplethysmography sensor, and pneumatic respiratory belt that were worn by participants on 

the forehead, left index finger, and abdomen to record head motions, cardiac rhythms, and chest 

movements, respectively. Data from these peripheral sensors were recorded by connecting to the 

auxiliary input ports of a 64-channel EEG amplifier (Brain Vision, NC, USA) at a sampling rate 

of 500 Hz. 

5.2.2 Data analysis protocols 

 

The following data analysis protocol was applied to resting-state fNIRS data, separately, for 

HbO and HbR and two recording sessions from thirteen participants. fNIRS data were pre-

processed with the HOMER2 fNIRS toolbox (Huppert et al., 2009) and our proprietary 

MATLAB® scripts. Specifically, the raw light intensity data were converted to OD by taking their 

log ratios to the average of the time courses. Power spectral densities (PSD) of the OD data were 

calculated using Welch’s method (window: 60 s, 50% overlapping). Long channels that lacked the 

heartbeat frequencies (0.8-1.6 Hz) in the OD PSD data (indicating potential poor optode-scalp 

contact) were rejected. The OD data were then bandpass filtered (0.009 Hz to 0.08 Hz). 
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Bad data segments corresponding to excessive head movements were removed using the 

metric of global variance in temporal derivative (GVTD) (Sherafati et al., 2017, Sherafati et al., 

2020a). The time points that had GVTD values larger than 3 times the mean GVTD value across 

all time points were identified. Then time windows of 16 s centered at these time points were 

masked as bad time segments and excluded from further analyses. The PC-SS that represented the 

global physiological activity (see Section 3.4.1) was calculated. The auxiliary measurements, 

including triaxial acceleration, respiration, and cardiac activity, were bandpass filtered (0.009 Hz 

to 0.08 Hz) to generate nuisance regressors that accounted for physiological activity. The PC-SS, 

auxiliary regressors, and a 3rd-order polynomial drift were then included in the design matrix as 

nuisance regressors in a GLM procedure to remove non-neuronal signals (see Section 3.4.1). Then, 

the regressed OD data were subject to the inverse reconstruction procedure (see Section 3.3), 

yielding the volumetric inverse solution data 𝑥⃑̂𝑘(𝑡) (𝑘: index of participants), which were spatially 

smoothed (using 6 mm spherical kernel) to reject high-frequency spatial noise (Friston et al., 

1995). These smoothed data were subjected to gSICA analysis (see Section 3.5) and SCT 

reconstruction (see Section 3.7) to estimate spatial patterns of IC from inverse OD data.  

Obtained spatial patterns of independent components were then matched (via visual 

inspection) to a set of previously reported fMRI RSN (f-RSN) templates (Yeo et al., 2011) to 

define d-RSNs, while those independent components that could not be matched to any of the f-

RSN templates were excluded from further analysis. These binary template spatial maps (i.e., 1 

for nodes inside the spatial coverage of an f-RSN and 0 for outside nodes) were defined on the 

standard FreeSurfer cortical model allowing direct spatial comparison to obtained independent 

components. Matched d-RSNs set included the visual (V), somatomotor (SM), DMN, FPN, DAN, 



84 
 

 

VAN, auditory (A), limbic (L), and PCC networks. Multiple d-RSNs matched to a single f-RSN 

template map were defined as subnetworks differentiated by numerical indices. 

5.2.3 Evaluation and validation protocols 

 

5.2.3.1 Spatial similarity of DOT RSNs to fMRI RSN templates 
 

The matching of d-RSNs and their corresponding template maps was quantitatively evaluated 

using two spatial matching metrics, i.e., template-matching degree (TD) (Greicius et al., 2007) and 

spatial correlation (SC) (Noda and Ozaki, 2005). For both matching metrics, z-score values 

defining d-RSNs (Eq. 3-16) were first converted to absolute values since the binary f-RSN 

templates did not carry sign information. The TD metric was defined as follows: 

 𝑇𝐷(𝑖, 𝑗) =
𝑍𝑖𝑛(𝑖, 𝑗) − 𝑍𝑜𝑢𝑡(𝑖, 𝑗)

𝑍𝑖𝑛(𝑖, 𝑗) + 𝑍𝑜𝑢𝑡(𝑖, 𝑗)
 5-1 

where 𝑖 and 𝑗 represented the indices for f-RSN and d-RSN, respectively. 𝑍𝑖𝑛(𝑖, 𝑗) and 𝑍𝑜𝑢𝑡(𝑖, 𝑗) 

were z-scores of the d-RSN 𝑗 (Eq. 3-16) averaged over all source nodes inside and outside the f-

RSN template 𝑖, respectively. The SC metric was calculated between the vectorized z-score values 

of a d-RSN and the vectorized binary values of an f-RSN template. Higher positive TD and SC 

values indicated greater spatial similarity between the two compared spatial maps. TD and SC 

metrics were calculated for all possible pairs of f-RSN templates and d-RSNs to build confusion 

matrices (see Figure 5-3 for an example) for both HbO and HbR at the group and individual 

participant levels. For each group-level confusion matrix, the diagonal values (matched pairs) were 

compared with the off-diagonal values (unmatched pairs) for statistical significance testing (t-test 

with Bonferroni correction). Spatially matching a d-RSN to a target f-RSN template may also 

result in a partial match to other f-RSN templates that are close neighbors of the target f-RSN 

template, resulting in positive off-diagonal values of a confusion matrix. Thus, diagonal values 
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from the confusion matrix were further statistically compared with the positive-only off-diagonal 

values to test whether the similarities of matched pairs were statistically significantly higher than 

those of unmatched pairs but had spatial closeness. For participant-level confusion matrices, the 

metric values of the matched, unmatched, and positive-only unmatched pairs were calculated 

separately for individual d-RSNs and statistically compared (t-test with Bonferroni correction) for 

each type of d-RSN using data from all participants as samples. 

5.2.3.2 HbO vs. HbR DOT RSNs 
 

Based on the group-level confusion matrices (built-in Section 5.2.3.1) corresponding to HbO 

and HbR, the differences between HbO and HbR d-RSNs were quantitatively evaluated for TD 

and SC metric values from both data recording sessions. Specifically, the metric values of HbO 

were statistically (t-test with Bonferroni correction) compared with the metric values of HbR for 

the matched pairs (the diagonals of confusion matrix) and, separately, for the unmatched pairs (the 

off-diagonals of confusion matrix). The comparison was then extended to the participant level, 

where, based on the participant-level confusion matrices (also built from Section 5.2.3.1), the 

metric values of HbO and HbR were statistically compared (t-test with Bonferroni correction) for 

each type of d-RSN using data from all participants as samples. HbO and HbR d-RSN spatial maps 

were further directly compared with each other without first matching them to the f-RSN 

templates. Since no binary template was involved, an alternative metric to TD, i.e., spatial overlap 

(OL) (Gomaa and Fahmy, 2016), was used to quantitatively assess the extent of spatial overlap 

between the HbO and HbR d-RSNs together with SC. The metric OL was defined as: 

 𝑂𝐿 (𝑎, 𝑏) =
|𝑎 ∩ 𝑏|

𝑚𝑖𝑛( |𝑎|, |𝑏|)
 5-2 
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where a and b were binarized (using thresholded spatial maps of group-level d-RSNs as masks, 

see Figure 5-1and Figure 5-2) sets corresponding to HbO and HbR d-RSNs, respectively. SC and 

OL metrics were calculated for all possible pairs of HbO and HbR d-RSNs to build confusion 

matrices (see Figure 5-7 for an example) at the group and individual participant levels. Statistical 

comparisons between diagonal and off-diagonal metric values with all d-RSNs combined from the 

group-level confusion matrices and separately for individual d-RSNs from the participant-level 

confusion matrices were similarly conducted as in Section 5.2.3.1. 

5.2.3.3 Reproducibility of DOT RSNs 

To assess the repeatability of reconstructed d-RSNs, we hypothesized that the HbO and HbR 

d-RSNs were consistent across the two data recording sessions. To test this hypothesis, two-factor 

analysis of variance (ANOVA) tests (Glantz et al., 1990) with independent variables of Pairs, i.e., 

matched and unmatched, and Sessions were applied separately on TD and SC metric values 

corresponding to participant-level confusion matrices (built-in Section 5.2.3.1) for HbO and HbR 

d-RSNs resulting in a total of four tests. To test whether d-RSNs from individual participants were 

consistent with the group-level d-RSNs (Chen et al., 2008), it was hypothesized that spatial 

correlations between participant-level d-RSNs and their corresponding group-level d-RSNs should 

be positive and statistically higher than zero correlations. Unthresholded participant-level d-RSNs 

(𝑧̄𝑘(𝑗, 𝑛) in 3-15) were correlated to the corresponding unthresholded group-level d-RSNs 

(𝑧̄𝑔𝑟𝑜𝑢𝑝(𝑗, 𝑛) in 3-16) using the SC metric for all participants. A non-parametric approach was 

used to test the significance of these SC values (t-test with Bonferroni correction) to the 

distribution of SC values for null correlations created by calculating all combinations of unmatched 

group-level and participant-level d-RSNs. The process was repeated separately for HbO and HbR 

d-RSNs and data from two recording sessions. 
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5.3 Results 

 

5.3.1 Spatial patterns of DOT RSNs 

 

Using BW-DOT, we reconstructed nineteen brain-wide HbO d-RSNs at the group level, 

yielding eleven unique d-RSNs, and seven suggested subnetworks (Figure 5-1). Note that only one 

independent component (data not shown) could not be matched to the template set. Three d-RSNs 

were identified as two subnetworks (V1a, V1b, and V2) belonging to the visual network. These 

identified subnetworks primarily covered the superior occipital gyrus (V2), middle occipital gyrus 

(V1a, V1b), dorsal part of the inferior occipital gyrus (V1a, V1b, V2), and rostral part of the 

inferior occipital gyrus (V1a, V1b). V1a and V1b covered mostly the lateral part of the visual 

cortex and part of the ventral visual stream, while V2a covered the medial part of the visual cortex. 

The subnetwork V1 showed hemispheric dominance, while V2 exhibited bilateral symmetry. 

These two subnetworks cut across the calcarine fissure, with V1 and V2 more dominant ventral 

and dorsal to the fissure, respectively. Two d-RSNs were identified as the SM network. The 

identified SM d-RSNs primarily covered the postcentral gyrus (SMa and SMb), precentral gyrus 

(SMa and SMb), and inferior parietal lobule (SMa). Unlike SMb, SMa was bilateral. Interestingly, 

the lateral and medial parts of the SMa showed a negative correlation with each other. The sensory 

and motor cortices were joined together. They mainly were separated from their association 

cortices, which is consistent with the literature (Yeo et al., 2011). 
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Only one RSN was identified as the limbic RSN (L), which consisted of the ventral part of 

the SFG and the frontal pole. Bilateral symmetry was observed for this network with slight right 

hemispheric dominance. Similarly, only one RSN was identified covering the PCC. The 

reconstructed PCC primarily covered the precuneus with some spread to parts of the cuneus and 

paracentral lobule. Although the auditory regions were also present as active in a few d-RSNs, it 

was exclusively present in two d-RSNs with high left (Aa) and right (Ab) hemispheric dominance, 

respectively. 

More distributed networks were also reconstructed beyond the regional networks described 

above. Two symmetric d-RSNs were identified as DAN, which primarily covered the frontal eye 

fields (DANa and DANb) bilaterally but had hemispheric dominance. A closely coordinating 

network with DAN to achieve attentional control is VAN which comprises the temporoparietal 

junction (TPJ), ventral frontal cortex (VFC) (Vossel et al., 2014), and parts of SFG (Yeo et al., 

2011). Four d-RSNs were identified as two VAN subnetworks (VAN1 and VAN2). These d-RSNs 

primarily covered the TPJ (VAN1), VFC (VAN1a, VAN2a), and dorsal (VAN1) and ventral 

(VAN2) parts of SFG. VAN1a and VAN1b had bilateral symmetric patterns, whereas VAN1c and 

VAN2a showed hemispheric dominance.  

As suggested by fMRI data, two d-RSNs were identified as FPN, a large-scale and widely 

distributed RSN (Yeo et al., 2011). These reconstructed d-RSNs primarily covered anterior brain 

regions: middle frontal gyrus (MFG) (FPNa) and IFG (FPNa); and posterior brain regions: inferior 

parietal lobe (FPNa and FPNb) and dorsal part of SFG (FPNa). The FPNa showed a bilateral 

network with both anterior and posterior nodes. In contrast, FPNb showed pronounced dominance 

in the right hemisphere and the absence of anterior nodes.  
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Finally, two d-RSNs were identified as the DMN, a large-scale and widely distributed network 

in fMRI, and the most widely studied f-RSN (Yeo et al., 2011). Both reconstructed DMN d-RSNs 

primarily covered parts of mPFC, the medial part of MFG, and the dorsal part of IFG. They showed 

left (DMNa) and right (DMNb) hemispheric dominance, respectively. Some spatial extent of the 

network was also present on the temporal pole (DMNb). These results demonstrate that the 

reconstructed d-RSNs and their subnetworks span regional cortical areas (mainly for basic sensory 

functions) as well as widely distributed cortical areas (mainly for higher-order functions). The 

spatial distributions of these d-RSNs collectively cover almost the entire superficial structures of 

the cortex, reach the depth as much as of PCC, and resemble f-RSNs in literature. 

5.3.2 Spatial match of DOT RSNs to fMRI RSNs templates 

 

The group-level spatial matching of HbO d-RSNs to f-RSNs templates yielded color-coded 

confusion matrices for the quantitative metrics of TD (Figure 5-3A) and SC (Figure 5-3C). Large 

positive TD and SC values for diagonal elements (boxed with black lines) confirmed the spatial 

similarity between the matched reconstructed d-RSN (horizontal axis) and the corresponding f-

RSN template (vertical axis). Positive off-diagonal entries indicated possible confusion due to a d-

RSN overlapping partially with the unmatched f-RSN template(s). This confusion is more 

prominent in closely spaced d-RSNs such as between SM and A, between PCC and V2, and 

between VAN/L and DMN.  

Statistically, both TD and SC values from all matched pairs of d-RSNs and f-RSNs (white 

bars in Figure 5-3B and Figure 5-3D, respectively) were found to be significantly higher (p < 1e-

17 and p < 1e-34 respectively, corrected) than those metric values from all unmatched pairs (blue 

bars in Figure 5-3B and Figure 5-3D), indicating that overall the group-level d-RSNs (Figure 5-1) 

were spatially similar to their matched templates.  
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Furthermore, both TD and SC values from all matched pairs of d-RSNs and f-RSNs were 

found to be statistically significantly higher (p < 1e-5 and p < 1e-7 respectively, corrected)than 

those from positive-only unmatched pairs (black bars in Figure 5-3B and Figure 5-3D), which 

indicated that matched d-RSN and f-RSN pairs still had the highest spatial matching metric values 

in general. At the same time, there were some spatial overlaps between neighbored d-RSNs. 

 

 

Figure 5-3 Group-level HbO confusion matrices between d-RSNs and f-RSNs template maps. 

(A) and (C) and HbR (E) and (G) chromophores and the quantitative metrics of TD (A) and 

(E) and SC (C) and (G). Means and standard deviations of metric data calculated from each 

confusion matrix for matched pairs (boxed by thick solid lines in diagonals), positive-only 

unmatched pairs, and unmatched pairs are presented for HbO TD (B), HbO SC (D), HbR TD 

(F), and HbR SC (H), together with their statistical differences tested using t-test (Bonferroni-

corrected). 
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Next, all TD and SC metric data were broken down for individual d-RSNs (see Section 

5.2.3.1). The means and standard deviations of TD (Figure 5-4A and Figure 5-4C for sessions 1 

and 2, respectively) and SC values (Figure 5-4B and Figure 5-4D for sessions 1 and 2, respectively) 

for matched pairs (white bars), unmatched pairs (blue bars), and positive-only unmatched pairs 

(black bars) were calculated from participant-level confusion matrices for each HbO d-RSN 

(horizontal axes). Mean values of both the TD and SC metrics from all matched pairs were 

significantly (at least p < 1e-7, corrected) higher than those from all corresponding unmatched 

 

Figure 5-4 Comparison of participant-level HbO d-RSNs and f-RSNs template maps. 

Means and standard deviations of metric data for individual d-RSNs calculated from all 

participant-level confusion matrices for matched pairs (white bars), positive-only unmatched 

pairs (black bars), and unmatched pairs (blue bars) are plotted for TD (A and C) and SC (B and 

D) for two recording sessions, together with their statistical differences tested using t-test 

(Bonferroni-corrected). 
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pairs in all d-RSNs and in both sessions, indicating that overall, the participant-level d-RSNs were 

spatially similar to their matched templates.  

 

Moreover, in most d-RSNs from both recording sessions, the mean values of both the TD and 

SC metrics from the matched pairs were significantly (at least p< .05 with the majority of p<< .01, 

corrected) higher than those from the positive-only unmatched pairs. It is noted that data from only 

three out of four conditions (two sessions and two metrics) for DMN, two out of four for FPN, and 

one out of four for VAN1 survived the Bonferroni correction, where all these d-RSNs involved 

more distributed spatial patterns. Furthermore, the d-RSNs with regional patterns (i.e., V, SM, L, 

 

Figure 5-5 Comparison of participant-level HbR d-RSNs and f-RSNs template maps. 

Means and standard deviations of metric data for individual d-RSNs calculated from all 

participant-level confusion matrices for matched pairs (white bars), positive-only unmatched 

pairs (black bars), and unmatched pairs (blue bars) are plotted for TD (A, C) and SC (B, D) for 

two recording sessions, together with their statistical differences tested using t-test 

(Bonferroni-corrected). 
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PCC, and A) exhibited higher TD and SC metric values (Figure 5-4) in general as compared to d-

RSNs with distributed patterns (i.e., DAN, VAN, FPN, and DMN). A quantitative analysis (Figure 

5-6) confirmed that these differences were statistically significant (p< .01, corrected) in HbO d-

RSNs for both data sessions and metrics. 

 

5.3.3 HBR DOT RSNs and their comparisons with HBO DOT RSNs 

 

Eighteen brain-wide d-RSNs were identified from HbR data (see Section 5.2.2), yielding a 

total of eleven unique d-RSNs, and five of them suggest subnetworks (Figure 5-2). Note that only 

two IC (data not shown) could not be matched to the template set. Generally, the spatial patterns 

 

Figure 5-6 Comparison of the regional and distributed DOT RSNs. 

Means and standard deviations of quantitative metric data for regional (white bar) and 

distributed (black bar) d-RSNs calculated from each group-level confusion matrix for matched 

pairs are plotted for two contrasts, two recording sessions, and two metrics, together with their 

statistical differences tested using t-test (Bonferroni-corrected). (A) HbO, session 1, TD; (B) 

HbO, session 1, SC; (C) HbO, session 2, TD; (D) HbO, session 2, SC; (E) HbR, session 1, TD; 

(F) HbR, session 1, SC; (G) HbR, session 2, TD; (H) HbR, session 2, SC. 
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of HbR d-RSNs resembled those of HbO d-RSNs. Meanwhile, some minor differences were also 

observed. Firstly, the HbR d-RSNs exhibited less crosstalk between RSNs than HbO d-RSNs. For 

example, HbO DANa, VAN1a, VAN1c, PCCa, and FPNb included more of the lateral temporal 

lobe (Figure 5-1) than the corresponding HbR d-RSNs (Figure 5-2). Secondly, some bilateral HbO 

d-RSNs, such as DANa and DANb, were observed as less bilateral in HbR d-RSNs, i.e., DANb 

and DANc, respectively.  

 

Similar to HbO (see Section 5.3.2), at the group level, the spatial similarities between matched 

 

Figure 5-7 Comparison between HbO and HbR DOT RSNs. 

Group-level confusion matrices between HbO and HbR d-RSNs for two quantitative metrics 

of SC (A) and OL (C). Means and standard deviations of metric data calculated from each 

confusion matrix for matched pairs (boxed by thick solid lines in diagonals), positive-only 

unmatched pairs (not available for OL), and unmatched pairs are plotted for SC (B) and OL 

(D), together with their statistical differences tested using t-test (Bonferroni-corrected). 
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reconstructed d-RSNs and corresponding f-RSN templates were found in both TD (diagonal 

elements in Figure 5-3E) and SC metrics (diagonal elements in Figure 5-3G). The confusions 

observed among the closely spaced HbO d-RSNs, i.e., between SM and A, PCC ad V2, and VAN/L 

and DMN, are also similarly observed in HbR d-RSNs. Similar to HbO, both the TD and SC values 

from all matched pairs of d-RSNs and f-RSNs (white bars in Figure 5-3F and Figure 5-3H, 

respectively) were found to be significantly higher (p < 1e-19 and p < 1e-39, respectively, 

corrected) than metric values from all unmatched pairs (blue bars in Figure 5-3F and Figure 5-3H), 

indicating that overall the group-level HbR d-RSNs (Figure 5-2) were spatially similar to their 

assigned templates.  

 

 
Figure 5-8 Quantitative comparison of group-level HbO and HbR d-RSNs using TD. 

Means and standard deviations of TD metric data for HbO d-RSNs (white bars) and HbR d-

RSNs (black bars) calculated from group-level confusion matrices (Figure 5-3) for matched 

pairs and unmatched pairs are plotted for recording session 1 (A) and session 2 (B), together 

with their statistical differences tested using t-test (Bonferroni-corrected). 
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Furthermore, both the TD and SC values from all matched pairs of d-RSNs and f-RSNs were 

found to be statistically significantly higher (p < 1e-5 and p < 1e-5, respectively, corrected) than 

those from positive-only unmatched pairs (black bars in Figure 5-3F and Figure 5-3H), which 

indicated that matched HbR d-RSN and f-RSN pairs had the highest spatial matching metric values 

in general. At the same time, there were some spatial overlaps between neighbored d-RSNs. 

When TD and SC metric data were broken down for individual d-RSNs (Figure 5-5), similar 

to HbO RSNs, mean TD and SC values from all matched pairs were significantly (at least p < 1e-

3, corrected) higher than those from all unmatched pairs in all d-RSNs and both sessions. 

Moreover, for most d-RSNs from both data recording sessions, the mean TD and SC values from 

the matched pairs were significantly (p<< .01 with one p < .05, corrected) higher than those from 

the positive-only unmatched pairs. It is noted that data from none of the four conditions (two 

sessions and two metrics) for DMN and only three out of four for FPN survived the Bonferroni 

 
Figure 5-9 Quantitative comparison of group-level HbO and HbR d-RSNs using SC. 

Means and standard deviations of SC metric data for HbO d-RSNs (white bars) and HbR d-

RSNs (black bars) calculated from group-level confusion matrices (Figs. 3B and E) for matched 

pairs and unmatched pairs are plotted for recording session 1 (A) and session 2 (B), together 

with their statistical differences tested using t-test (Bonferroni-corrected). 
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correction, where all these d-RSNs involved more distributed spatial patterns. Also, similar to HbO 

d-RSNs, the networks with regional patterns (i.e., V, SM, L, PCC, and A) exhibited high TD and 

SC metric values in general as compared to the d-RSNs with distributed patterns (i.e., DAN, VAN, 

FPN, and DMN) (Figure 5-5). A quantitative analysis (Figure 5-6) confirmed that these differences 

in the SC metric were statistically significant in both sessions (at least p< .05, corrected).  

 

The direct comparison of reconstructed d-RSNs of the two chromophores using SC and OL 

metrics yielded the group-level confusion matrices (Figure 5-7, for brevity, only data from one 

session were presented). High positive values for both SC (Figure 5-7A) and OL (Figure 5-7C) in 

the diagonal elements of the corresponding confusion, matrices indicate that the HbO and HbR d-

 

Figure 5-10 Quantitative comparison of participant-level HbO and HbR d-RSNs using TD. 

Means and standard deviations of TD metric data for HbO d-RSNs (white bars) and HbR d-

RSNs (black bars) calculated from participant-level confusion matrices for matched pairs (A-

B) and unmatched pairs (C-D) are plotted for the two recording sessions, together with their 

statistical differences tested using t-test (Bonferroni-corrected). 
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RSNs generally matched with each other, supporting the observations in the indirect comparisons 

using f-RSN templates as discussed above. Similar to the comparisons against f-RSN templates, 

the confusions among the closely spaced d-RSNs, i.e., between SM and A, PCC ad V2, and VAN/L 

and DMN, were similarly observed. Statistically, both SC and OL values from all matched pairs 

of HbO and HbR d-RSNs (white bars in Figure 5-7B and Figure 5-2D, respectively) were found 

to be significantly higher (p < 1e-41 and p < 1e-18 respectively, corrected) than metric values from 

all unmatched pairs (blue bars in Figure 5-7B and Figure 5-2D). 

 

Furthermore, the SC values from all matched pairs of HbO and HbR d-RSNs were found to 

be statistically significantly higher (p < 1e-8, corrected) than from positive-only unmatched pairs 

 

Figure 5-11 Quantitative comparison of participant-level HbO and HbR d-RSNs using SC. 

Means and standard deviations of SC metric data for HbO d-RSNs (white bars) and HbR d-

RSNs (black bars) calculated from participant-level confusion matrices for matched pairs (A-

B) and unmatched pairs (C-D) are plotted for the two recording sessions, together with their 

statistical differences tested using t-test (Bonferroni-corrected). 
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(black bar in Figure 5-7B). Beyond indicating similar HbO and HbR d-RSN patterns in general, it 

was interesting to note that the template matching-based comparisons further indicated that d-

RSNs reconstructed from HbR data were better matched to f-RSN templates than HbO d-RSNs 

(Figure 5-8). For both sessions 1 and 2, the mean TD metric values of HbR were statistically higher 

than those from HbO in matched pairs (p < .05 and p < 1e-3, respectively, corrected). In 

comparison, the mean values of the TD metric from HbR were statistically lower than those from 

HbO in unmatched pairs in session 2 (p < .01, corrected). 

 

 A similar trend was also observed when TD data from individuals were grouped into 

individual RSNs for comparisons (Figure 5-10). Specifically, a total of thirteen significant 

differences (at least p < 0.05, corrected) over TD data between HbO and HbR d-RSNs were 

observed for matched pairs from the two recording sessions, in which eleven of these showed 

significantly higher TD values from HbR than those from HbO d-RSNs. For the unmatched pairs, 

a total of twelve significant differences (at least p < 1e-3, corrected) between HbO and HbR were 

observed for the two recording sessions, and eight of these indicate significantly lower TD values 

from HbR than those from HbO. Such statistically significant differences between HbO and HbR 

were not observed in the metric of SC at the group level (Figure 5-9), and the trend for similar 

Table 5-1 Two-way ANOVA tests on TD and SC metric values. 

 TD SC 

H
b

O
 Source of variation F Prob>F  F Prob>F 

Pairs 5914.4 0 Pairs 1557.2 0 

Sessions 0.16 0.69 Sessions 0.15 0.70 

Interaction 0.62 0.43 Interaction 0.00 0.96 

H
b

R
  F Prob>F  F Prob>F 

Pairs 6631.5 0 Pairs 1241.8 0 

Sessions 1.06 0.30 Sessions 0.25 0.62 

Interaction 0.98 0.32 Interaction 0.21 0.65 
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differences was also not obviously observable at the participant level (Figure 5-11). 

5.3.4 Reproducibility of DOT RSNs along time and across participants 

 

The ANOVA analysis (Table 5-1) on TD with samples from individuals showed a strong 

significant effect of the factor Pairs, i.e., between matched and unmatched pairs, in HbO 

(F=5914.4, P< .0000) and HbR (F=6631.5, P< .0000) d-RSNs. In contrast, no significant effect 

was found for the factor Sessions in HbO (F=0.16, P< .69) and HbR (F=1.06, P< .30) d-RSNs.  

 

Similarly, for SC, the ANOVA test showed a strong significant effect of the factor Pairs in 

both HbO (F=1557.2, P< .0000) and HbR d-RSNs (F=1241.8, p< .0000). In contrast, no significant 

effect was found for the factor Sessions in both HbO (F=0.15, p< .70) and HbR d-RSNs (F=0.25, 

 

Figure 5-12 Spatial correlations between group-level and participant-level DOT RSNs. 

Means and standard deviations of SC metric data between unthresholded participant-level d-

RSNs and unthresholded group-level d-RSNs for both HbO (A and C) and HbR (B and D) for 

two recording sessions, together with their statistical differences tested using t-test 

(Bonferroni-corrected). 
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p< .62). Moreover, no significant interactions were present between these two factors for TD and 

SC metrics in both HbO and HbR. These data indicated the reproducibility of reconstructed d-

RSNs across different datasets and the consistency of reconstructed d-RSNs in different 

individuals. Furthermore, as described in Sections 5.3.2 and 5.3.3, the differences in TD and SC 

metric values between d-RSNs with regional and distributed patterns (Figure 5-4, Figure 5-6, and 

Figure 5-5) and the differences of TD metric values between HbO and HbR d-RSNs (Figure 5-8 

and Figure 5-10) were consistently preserved across the two recording sessions (both significant 

or insignificant differences), which supported the reproducibility of reconstructed d-RSNs across 

different datasets. 

The mean and standard deviation of SC values between the unthresholded participant-level 

and group-level d-RSNs calculated for session 1 (Figure 5-12A, B) and session 2 (Figure 5-12C, 

D) for HbO and HbR d-RSNs were all positive-valued and statistically greater (at least p < 1e-3, 

corrected) than zero correlations (see Section 5.3.3). It was further observed that the SC values 

across different d-RSNs showed consistent patterns between data from two recording sessions. 

These facts directly indicated the consistency of reconstructed d-RSNs from both HbO and HbR 

in different individuals.  

5.4 Discussion 

The present study tested BW-DOT in reconstructing resting-state brain networks based on 

near-infrared spectroscopy with a cap-based whole-head optode montage. We uncovered a 

comprehensive set of RSNs, and their subnetworks based on both HbO and HbR signals, 

collectively covering the majority of the human neocortex. The spatial patterns of these 

reconstructed RSNs exhibited high similarities to template maps of fMRI RSNs and between HbO 
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and HbR. Furthermore, these reconstructed RSNs showed high reproducibility among recording 

sessions within and across participants. 

5.4.1 Reconstruction of multiple brain-wide RSNs 

 

The present study demonstrated the feasibility of reconstructing brain-wide multiple RSNs 

using a new DOT technology. Our results indicate the similar spatial patterns of DOT-based RSNs 

to corresponding RSNs from fMRI, consistent with previous DOT-based RSN studies (White et 

al., 2009, White et al., 2012, Ferradal et al., 2016). Beyond that, due to the use of cap-based, whole-

head optode montage, our results also report a large number of simultaneously reconstructed 

RSNs, which is close to the common number of RSNs, e.g., 10 (Damoiseaux et al., 2006b) or 17 

(Yeo et al., 2011), studied with fMRI. In the previous DOT studies, only part of the neocortex was 

imaged, leading to the investigation of limited RSNs, such as visual networks (White et al., 2012), 

somatomotor networks (White et al., 2009), and auditory networks (Ferradal et al., 2016). There 

are also DOT RSN studies that have reported more distributed networks, e.g., DMN, DAN, and 

FPN (Eggebrecht et al., 2014, Aihara et al., 2020). However, due to the limited spatial coverage 

of optodes, these studies either reported missing nodes for distributed networks (Eggebrecht et al., 

2014) or limited functional connectivity between pre-selected anatomic regions (Aihara et al., 

2020). 

Our present study is based on the achievements of mapping individual RSNs in these reported 

DOT studies and, meanwhile, attempts to advance DOT-based technologies in simultaneously 

mapping a large number of collectively brain-wide RSNs. Specifically, mapping a large number 

of brain-wide RSNs is significant because 1) it provides a better perspective on the membership 

of distributed nodes for individual RSNs; 2) it makes it possible to map whole-brain inter-RSN 

connectivity maps as in fMRI (Bressler and Menon, 2010), which provide insights to basic 
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neuroscience questions (De Luca et al., 2006, Damoiseaux et al., 2006b) and potential for clinical 

use (Bressler and Menon, 2010). As an example of defining membership nodes for individual 

RSNs, our DOT results revealed mPFC and PCC (Figure 5-1 and Figure 5-2), which were both 

missed in previous DOT RSN studies (Eggebrecht et al., 2014), similar to the anterior and posterior 

subnetworks of DMN, respectively, as reported in previous fMRI studies. This was achieved as 

the cap-based whole-head montage has filled the gap in the frontal and medial regions previously 

unavailable. The identification of these two RSNs is of clinical value as their connectivity changes 

have been associated with normal aging (Buckner et al., 2008, Andrews-Hanna et al., 2007) and 

deterioration related to Alzheimer’s disease (Sorg et al., 2007). 

As mentioned above, the spatial patterns of reconstructed RSNs (Figure 5-1 and Figure 5-2) 

collectively resemble a comprehensive set of RSNs established in fMRI (Yeo et al., 2011). These 

networks span regional and distributed cortical areas based on their functional differences. A 

quantitative comparison between our present results to previously reported DOT RSNs is 

challenging because of differences in, for example, FOV, optode density, reconstruction methods, 

statistical methods, and the lack of availability of standard template maps. It is common to validate 

DOT RSNs with reference to well-established fMRI RSNs (Wheelock et al., 2019). Therefore, the 

present study has utilized fMRI data from a large-scale study (Yeo et al., 2011) for quantitative 

assessments of reconstructed DOT RSNs. The adopted quantitative metrics for spatial patterns 

indicate the spatial similarity between reconstructed DOT RSNs and fMRI RSNs at both group 

(Figure 5-3) and participant levels (Figure 5-4 and Figure 5-5). These similarities in spatial patterns 

were consistent in data from two recording sessions.  

Beyond quantitative metrics, we observe similarities and differences between reconstructed 

DOT RSNs and template maps based on visualizations of their spatial patterns (Figure 5-1 and 
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Figure 5-2). Firstly, while most of the reported fMRI RSNs have bilateral symmetric patterns 

(Biswal et al., 1995, Damoiseaux et al., 2006b, Yeo et al., 2011, Agosta et al., 2012), our results, 

on the other hand, reveals that the RSNs are both bilateral as well as lateralized. For example, 

DANa and DANb are bilateral, while both also indicate hemispheric dominance. Similarly, SMa 

shows bilateral distributions, while SMb exhibits lateralized patterns. Other bilateral patterns 

appear in symmetric cortical regions across the two hemispheres that are close to each other, such 

as V2a, VAN1b, La, and PCCa. On the other hand, other lateralized patterns include V1a, V1b, 

Aa, Ab, DMNa, and DMNb. It is also important to note that these lateralized d-RSNs appear as 

pairs with hemisphere-symmetric spatial patterns, e.g., V1a vs. V1b, Aa vs. Ab, and DMNa vs. 

DMNb. While less reported, lateralized RSN patterns have been reported in fMRI literature (Smith 

et al., 2009b). Furthermore, the phenomena of hemispheric dominance and localization have been 

more widely reported in high-sampling rate imaging modalities, e.g., fNIRS (Medvedev, 2014) 

and EEG source imaging studies (Thatcher et al., 2007, Yuan et al., 2012, Ding et al., 2014, Li et 

al., 2018).  

Secondly, while most previous DOT studies have reported RSNs, our results indicate 

subnetworks among several RSNs. This is consistent with fMRI literature (Smith et al., 2009b). 

The reference templates for validating RSNs in the present study also include subnetworks (Yeo 

et al., 2011). Specifically, our results indicate subnetworks for visual networks and VAN (Figure 

5-1 and Figure 5-2), while no subnetworks were detected in RSNs that were otherwise reported in 

the reference templates. It is worth noting that visual network subnetworks are more prominent 

than other RSNs, a pattern similar to several fMRI (Smith et al., 2009b) and EEG RSN studies (Li 

et al., 2018). In fMRI, these subnetworks could be detected more easily with an increased order of 

components in ICA analysis (Smith et al., 2009b). 
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The phenomena of differences between DOT and fMRI RSNs on hemisphere symmetry and 

detectability of subnetworks might potentially be due to the intrinsic dynamic nature of RSNs 

themselves (Deco et al., 2011). The dynamic nature of brain networks in individual RSNs, and the 

whole-brain level has been documented in fMRI data of humans (Allen et al., 2014a, Chang and 

Glover, 2010, Hindriks et al., 2016) and animals (Matsui et al., 2016, Gutierrez-Barragan et al., 

2019). Our results, therefore, seem to suggest the dynamic nature of reconstructed RSNs because 

of the presence of subnetworks for several RSNs, where symmetric lateralized RSNs could also 

be considered as paired subnetworks. The ability of fNIRS and EEG source imaging to detect 

subnetworks may also be attributed to the high data sampling rate that enhances the 

discriminability of subnetworks that dynamically form a network. 

5.4.2 HbO vs. HbR DOT RSNs 

Previous task-based studies have found differences in using HbO and HbR contrasts (Devor 

et al., 2005, Culver et al., 2005, Sheth et al., 2004) in mapping brain activations, which have been 

attributed to different signal-noise-ratios (White et al., 2009) and compartmental sensitivity (Dunn 

et al., 2005) for these optical contrast signals. However, only small differences have been observed 

in previous DOT-based RSN studies (White et al., 2012, White et al., 2009, Eggebrecht et al., 

2014). Our study extends this similar observation from individual RSNs in previous studies to a 

set of multiple collectively brain-wide RSNs. Specifically, reconstructed RSNs from both HbO 

(Figure 5-1) and HbR (Figure 5-2) are similar to each other in general when they are compared as 

an entire set (Figure 5-7). Individual RSNs are also visually very similar to each other, especially 

for visual, somatomotor, DAN, limbic, PCC, and auditory networks (Figure 5-1 Figure 5-2). At 

the same time, the quantitative metrics (Figure 5-8 and Figure 5-11) further reveal that HbR RSNs 

are slightly but statistically significantly better aligned with fMRI RSNs, which is probably 
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because the BOLD contrast in fMRI signals is primarily sensitive to paramagnetic HbR molecules 

(Buxton, 2013). On the other hand, HbO RSNs reconstructed from BW-DOT seem more 

distributed than HbR RSNs in a few individual networks, i.e., DANa, DANb, and FPNa, which 

are more consistent with fMRI RSNs. Meanwhile, HbO RSNs also exhibit over-sensitivity in the 

lateral temporal lobe that is shown up in multiple networks (Figure 5-1), which are not consistent 

with fMRI RSNs. In summary, HbO- and HbR-based DOT RSNs are, in general, consistent with 

each other. Some small differences between them indicate complementary benefits of each 

contrast, which might also suggest the usefulness of total hemoglobin signals, i.e., the combination 

of HbO and HbR, in mapping RSNs (Devor et al., 2005, Culver et al., 2005, Sheth et al., 2004). 

5.4.3 Reproducibility of DOT RSNs 

While recent fMRI studies have indicated that RSNs are dynamic (Allen et al., 2014a) and 

certain parts of the human cortex, e.g., the anterior cingulate cortex, medial prefrontal cortex, 

hippocampal network, and parietal and temporal networks, show functional variations throughout 

the day (Park et al., 2012), the fundamental characteristics of RSNs are in general reproducible 

across time and participants (Damoiseaux et al., 2006b, Chen et al., 2008, Zuo et al., 2010). Our 

findings support this notion and indicate that generally, HbO and HbR RSNs detected in DOT are 

consistent in terms of their spatial patterns and contrast differences across different recording 

sessions (Figure 5-4, and Figure 5-8; Figure 5-6, Figure 5-5, Figure 5-10, Figure 5-11, Figure 5-9; 

Table 5-1) and participants (Figure 5-12). These facts also suggest the reliability of our proposed 

framework using a cap-based whole-head optode montage and the high repeatability (consistency 

across sessions) and robustness (consistency across participants) of HbO and HbR RSNs 

reconstructed from this framework. In the current DOT RSN literature, quantitative investigations 

on the reproducibility of RSNs are largely missing. Only a few RSNs, including SM and visual 

https://www.sciencedirect.com/topics/medicine-and-dentistry/medial-prefrontal-cortex
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networks, have been reported to be qualitatively consistent across sessions (White et al., 2009) and 

participants (White et al., 2012). Our data, therefore, provide important evidence on the 

reproducibility of RSNs reconstructed from fNIRS signals, which is critical for DOT RSNs to be 

reliably used as, for example, biomarkers in the monitoring time course of disease progression 

and/or effects of drugs (Chen et al., 2008).             
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6. Coactivation pattern analysis of DOT resting-state data 

 

This chapter has been adapted from the following manuscript under review: 

  

Khan, A. F., Fan Zhang, Guofa Shou, Han Yuan, and Lei Ding. " Transient brain-wide 

coactivations and structured transitions revealed in hemodynamic imaging data." 

 

6.1 Introduction 

 

 In Chapter 5, we reconstructed brain-wide DOT RSNs and demonstrated their similarities to 

fMRI RSNs reported in the literature. These networks were static, i.e., it was assumed that the 

brain’s FC was stationary across the scan. However, the brain’s FC is nonstationary and has been 

studied by hypothesizing different neurophysiological phenomena as the basis for the observed 

correlation-based FC described in Section 2.3. To further investigate these structured 

neurophysiological phenomena that are possibly responsible for the formation of FCs in the human 

brain, the present study utilized the BW-DOT technique to map spatiotemporal structures in 

hemodynamic signals. The whole-head coverage provides an ability to study brain-wide transient 

events, e.g., CAPs and global propagating waves, and a means for estimating GS that is not 

available in patch-based DOT systems. We reasoned that these capacities of BW-DOT, together 

with other denoising approaches (e.g., 8 SS channels), would also improve our ability to 

characterize the temporal dynamics of these neuronal events and better distinguish those of 

neuronal or non-neuronal origins. 

 The present pilot study investigated the spatiotemporal structures in DOT data from thirteen 

healthy participants using a CAP framework shown in Figure 6-1. We first estimated cortical RSNs 

based on HbR, using participant-specific MRI head models and state-of-the-art data preprocessing 

and reconstructions algorithms. We then adopted a framewise clustering approach on participant-
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level spatiotemporal RSN data to obtain CAPs with and without the GS regression. We further 

analyzed the spatial, temporal, and transitional properties of detected CAPs. Lastly, we 

investigated the differences in global CAPs (indicating global activity) obtained with and without 

the GS regression regarding their plausible neural relevance and relationship to GS time series.  

6.2 Materials and Methods 

 

6.2.1 Participants, experimental and data protocols 

 

The study was approved by IRB at the University of Oklahoma, and written informed consent 

was obtained from every participant before the study. A total of 20 participants were recruited for 

the study without any neurological or neuropsychiatric disorders. Three participants were not able 

to complete all data recordings. In addition, resting-state data from four participants were excluded 

from the present study due to poor data quality (primarily excessive motions). Thereafter, resting-

state data from thirteen participants (31.7±9.3 years, five females, eight males) were included in 

the present study. We utilized the participants’ data and experiment protocols described in Section 

5.2.1. 

6.2.2 Preprocessing of fNIRS data 

 

The preprocessing of fNIRS data followed the protocol described in Section 3.4.1 and (Zhang 

et al., 2021). Briefly, raw channel-wise light intensity data were transformed to optical densities 

(OD) by measuring their log ratios against the channel-wise means over the entire recording 

window as baselines (Huppert et al., 2009). Data from each session were preprocessed separately. 

Power spectral densities (PSDs) of OD data were calculated using Welch’s method (window 

length: 60 s, 50% overlapping) (Huppert et al., 2009). The LS-channel OD data showing no visible 

heartbeat power peaks in the frequency range of 0.8-1.6 Hz were discarded (possible inadequate 

optode-scalp contact).  
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As the sampling frequency of DOT (6.25 Hz) was sufficiently high, resting OD data were 

then bandpass filtered at 0.008-0.2 Hz (Huppert et al., 2009), in order to retain useful information 

in the higher frequency band up to 0.2 Hz (Smith et al., 2012). Bad segments corresponding to 

excessive head motions were identified based on the metric of GVTD (Sherafati et al., 2020b). 

After this step, 73.4% ±7.5 of the data in participants were retained. In order to remove the 

physiological noise related to superficial tissue absorption, motion, and pulse/respiration-related 

variations (Zhang et al., 2019, Zhang et al., 2021, Khan et al., 2021, Cheong et al., 2020), we 

computed regressors based on time courses of 8 SS channels that were evenly distributed across 

the scalp and removed them from LS-channel OD data using general linear model regression 

(referred to as the SS regression). Note that unlike Section 3.4.1, we did not perform GS regression 

in the present study as there is evidence of neuronally-relevant information in the GS (Murphy and 

Fox, 2017). 

6.2.3 Brain-wide DOT resting-state networks 

 

DOT forward modeling and the inverse solution was conducted and used as described in 

Sections 3.2 and 3.3, respectively. The source space was defined as nodes inside the brain 

(contained by the pial surface) within 45 mm of the scalp. DOT inverse volumetric data of 

individuals were mapped to individual cortical surfaces defined as the gray and white matter 

interface. The projected cortical DOT data from individuals were concatenated and subjected to a 

group-level spatial ICA (Calhoun et al., 2009) (Figure 6-1E). The number of ICs was empirically 

set to 20 (Khan et al., 2021). The participant-level IC spatial maps (Figure 6-1G) and time courses 

(Figure 6-1F) were obtained via the back-projection using the dual spatiotemporal regression, STR 

(Beckmann et al., 2009, Calhoun et al., 2009). Group-level spatial maps of ICs were then obtained 

by averaging corresponding IC spatial maps from all individuals.  
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6.2.4 Estimations of CAPs and their spatial, temporal, and transitional properties 

 

Time courses of 20 DOT RSNs (i.e., ICs) from all participants were concatenated and 

subjected to a k-means clustering analysis to find distinct CAPs with DOT RSNs as building 

blocks. To remove scale discrepancies between participants and ICs, the time course of each IC 

was normalized in each participant to obtain z-scores. After that, all participant-level z-score data 

for corresponding ICs were temporally concatenated (Figure 6-1F). The k-means++ clustering 

using the Euclidean distance metric (Arthur and Vassilvitskii, 2006) was applied to these 

concatenated z-scored IC timeframe data (20 ICs × # of time points from all participants) on the 

time dimension to yield 𝑘 clusters. The IC timeframes (each is a vector of 20 elements) from the 

same participant that were classified into the same cluster were firstly averaged to generate the 

participant-level centroids (Figure 6-1H), which represented the geometric center of the subspace 

expanded by all timeframe vectors belonging to the same cluster in a 20-dimensional space. Next, 

the participant-level spatial maps of CAPs (Figure 6-1I) were obtained as an average of the DOT 

timeframe data using cluster indices obtained from clustering. The group-level spatial maps of 

CAPs (Figure 6-1J) were obtained via averaging participant-level CAPs across all participants. 

Note that the participant-level CAPs were obtained in order to perform statistical analyses on 

spatial, temporal, and transitional metrics discussed in this section to characterize CAPs using 

participants as samples. To evaluate the spatial link among all CAPs at the group level, the 

distances between their cluster centroid vectors were calculated and projected onto a 3D space 

using a multidimensional scaling tool from MATLAB, i.e., cmdscale.m (Seber, 2009). Clustering 

was repeated with different 𝑘 values (6≤ 𝑘 ≤30) (see most results in Figure 6-4A). The curves of 

explained variance (i.e., ratio of between-cluster variance to the total variance) and explained 

variance gain were plotted to help choose an optimal cluster size, i.e., 𝑘 (Figure 6-4B). With an 



115 
 

 

elbow area in the range of 𝑘=4-7, the explained variance gain between consecutive k values 

showed a decreasing pattern and was consistently less than 2% beyond k=7. We, therefore, 

reported results from 𝑘=6 as they showed the highest stability (after performing the clustering 

several times using different seed points) and explained 87.1% of the variance. 

Following clustering, entire recording data in each participant were characterized as a 

sequence of recurring CAP events. To examine dynamic patterns in these sequences, multiple 

temporal, dynamic, and spectral metrics of CAPs were computed on each participant and then 

summarized to generate group-level statistics. An occurrence of a CAP was defined as a set of 

continuous timeframes belonging to the same CAP. The occurrence rate of a CAP was calculated 

as the ratio of its total occurrences to the total occurrences of all CAPs. The mean dwell time of 

one type of CAP was calculated as the mean time duration from all its occurrences. The mean 

interval time of one type of CAP was calculated as the mean time duration between two neighbored 

occurrences of the CAP. To probe the relationship between a pair of CAPs, the one-step transition 

probability of one type of CAP to another type of CAP (directional) was calculated as the number 

of such transitions divided by the total number of transitions in these CAP sequences. To calculate 

the PSDs of CAPs, we adopted a concept from Gutierrez-Barragan et al. (2019) to construct the 

continuous-time course of each CAP in each participant. Briefly, these participant-level CAP 

continuous-time courses were obtained via regressing participant-level normalized (z-scores) 

cortical DOT data with the group-level CAP spatial maps as regressors. Then CAP PSDs were 

calculated using the Lomb-Scargle method (Horne and Baliunas, 1986), which could better handle 

DOT data of temporal discontinuities after preprocessing (Section 6.2.2) than the popular Welch’s 

method (Welch, 1967). 

To examine the intra-cluster and inter-cluster spatial similarities among CAPs, the metric of 
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spatial correlation was used as all CAP spatial maps were defined on the standard cortical surface 

model. To study temporal correspondences of different CAPs, two types of co-occurrence analyses 

were utilized. The framewise co-occurrence analysis was applied to two different sets of clustering 

results usually obtained from the same original data but with different processing conditions (e.g., 

with or without the SS regression). Specifically, we calculated, at the resolution of single 

timeframes, the percentage ratio of overlapped occurrences of two CAPs each from different 

conditions to the total occurrences of one of two CAPs (i.e., the reference CAP of investigational 

interests). The framewise co-occurrence analysis could not investigate temporal correspondences 

of different CAPs from single clustering analysis. We, therefore, performed the co-occurrence 

analysis on predefined time windows, termed windowed co-occurrence analysis, to be 

distinguished from the one above. Specifically, the ratio between the numbers of occurrences of 

two investigated CAPs was calculated within a predefined window, termed the windowed co-

occurrence ratio (WCOR). These two temporal metrics were calculated in data from each 

participant, and their statistics were summarized at the group level.  

The mixed-effect model with multiple recording sessions (i.e., 2 in the present study) per 

participant (Holmes, 1988, Beckmann et al., 2003) was adopted to perform statistical analyses on 

CAP metrics discussed above. Each metric value being tested was separately calculated in each 

recording session data and then averaged across two sessions for each participant. These 

participant-level metric values were then tested, unless otherwise mentioned, using two-tail paired 

t-tests with Bonferroni correction (Bonferroni, 1936).  
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Figure 6-2 Brain-wide DOT CAPs. 

(A) Group-level spatial maps of HbR CAPs when k = 6, showing three anticorrelated CAP 

pairs, i.e., anterior-posterior (CAP4 and CAP5), dorsal-ventral (CAP1 and CAP2), and global 

pairs (CAP3 and CAP6); (B) group-level cluster centroids of 6 CAPs with ICs as building 

blocks. Large IC weights in each row (i.e., greater than 60% of the largest absolute value in the 

row) are denoted by solid circles (same colors used for anticorrelated CAP pairs); (C) spatial 

correlation (SC) between all possible pairs for the CAPs in (A). solid red dots: SC values < -

0.90, indicating three anticorrelated pairs; (D) mean SC values of anticorrelated pairs and non-

anticorrelated pairs of CAPs show statistically significant differences using an unpaired t-test 

(*****: p<1e-5, corrected); (E) the 3D distance map of the cluster centroids among 6 CAPs. 
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6.2.5 Relationship between CAPs and GS 

 

To probe the relationship between CAPs and GS, we tested whether the occurrences of CAPs 

locked toward specific phases of GS as such a phase-locking phenomenon had been reported 

between CAPs and GS in animal fMRI data (Gutierrez-Barragan et al., 2019). Firstly GS was 

calculated as the mean time course of all cortical node time courses within the source space in each 

participant (Section 2.3), similar to the calculation of GS in BOLD fMRI data (Zarahn et al., 1997). 

Secondly, to enhance infraslow activities (Gutierrez-Barragan et al., 2019), the obtained GS time 

course from each participant was bandpass filtered at 0.01-0.03 Hz and converted into an analytical 

signal using the Hilbert Transform (Huang et al., 1998) to yield estimations of instantaneous 

phases and amplitudes. The instantaneous phases were tabulated for each cluster and pooled across 

 

Figure 6-3 Group-level HbR DOT ICs. 

Group-level HbR DOT ICs (i.e., 20) obtained via the spatiotemporal regression, visualized on 

the standard FreeSurfer cortical surface. Most  individual ICs exhibit hemisphere-lateralized 

patterns but also show in complementary pairs with hemisphere-symmetric patterns (e.g., IC1-

IC11, IC2-IC20, IC5-IC17; IC13-IC15, IC16-IC19, etc.) 
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all participants. Then their circular distributions and means were plotted using the MATLAB 

CircStat toolbox (Berens, 2009). 

6.3 Results 

 

6.3.1 Brain-wide DOT CAPs 

 

Figure 6-2A illustrates six coactivation patterns (CAP1-6) obtained with DOT RSNs. The 

DOT RSNs as building blocks to these CAPs are shown in Figure 6-3. The spatial distributions of 

these CAPs are structured, brain-wide, and of hemispheric symmetry. Three distinct spatial 

patterns are identified among them: the dorsal-ventral (DV) pattern (i.e., CAP1, 2), the anterior-

posterior (AP) pattern (i.e., CAP4, 5), and the global pattern (i.e., CAP3, 6). The DV CAPs show 

the opposite HbR changes (positive vs. negative 𝛥𝐻𝑏𝑅) along the dorsal-ventral axis. In the 

orthogonal direction of the dorsal-ventral axis, the separation of positive and negative HbR 

changes approximately runs along the inferior frontal sulcus in the frontal cortex, cuts through the 

sensorimotor cortex above the deep lateral fissure, and then extends toward the posterior end of 

the brain roughly along the lateral occipital sulcus. On the middle wall, the separation is on the 

upper boundary of the inferior temporal cortex. The AP CAPs show the opposite HbR changes 

along the anterior-posterior axis. The separation of positive and negative HbR changes appears 

roughly along the postcentral sulcus and cuts through the posterior end of the temporal cortex in 

the orthogonal direction of the anterior-posterior axis. The global CAPs exhibit either global 

positive or negative HbR changes with diminished changes toward the tip of the temporal cortex. 
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Visual inspections reveal anticorrelated spatial patterns of two CAPs in the DV, AP, or global 

groups. This is further confirmed by the quantitative metric of pair-wise spatial correlation (SC) 

between all CAPs (Figure 6-2C). The SC between CAP1 and CAP2, i.e., the pair with DV patterns, 

 

Figure 6-4 Group-level DOT CAPs using different cluster sizes. 

(A) Group-level DOT CAPs using different k values (only results for 6 ≤ k ≤ 20 are visualized 

here). (B) Elbow plot of (right y-axis, blue curve) explained variance (%) and (left y-axis, red 

curve) explained variance gain (%) as the function of the number of clusters (2 ≤ k ≤30). 
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is -0.96, -0.91 for CAP4 and CAP5, i.e., the pair with AP patterns, and -0.97 between CAP3 and 

CAP6, i.e., the pair with global patterns. The mean SC of these pairs (i.e., -0.95) is statistically 

significantly (two-sample t-test, t(13)=6.6, p < 1e-5, corrected) lower than the mean SC (i.e., -

0.01) of all other possible pairs of CAPs (Figure 6-2D). The anticorrelated nature of these pairs is 

also evident from the weight matrix (Figure 6-2B), wherein each row is the centroid vector for a 

cluster (i.e., a CAP). Each element in the row represents the weight coefficient of each building 

block (i.e., IC or DOT RSN). Specifically, the anticorrelated pairs have their significant weight 

coefficients (i.e., > 60% of the largest) contributed mainly by the same ICs (denoted by solid circles 

in Figure 6-2B) but with opposite polarity in the paired CAPs.  

In addition to characteristic patterns in single CAPs and paired CAPs, the 3D distance map 

illustrating all cluster centroids reveals a well-structured spatial relationship among all CAPs 

(Figure 6-2E). Firstly, the three anticorrelated pairs have an almost orthogonal structure. Each CAP 

pair occupies one of three axes in the 3D space. Secondly, two CAPs in any anticorrelated pair are 

polarized separately toward either positive or negative directions of the dimensional axis. Lastly, 

the three-dimensional axes illustrated as the direct links between the three paired CAPs are then 

across over the same spatial point in the center. This spatial structure indicates that the dynamics 

of moment-to-moment brain states could be described in a 3D space by this collection of six CAPs, 

with each of them representing one spatially orthogonal pattern. The Euclidean distance between 

the projected centroids of the AP pair (2.50) was only about half of those from DV (5.07) and 

global (4.94) pairs. 

For k ranging from 6 to 20, all three spatial patterns of CAPs described above (i.e., AP, DV, 

and global) are retained (Figure 6-4A), albeit with a few changes. Some newly emerged patterns 

may be due to the sub-patterns split from the original CAPs obtained when k equals 6. For example, 
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the CAP9 from the analysis with k between 9 and 20 shows a close-to-global positive pattern with 

the temporal pole as moderately negative. This might be a sub-pattern in the original DV pattern 

with lowered positive/negative boundary. Furthermore, the CAP4 with k between 10 and 20 shows 

a DV pattern with elevated positive/negative boundary compared with the original DV pattern. 

Some other CAPs are retained, such as DV or AP patterns, but with reduced magnitudes (e.g., 

CAP18 from k between 18 and 20). The detection of sub-patterns might suggest that there are more 

detailed ingredients in the space represented by six CAPs but potentially less representative at the 

group level. 

 

6.3.2 Temporal, dynamic, and spectral measures of DOT CAPs 

 

The occurrence rates of the AP pair (23.8% and 23.3% for CAP4 and CAP5, respectively) are 

significantly higher than all other CAPs (paired t-test, t(12) ≥ 4.9, p < .001, corrected, Figure 

6-5A). The CAP2 from the DV pair occurs the least at 9.2%, which is significantly lower than all 

other CAPs (paired t-test, t (12) ≥ 5.5, p < .01, corrected) except the global CAPs. There is no 

 

Figure 6-5 Temporal and dynamic measures of DOT CAPs. 

Temporal and dynamic measures of DOT CAPs: (A) occurrence rates; (B) dwell time (dashed 

line: mean of all CAPs); (C) interval time; (D) one-step transition probability matrix of all CAPs 

from time t to t+1. Red dots: transition probabilities greater than 5%. ****: p< .0001, ***: p< 

.001, **: p< .01 *: p< .05, all corrected. Standard deviation bars were calculated across 

participants. 
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significant difference in the dwell times among CAPs, which is about 4.02 seconds on average 

(Figure 6-5B). The interval times of these CAPs are shown in Figure 6-5C. The AP pair's interval 

times (12.9 s and 13.2 s for CAP4 and CAP5, respectively) are considerably lower than all other 

CAPs (paired t-test, t (12) ≥ 3.1, p < .05, corrected). Except for the DV pair (paired t-test, t (12) 

=3.5, p < .01, corrected), there was no significant difference in interval times between two CAPs 

within a pair. 

 

Figure 6-5D illustrates the one-step transition probability matrix among 6 CAPs. Firstly, 

transitions involving the AP pair of CAPs show higher transition probabilities (enclosed by the 

solid red lines) than other transitions. Specifically, the top 5% highest CAP transitions all involve 

either CAP4 or CAP5 (red dots). Furthermore, while the mean transition probability between all 

possible CAPs is 3.33%, the mean transition rate involving either CAP4 or CAP5 is 4.63%, 

significantly greater than the overall mean transition rate (two-sample t-test, t (46) =2.5, p < .05, 

corrected). Secondly, except for the AP pair, the mean CAP transitions (1.4%) within the DV pair 

(between CAP1 and CAP2) and the global pair (between CAP3 and CAP6) were significantly 

lower than the overall mean transition rate (two-sample t-test, t (40) =3.1, p < .01, corrected). The 

CAP PSDs across all participants revealed a significant amount of power in the infraslow 

frequency band between 0.005-0.03 Hz (Figure 6-5), overlapping with the frequency band of GSs 

showing most powers, i.e., 0.008-0.06 Hz (Figure 6-5). It is noted that the cutoff frequency at the 

 

Figure 6-6 PSD of GS and DOT CAPs. 
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low boundary (i.e., 0.005Hz in CAP PSDs) is caused by the bandpass filter used in the 

preprocessing. Without it, CAP PSDs should show ~1/f power spectra that are typically observed 

in BOLD signals (He et al., 2010).  

 

Temporal discontinuities of DOT data caused by bad segment rejections in preprocessing (see 

Section 6.2.2) might potentially affect the values of temporal and dynamic metrics of CAPs 

investigated above. An analysis was performed to investigate the potential effects of temporal 

discontinuities by creating a dummy CAP (CAP7) in places where data segments were removed. 

Then all temporal metrics discussed above were re-calculated (Figure 6-7). The results are similar 

to those in Figure 6-5, which indicates that the effect of missing data on the temporal and dynamic 

metrics used in the present study does not change the distinct patterns observed in various CAPs. 

 

Figure 6-7 Effect of temporal discontinuity on the temporal and dynamic metrics of CAPs.  

(A) temporal metrics and (B) one-step transition matrix calculated using a dummy CAP (CAP7) 

in place of the data segments that were removed in the data preprocessing step. Note that we 

have discarded the metrics corresponding to the dummy CAP. 
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Figure 6-8 The spatiotemporal properties of CAPs (k = 6) in the absence of global signal. 

(A) Group-level spatial maps of brain-wide DOT CAPs; (B) Spatial correlation (SC) between 

all possible pairs for the CAPs in (A); (C) Bar plots of means and standard deviations of spatial 

correlations (SCs) between the group-level and participant-level spatial maps of CAPs. All 

CAPs show significantly higher SC values than zero (paired t-test, *****: p < .00001, 

corrected); (D) One-step transition probability matrix of all CAPs from time t to t+1; (E) PSD 

of DOT CAPs; (F) Temporal measures of DOT CAPs (left) occurrence rates (middle) dwell 

time, and (right) interval time. Paired t-tests are used for testing statistical significances with 

Bonferroni corrections, ****: p< .0001, ***: p< .001, **: p< .01 *: p< .05. 
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6.3.3 Global CAPs phase-locked to GS 

 

We hypothesized a potential linkage between GS and CAPs because 1) GS and all CAPs 

retain most signal power below 0.1Hz; 2) the occurrences of positive and negative global CAPs 

are likely leading to GS peaks and troughs; 3) no global CAPs are detected if GS is removed from 

DOT data in the analysis for all k values (see Figure 6-8A for k = 6). Therefore, we specifically 

investigated the quantitative correspondences between GS phases and CAP occurrences (Section 

6.2.5). Figure 6-9 illustrates the circular occurrence histograms of each CAP across all participants 

as functions of the instantaneous GS phase. Note that a phase of 0° and 180° represents the peak 

and trough of GS, respectively. Interestingly, the occurrences of positive and negative global CAP 

patterns are concentrated most pronouncedly around the GS peaks and troughs, i.e., CAP3 average 

phase (±std) at -6° ± 55° and CAP6 at 181° ± 55°, respectively, which are significantly different 

from a uniform circular distribution (Rayleigh test; CAP3: p = 0, CAP6: p <1e-69, corrected). 

Although the occurrences of the other four CAPs also indicate non-uniform circular distributions, 

their standard deviations are much wider (CAP1: ±74°, CAP2: ±78°, CAP4: ±79°, and CAP5: 

±77°), and their magnitudes of the resultant vectors indicating the average phases are much lower. 

 

Figure 6-9 GS phase histograms of DOT CAPs. 

GS phase histograms of DOT CAPs. Each plot is a circular histogram of occurrences of a CAP 

pooled from all participants as a function of the GS instantaneous phase at the resolution of 

200/bin. Solid black line: magnitude of the resultant mean vector; arc: 95% confidence intervals 

of estimated mean vectors; 00: GS peaks; and 1800: GS troughs. 
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The mean normalized magnitude of the resultant vectors at the centered average phases of global 

CAPs is 0.46, which is significantly greater than the mean magnitude of 0.082 from the other four 

CAPs (two-sample t-test, t (4) =10.7, p < .001, corrected). 

6.3.4 Plausible neuronal relevance for global CAPs 

 

Repeating the above ICA and clustering analysis after removing GSs in participant-level data, 

our results indicate no detection of global CAPs (Figure 6-8A). Due to the debates on the origins 

of GS in the past decade (Murphy and Fox, 2017), it is important to understand whether the 

detected global CAPs are of neuronal relevance. Therefore, we have performed further analyses to 

search for evidence of neuronal relevance for the detected global CAPs.  

While removal of GS is a well-established procedure in BOLD fMRI in dealing with non-

neuronal systematic fluctuations, it is more difficult in fNIRS, particularly for patch-based systems 

(Wheelock et al., 2019), due to the absence of whole-brain coverage. On the other hand, non-

neuronal hemodynamic systemic fluctuations in fNIRS have been often estimated using the SS 

channels (ICD: <15 mm) (Gagnon et al., 2012, Goodwin et al., 2014) as such channels are only 

sensitive to superficial extracerebral tissues, e.g., scalp (Saager and Berger, 2008). The SS 

regression used in the present study based on such an estimate of systemic fluctuations has been 

demonstrated to effectively remove non-neuronal signals recorded with LS channels (Zhang et al., 

2021). As a result, the detected global CAPs with the SS regression in preprocessing provide the 

first set of evidence for their potential neuronal relevance. 



128 
 

 

 

 

Figure 6-10 Investigation of neuronal origins of global CAPs. 

Investigation of neuronal origins of global CAPs. (A) Group-level CAPs without SS regression 

at k=8; (B) GS phase histograms of these eight CAPs; (C) framewise co-occurrences between 

8 CAPs in (A) and 6 CAPs in Figure 6-2A. Percentage value on each bar: the ratio of co-

occurrences between a Figure 6-10A CAP (each sub-plot) and a Figure 6-2A CAP (each bar in 

a sub-plot) to total occurrences of the Figure 6-10A CAP; (D) windowed co-occurrence ratios 

(WCORs) between the numbers of occurrences of two paired CAPs (CAP2 vs. CAP3 for GS 

peaks and CAP1 vs. CAP8 for GS troughs) for variable window lengths. The WCOR metric 

was calculated twice for each pair, each with one of two CAPs as the reference CAP. X/Xs: 

mean dwell time and mean transit time of each reference CAP. The inset shows an enlarged 

view of these plots for the window lengths less than 200 seconds. 
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To further support this evidence, one way is to test whether the absence of SS regression in 

preprocessing would result in additional global CAPs due to non-neuronal systematic fluctuations 

and whether these additional global CAPs are separatable from two original global CAPs in Figure 

6-2. Therefore, we repeated the same analysis on the same fNIRS dataset but without the SS 

regression (k=6 to 20). An empirical metric, i.e., the percentage ratio of global CAPs (PRGC) out 

of all CAPs as a function of k (see details about PRGC in Figure 6-11), was calculated to evaluate 

the difference in the number of global CAPs with and without the SS regression. The PRGC metric 

data indicate a large difference in the number of global patterns only with the k value between 8 

and 11, supporting our hypothesis that non-neuronal systematic fluctuations lead to additional 

global CAPs. As our previous results indicate that CAPs primarily exist in anticorrelated pairs 

(Figure 6-2A), we performed further studies on CAPs obtained without the SS regression at k = 8 

(Figure 6-10A). All eight CAPs were consistently observed across participants (Figure 6-14). 

From the spatial patterns, CAP4 and CAP6 form the AP pair homologous to CAP4 and CAP5 

in Figure 6-2A, respectively, and CAP5 and CAP7 form the DV pair homologous to CAP2 and 

CAP1 in Figure 6-2A, respectively. The results from the framewise co-occurrence analysis indicate 

that the occurrences of CAP4 and CAP6 in Figure 6-10 are dominantly overlapped with the 

occurrences of CAP4 and CAP5 in Figure 6-2A, respectively. Similarly, the occurrences of CAP5 

and CAP7 in Figure 6-10A are dominantly overlapped with the occurrences of CAP2 and CAP1 

in Figure 6-2A, respectively. These temporal correspondences establish the reliability of DV and 

AP brain states and the robustness of results from the clustering analysis in detecting them under 

different conditions (i.e., with or without the SS regression). Such reliability and robustness 

provide strong confidence in the observations below on global CAPs where changes are expected 

between the conditions with or without the SS regression. 
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Four CAPs, i.e., CAP1, CAP2, CAP3, and CAP8, exhibit global patterns in Figure 6-10A. 

Via visual inspections, CAP1 and CAP3 resemble the two original global CAPs in Figure 6-2A 

(CAP6 and CAP3, respectively). Two additional global CAPs, i.e., CAP2 and CAP8, show 

 

Figure 6-11 Percentage ratio of global CAPs (PRGC). 

To evaluate potential changes in the number of global CAPs between different analysis 

conditions (e.g., with or without SS regressions), an empirical metric, PRGC, was calculated 

as the ratio of global CAPs to total CAPs in one analysis at different k values. CAPs in each 

analysis were identified as global CAPs if their spatial correlations (absolute values) to a 

selected global template CAP were higher than 0.55. (A) Illustration of spatial correlation 

values of CAPs in Figure 6-4A to their selected global CAP template (i.e., CAP3 at k=6); (B) 

PRGC metric values at different k values for CAPs obtained with and without SS regression. 

Dotted lines: mean PRGC metric values for these two conditions. We observe that this metric 

is relatively a constant for different k values with the exception in the range between k=8 and 

k=11, where DOT data without SS regression exhibit more global CAPs than DOT data with 

SS regression. 
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moderately anticorrelated HbR changes at the anterior part of the temporal lobe, which are slightly 

different from the two global CAPs in Figure 6-2A. The pair of CAP2 and CAP8 in Figure 6-10A 

also preserved hemispherically symmetric anticorrelated patterns, like all other CAPs in both 

Figure 6-2A and 6A.  Furthermore, the four global CAPs in Figure 6-10A indicate strong phase-

locking to GS. In comparison, four non-global CAPs (i.e., AP and DV pairs) are not phase-locked 

to GS (Figure 6-10B), consistent with those observed in Figure 6-2B. The co-occurrence analysis 

(Figure 6-10C) indicates that the occurrences of CAP3 in Figure 6-10A are dominantly overlapped 

with the occurrences of CAP3 in Figure 6-2A. The occurrences of CAP1 in Figure 6-10A primarily 

overlap with the global state CAP6 and a non-global state CAP5 in Figure 6-2A. On the contrary, 

both CAP2 and CAP8 in Figure 6-10A significantly overlap with four and three CAPs (>10% for 

each) in Figure 6-2A, respectively, including global and non-global CAPs. These spatial and 

temporal correspondences indicate two types of global CAPs in Figure 6-10A that are 

spatiotemporally distinguishable. Specifically, the pair of CAP1 and CAP3 are potentially of 

neuronal relevance (like the original global CAPs in Figure 6-2A). In contrast, the two additional 

global CAPs, i.e., CAP2 and CAP8, are introduced possibly due to non-neuronal systematic 

fluctuations.  

As the two types of global CAP pairs (i.e., the original global CAP pair and the additional 

global CAP pair) are both phase-locked to GS peaks and troughs, we next investigated if the two 

types of global CAP pairs occupied different subsets of GS peaks (for the positive global ones: 

CAP2 vs. CAP3) and troughs (for the negative global ones: CAP1 vs. CAP8) using a windowed 

co-occurrence analysis. Specifically, we centered a window, which varied from 0.5 to 100 seconds 

in the step of a single timeframe (0.16 seconds), to a GS peak (or trough) with the original global 

positive CAP (or the original global negative CAP) as the reference to calculate values of the 
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metric WCOR and then repeated the calculation with the additional global positive CAP (or the 

additional global negative CAP) as the reference. We focused the resulted group-level WCOR 

values (Figure 6-10D) on two window sizes: <=6 seconds which is halfway between the mean 

dwell time (~4 seconds, Figure 6-5B) of four global CAPs and the mean time between a pair of 

neighboring peak and trough of GS (8.7 seconds); and >40 seconds as the mean interval time of 

the four global CAPs is about 40 seconds (Figure 6-5C). The WCOR values corresponding to the 

window size <=6 seconds are below 12% regardless of the type of the reference CAP, which 

indicates that each GS peak or trough and its surrounding timeframes are mainly occupied by one 

type of global CAPs (see examples of overlay of GS peaks, troughs, and CAPs in Figure 6-12).  

In other words, two types of global CAPs are phase-locked to different subsets of GS peaks 

and troughs. For window size >40 seconds, the WCOR values are roughly between 30% and 40%  

regardless of the type of the reference CAP. Moreover, these values plateau between 40-100 

seconds window sizes, which indicates that each type of CAPs largely occurs in clusters. In other 

words, one type of phase-locked global positive or negative CAP largely occurs consecutively. 

These observations indicate that the phase-locked occurrences of two types of global CAPs are 

temporally separable in relation to GS peaks/troughs, which further supports that the two types of 

global CAPs have different origins. 
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6.3.5 Brain-wide CAPs at individual participants 

 

We investigated if CAPs could be detected at the participant level. Figure 6-13A illustrates the 

spatial maps of six CAPs obtained from data from one participant. Although spatially noisier, they 

strongly resemble the group-level CAPs (Figure 6-2A). Three pairs of distinguished patterns are 

identifiable, including AP (CAP4 and CAP5), DV (CAP1 and CAP2), and global patterns (CAP3 

and CAP6), which further indicate anticorrelated features in each pair (Figure 6-13B-C). 

 

Figure 6-12 Exemplar illustrations of occurrences of four global CAPs in Figure 6-10A. 

Illustrations of occurrences of four global CAPs in Figure 6-10A on GS time courses from all 

participants (P1 – P13) from session 1. Only occurrences of these four global CAPs within a 

window (3.36 s) centered around GS peaks and troughs are shown. 
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Moreover, the participant-level spatial maps of all six CAPs are matched with their 

corresponding group-level maps with statistically significant spatial correlations greater than zero 

(paired t-test, p < .00001, corrected, Figure 6-13D and Figure 6-8C). These findings suggest that 

FC variations in the brain can be consistently observed at the participant level. 

 

Figure 6-13 Participant-level brain-wide DOT CAPs. 

Participant-level brain-wide DOT CAPs. (A) Spatial maps of CAPs from a representative 

participant corresponding to those in Figure 6-2A; (B) spatial correlation (SC) between all 

possible pairs for the CAPs in (A); solid red dots: SC values < -0.79, indicating three 

anticorrelated pairs; (C) mean SC values of anticorrelated pairs and non-anticorrelated pairs of 

CAPs show statistically significant differences using an two-sample t-test (***: p< .001, 

corrected);  (D) SCs between the group-level and participant-level spatial maps of CAPs show 

significantly higher values than zero (paired sampled t-test, *****: p < .00001, corrected). 
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6.4 Discussion 

 

6.4.1 Brain-wide coactivations indicating recurring brain states 

 

For the first time, the present study reports the detection of brain-wide CAPs in hemodynamic 

signals recorded with a wearable whole-brain high-density optical imaging system operating in the 

near-infrared range, known as DOT, on healthy human participants. Our results of DOT CAPs 

show distinctive spatiotemporal features of CAPs that resemble findings in BOLD fMRI data. 

Firstly, our data indicate that resting-state fluctuations of whole-brain hemodynamic signals can 

be accounted for with a relatively small number of brain-wide functional states, i.e., 6 CAPs, which 

is consistent with the number of CAPs reported in recent fMRI literature, e.g., 6 (Yang et al., 2021) 

and 8 CAPs (Janes et al., 2020). Small numbers of brain-wide functional states have been similarly 

reported in animal BOLD data, e.g., 3 (Liang et al., 2015) and 6 CAPs (Gutierrez-Barragan et al., 

2019). In comparison to the classical BOLD RSN studies, these CAP numbers are considerably 

 

Figure 6-14 Bar plots of means and standard deviations of spatial correlations (SCs) between 

the group-level and participant-level spatial maps of CAPs in Figure 6-10A. 

Bar plots of means and standard deviations of spatial correlations (SCs) between the group-

level and participant-level spatial maps of CAPs in Figure 6-10A. All CAPs show significantly 

higher SC values than zero (paired t-test, *****: p < .00001, Bonferroni corrected). 
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lower than the number of RSNs, e.g., 10 (Damoiseaux et al., 2006a), 17 (Yeo et al., 2011), and 20 

(Smith et al., 2009a), reported with fMRI data, but at a similar level to the number of dynamic 

brain states estimated from cross-RSN functional connectivity (FC) in resting-state fMRI, e.g., 7 

(Allen et al., 2014b). This fact is consistent with the definitions of CAPs in the present study, 

which are identified as a weighted combination of a set of DOT RSNs (Figure 6-3). Therefore, 

each CAP represents interactions among multiple RSNs (and transient in nature due to their short 

dwell times), which is, in concept, similar to the cross-RSN FC (Allen et al., 2014b). However, it 

is important to note that brain states defined in cross-RSN FCs are estimated based on the metric 

of correlation over preselected time windows, which are different from the CAP analysis based on 

individual timeframes. Interestingly, multiple RSNs have been reported to transiently change 

together in the concept of CAPs in both human (Yang et al., 2021) and animal fMRI data 

(Gutierrez-Barragan et al., 2019).  

On the other hand, large numbers of CAPs have also been reported, e.g., up to 16 (Chen et al., 

2015), 20 (Karahanoğlu and Van De Ville, 2015), and 30 CAPs (Liu et al., 2013), from selected 

fMRI timeframe data showing local intensity peaks in a priori anatomically seeded regions. 

Moreover, the CAPs based on predetermined regions of interest have established close 

relationships with RSNs (Liu et al., 2013). The CAPs reported in the present study are identified 

using a different approach via clustering all timeframe data without being restricted by polarity 

and intensity of local hemodynamic signals, which allow regionally unbiased detections of 

transient recurring patterns. Therefore, the CAPs in the present study are believed to be more 

representative of brain-wide functional states, which has been termed manifold CAPs (Gutierrez-

Barragan et al., 2019) as each CAP is defined by a subspace (the mathematical definition of a brain 
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state) spanned by the collection of timeframes assigned from clustering in the total 20-dimensional 

space (i.e., 20 ICs as building blocks in the present study).  

Secondly, the spatial maps of brain states in CAPs show bilaterally symmetrical patterns. In 

humans (Yeo et al., 2011, Smith et al., 2009a) and anesthetized monkeys (Vincent et al., 2007b), 

a hemodynamic resting-state FC often exhibits bilateral symmetry across two cerebral 

hemispheres, which is even preserved in humans with complete agenesis of the corpus callosum 

(Tyszka et al., 2011). The majority of coactivation studies with BOLD fMRI have also reported 

CAPs with symmetrical spatial patterns in humans (Liu et al., 2013, Liu et al., 2018a, Karahanoğlu 

and Van De Ville, 2015, Chen et al., 2015) and animals (Gutierrez-Barragan et al., 2019, Liang et 

al., 2015). It is important to note that spatial patterns of ICs, as the building blocks of CAPs, mostly 

exhibit asymmetrical patterns (Figure 6-3), albeit in complementary pairs (e.g., the IC2-IC20 pair 

for the dorsal attention network and the IC13-IC15 for the somatomotor network), which is 

consistent with previously reported DOT RSNs (Khan et al., 2021). This observation indicates that 

the bilateral symmetry of CAPs could result from temporally coordinated activations of multiple 

RSNs. It is plausible that the bilateral coordination across hemispheres is transient, which is better 

detected in the framewise clustering analysis but not in the static ICA analysis. This hemispheric 

symmetry of CAPs in the present study is preserved despite increasing the k value (Figure 6-4A), 

ruling out the possibility of it being forced due to a small number of CAPs, e.g., 6.    

Thirdly, DOT CAPs show strongly anticorrelated spatial patterns in pairs, i.e., AP, DV, and 

global pairs (Figure 6-2). In the fMRI literature, strong brain-wide anticorrelation patterns are 

common in resting-state FCs and CAPs. In humans, the phenomenon of anticorrelation in RSNs 

has been observed using the conventional windowed correlational method, e.g., between sensory 

regions and default mode regions (Allen et al., 2014b) and between distributed task-positive and 
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task-negative brain networks (Fox et al., 2005) (Liu et al., 2013). In animals, the phenomenon of 

anticorrelation has been reported with CAPs in resting mice (Gutierrez-Barragan et al., 2019). The 

anticorrelations might be expressed because of separate neuronal processes responsible for 

competing interests (Fox et al., 2005), such as task focus vs. stimulus-independent thought 

(Giambra, 1995). Although there have been doubts that the phenomenon of anticorrelation might 

be artificially introduced due to the GS regression (Murphy et al., 2009), the anticorrelation 

patterns have been reported in the absence of GS regression (Chai et al., 2012). The results in the 

present study also show strong anticorrelations in the CAP spatial patterns obtained in the absence 

of GS regression (Supplementary Figure 3A, B, see more discussions in Section 6.4.3).  

Lastly, our results further indicate one pair of DOT RSNs showing global positive and 

negative patterns, which has been reported when hemodynamic data are analyzed using techniques 

other than correlation-based methods (Yousefi et al., 2018, Matsui et al., 2019, Ma et al., 2020) . 

For example, the global coactivation patterns have been identified in human hemodynamic data 

without removing GS using a quasiperiodic pattern-searching algorithm (Yousefi et al., 2018). 

Transient global coactivations have been observed in searching globally propagating waves in both 

hemodynamic and neural signals from rodents (Matsui et al., 2019). A recent human EEG study  

further identifies global coactivations in electrical signals (Ding et al., 2021). 

6.4.2 Spatiotemporal metrics of CAPs indicate structured transitions among brain 

states 

 

The philosophy of coactivation analysis in studying dynamics of spontaneous brain 

fluctuations is principally different from conventional correlational-based static/dynamic FC 

methods. The coactivation analysis utilizes single timeframe data as the basic unit of analysis 

rather than entire or windowed recordings (Liu et al., 2018b). Even in dFCs, the selection of 
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windows is limited to the minimal data length mathematically required to warrant the estimation 

accuracy of correlations, and its non-optimal selection may bias reconstructed brain networks (Liu 

et al., 2013). Coactivation analysis is, however, independent of the choice of window size. All of 

our detected CAPs show consistent mean dwell times at 4.02 s (Figure 6-5B), which is significantly 

lower than window sizes that are usually used in dFC fMRI studies, e.g., 120 s (Savva et al., 2019). 

The dwell time in the present study is in close agreement with the previous coactivation studies 

using fMRI, e.g., 4.0-7.6 s in humans (Karahanoğlu and Van De Ville, 2015), 4 s (Gutierrez-

Barragan et al., 2019) and ~10 s in rats (Liang et al., 2015).  

Beyond the dwell time metric, all other temporal and dynamic metrics indicate significant 

differences among the six CAPs. These differences are consistent across different metrics, as well 

as with the spatial metric. They collectively suggest the existence of a structured transition pattern 

among the six brain states represented by CAPs. Interestingly, the anterior-posterior CAP pair is 

heavily involved with transitions among all brain states. This important role of the anterior-

posterior CAPs in dynamic brain state transitions is supported by their significantly higher 

occurrence rates and significantly lower interval times than other CAPs. This role is further 

supported by the 3D distance map (i.e., the spatial metric) between all CAPs (Figure 6-2E), where 

the distance between two opposite anterior-posterior CAPs is significantly shorter than other 

anticorrelated CAP pairs. Furthermore, the direct transitions between the two anticorrelated CAPs 

within the dorsal-ventral and global pairs are among the lowest, further suggesting that the 

anterior-posterior CAP pair might serve as the intermediate brain states during the transition of 

brain states in opposite directions.  

We speculate that these observed structured transitions among CAPs could indicate the 

presence of globally propagating waves that have been well reported in fMRI (Raut et al., 2020, 
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Raut et al., 2021, Majeed et al., 2011), optical data (Matsui et al., 2016, Matsui et al., 2019), MEG 

data (Takeda et al., 2021), and electrical data (Massimini et al., 2004, Huang et al., 2010, Takeda 

et al., 2021). Globally propagating waves made up of a sequence of brain-wide CAPs in both 

hemodynamic and neuronal spiking data predominantly originating from the anterior brain and 

propagating toward the posterior end of the brain have been reported in mice (Matsui et al., 2016). 

A cortical traveling wave originating from the prefrontal-orbitofrontal cortical regions and 

traveling to the posterior cortical regions was observed in sleeping human participants in a high-

density (178-186 channels) EEG study (Massimini et al., 2004). Also, a global anterior-to-

posterior phase shift in gamma oscillations (40 Hz) was reported with MEG data (Ribary et al., 

1991). Our detected anterior-posterior anticorrelated CAPs might be two moment-to-moment 

snapshots of brain states with the most representative spatial patterns along these anterior-posterior 

propagating waves. Similarly, we speculate that the detected dorsal-ventral anticorrelated CAPs 

might reflect representative brain states of cortical dorsoventral propagating waves, e.g., in fMRI 

of rats and humans (Majeed et al., 2011) and as alpha waves in electrocorticography 

(Bahramisharif et al., 2013). However, it is cautioned that the present study does not provide direct 

evidence of propagation. Future studies are needed to integrate the coactivation and other sequence 

analysis methods (Majeed et al., 2011) to further clarify existing propagation pathways among 

brain states indicated by CAPs. 

6.4.3 Plausible origins of CAPs and GS 

 

We believe that our detected DOT CAPs reflect nonstationary fluctuations in spontaneous 

neuronal activity in human brains (Foster and Wilson, 2006, Logothetis et al., 2012, Matsui et al., 

2019) and, therefore, are of neuronal origins. Firstly, as both CAPs and dFCs study temporal 

fluctuations in hemodynamic data in resting brains, the neurophysiological evidence of dFC has 
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been extensively reported in both humans (Chang et al., 2013, Tagliazucchi et al., 2012) and 

animals (Lu et al., 2007, Thompson et al., 2013b). More recently, a study on lightly anesthetized 

mice has reported CAPs in simultaneously recorded calcium (i.e., neuronal) and hemodynamic 

signals and their temporal correspondences, providing direct neuronal evidence of CAPs (Matsui 

et al., 2019). Studies using other brain signals (i.e., electrical) have directly reported neuronal 

CAPs in animals (Matsui et al., 2016, Mohajerani et al., 2013, Vanni and Murphy, 2014) and 

humans (Ding et al., 2021). As discussed above (see Sections 4.1 and 4.2), our present study's 

spatial, temporal, and transitional data of CAPs corresponds well with hemodynamic CAPs with 

known neuronal origins.  

In addition, our present study has provided indirect evidence about the plausible neuronal 

relevance of two global CAPs. This evidence includes 1) a pair of original global CAPs (Figure 

6-2A) detected with an efficient preprocessing technique in place, i.e., the SS regression, to remove 

non-neuronal systematic hemodynamic fluctuations (Cheong et al., 2020, Zhang et al., 2019, 

Zhang et al., 2021); 2) a pair of additional global CAPs observed in the absence of SS regression 

(corresponding to non-neuronal systematic hemodynamic fluctuations); 3) distinguishable patterns 

in spatial maps, temporal occurrences, and relations to GS between the pair of original global 

CAPs and the pair of additional non-neuronal global CAPs; and 4) consistent detections of global 

CAPs in conditions with a wide range of selection of parameters (Figure 6-2A, Figure 6-10A, 

Figure 6-13A, and Figure 6-4A). Furthermore, the neuronal relevance of this pair of original CAPs 

is supported by recent literature on transient electrical global patterns in rats (Schwalm et al., 2017) 

and electrical global CAPs in humans (Ding et al., 2021).   

The present study further indicates that GS contains neuronally relevant information due to 

the close relationship between GS and global CAPs, i.e., global CAPs phase-locked to GS peaks 
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and troughs (Figure 6-9 and Figure 6-10B), and no detection of global CAPs after regressing GS 

out (Figure 6-8A). Given that GS is calculated as the spatial mean of DOT data in each time frame, 

it is not a surprise that the positive and negative global CAPs correspond to GS peaks and troughs, 

respectively, as no cancellations between regional activations occur due to the globally same-

magnitude polarity. The neuronal relevance of GS has been suggested in recent literature, in which 

GS of fMRI has been linked to vigilance (Wong et al., 2013, Chen et al., 2020c), glucose 

metabolism (Thompson et al., 2016), and arousal (Liu et al., 2018a). In addition, our recent whole-

head EEG-fNIRS study in humans has shown that the fNIRS GS is negatively associated with 

EEG vigilance in resting states (Chen et al., 2020). Thus, this finding in the present study suggests 

that care needs to be exercised when removing GS of hemodynamic data (Schölvinck et al., 2010) 

in either fMRI or fNIRS.  

It is also important to note that, after removing GS, a majority of observations regarding CAPs 

discussed have been preserved except for the loss of two original global CAPs. Specifically, in 

results obtained after removing at k=6, the CAP pairs of AP patterns (CAP1, 6) and DV patterns 

(CAP2, 4) (Figure 6-8A) are still identified. Hemispherical symmetric patterns in all CAPs (Figure 

6-8A) and strong anticorrelations within the AP and DV pairs (Figure 6-8B) are also observed. 

Similarly, the CAP pair of AP patterns have more important roles in the transitions of brain states 

defined by all CAPs (Figure 6-8D). The CAP pair of DV patterns has the lowest occurrence rates 

and the highest interval times (Figure 6-8F). All CAPs show similar PSDs (Figure 6-8E) as 

observed in Figure 6-5 and similar participant-level detections (Figure 6-8C). 
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6.4.4 Relationship among coactivations, structured propagations, and global activity 

patterns 

 

Coactivations, brain-wide coordinated transitions, and global activity patterns (or global 

signals) have been well documented previously in hemodynamic literature, mainly with fMRI as 

described above. The coexistence of any two of these three phenomena has been reported as well. 

Matsui et al. (2016) have further demonstrated all three phenomena in both neuronal spiking and 

hemodynamic data in mice. The present study extends the previous research on animals and reports 

the coexistence of these phenomena in human brains and their relationship. Specifically, our study 

initially focuses on investigating coactivation patterns via a framewise clustering technique on 

independent component sources identified in DOT data, which leads to the detection of brain-wide 

patterns indicating recurring functional brain states. A pair of identified brain states exhibit global 

positive (coactivation) and negative (co-deactivation) patterns, leading to the definition of global 

activity patterns as one kind of recurring functional brain state.  

We further demonstrate that these two global activity patterns are phase-locked to global 

signals and are responsible for generating a significant subset of global signal peaks and troughs, 

while non-neuronal systematic fluctuations in breathing and circulation are responsible for the 

generation of other global signal peaks and troughs. Finally, we present evidence about the 

existence of structured transitions among identified brain states, in which most transitions among 

brain states involve the pair of anterior-posterior CAPs (Figure 6-5D). Furthermore, brain states 

with both anterior-posterior and dorsal-ventral patterns might reflect representative spatial patterns 

during the well-reported globally propagating waves in the anterior-posterior and dorsal-ventral 

directions, respectively. Global activity patterns have been observed as snapshots of brain states 

in globally propagating waves (Matsui et al., 2016). It is therefore plausible that all identified CAPs 
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represent recurring brain states resulting from structured propagations. By showing the 

relationship between coactivations, brain state transitions, and global activity patterns, the present 

study brings together a broad range of studies in animals and humans to form the basis for 

understanding these phenomena on a unified foundation. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



145 
 

 

7. Spatiotemporal differences between HbO and HbR CAPs   

 

This chapter has been adapted from the following manuscript in preparation: 

  

Khan, A. F., Fan Zhang, Guofa Shou, Han Yuan, and Lei Ding. " Hemoglobin concentration in 

reduced state captures a more structured spatiotemporal organization of resting-state brain activity 

than in the oxygenated state." 

 

7.1 Introduction 

 A majority of the studies investigating networked brain activity (Biswal et al., 1995, Fox et 

al., 2005) (Tavor et al., 2016, Sheline et al., 2009) (Damoiseaux et al., 2006a, Laumann et al., 

2017, Hindriks et al., 2016) (Yeo et al., 2011, Smith et al., 2009a, Laird et al., 2011)  have utilized 

the fMRI BOLD signal. The BOLD signal represents the hemodynamic response in the brain 

following a neuronal activity that involves a complex interplay of multiple physiological factors, 

for example, blood oxygenation, blood flow, and volume in the local blood vasculature, also 

known as neurovascular coupling (NVC) (Iadecola, 2017). Although many explanations of the 

observed BOLD signal have been provided (Buxton et al., 2004, Buxton et al., 1998, Heinzle et 

al., 2016, Friston et al., 2000, Marreiros et al., 2008, Friston et al., 2003, Hess et al., 2000), the 

exact underlying neurophysiology of this observed signal remains unclear.  

 Sensitive to several contrasts (HbO, HbR, and total hemoglobin concentrations), optical 

imaging such as fNIRS have helped elucidate some of the mechanisms of NVC (Steinbrink et al., 

2006, Schroeter et al., 2006, Strangman et al., 2002, Toronov et al., 2003). Such studies have also 

provided evidence of several differences between HbO and HbR contrasts. For example, 

multimodal studies involving fNIRS and fMRI have reported that the BOLD signal is more closely 

related to the HbR than HbO concentration (Steinbrink et al., 2006, Mehagnoul‐Schipper et al., 

2002). Secondly, it has also been reported that there is a time lag between the temporal trajectories 
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of HbO and HbR signals in the motor cortex following a motor task, with HbR leading the HbO 

response in terms of time to peak from the onset of a stimulus (Lachert et al., 2017, Mackert et al., 

2008). Thirdly, it has been reported that there is an initial increase in the relative HbR concentration 

briefly following a neural activity known as the "fast response," manifesting as an “initial dip” 

(Frostig et al., 1990, Malonek and Grinvald, 1996, Ernst and Hennig, 1994, Grinvald et al., 1991, 

Chen et al., 2005, Chen et al., 2011). Due to its close temporal proximity to the neural activity, this 

initial phase of HbR's temporal trajectory is believed, albeit with controversy, to be more directly 

related to the metabolic response and hence neural activity (Hu and Yacoub, 2012). These contrast 

differences among others demonstrate the importance of studying brain function using multiple 

contrasts for an increased understanding.   

 Despite the reported differences in temporal trajectories of HbO and HbR signal 

concentrations described above, there is still a high level of similarity in the spatial topographies 

of brain networks obtained using these two contrasts under task and resting conditions (Eggebrecht 

et al., 2012, White et al., 2012, White et al., 2009, Zeff et al., 2007, Ferradal et al., 2016, Khan et 

al., 2021, Eggebrecht et al., 2014). While it is plausible that a similar networked brain activity 

resulting from these two contrasts is indeed a genuine phenomenon, it may also be possible that 

the observed similarity in these networks is because of the limitations in the methodology used. 

For example, there is an opinion that RSNs obtained using an ICA-based approach may represent 

more of the spatial parcellation of the brain than the distinct mode of brain activity (Liu and Duyn, 

2013). Secondly, previous DOT RSN studies have primarily assumed that the brain's FC remains 

stationary over the entire scan time, whereas substantial evidence indicates that FC in 

hemodynamic data is nonstationary (Preti et al., 2017, Allen et al., 2014b, Chang and Glover, 2010, 

Lurie et al., 2020). It is therefore plausible that modeling the brain's FC using conventional 



147 
 

 

methods such as the ICA-based approach and using the assumption of stationarity across scan time 

may not be able to capture the temporal differences in the networked-brain activity of HbO and 

HbR DOT signals.    

 Given the existence of separate roles of HbO and HbR concentrations in the NVC, it should 

be worth investigating the non-stationarity of the brain’s FC using both HbO and HbR contrasts 

rather than studying using only a single contrast as typically done using fMRI BOLD signal. In 

Chapter 5, we reported several RSNs and their subnetworks based on HbO and HbR contrasts. 

While HbO and HbR RSNs suggested similarity in terms of the number of RSN types 

reconstructed and their corresponding spatial patterns, the HbR RSNs higher similarity to fMRI 

RSNs. We expanded this study by taking into account the non-stationarity of the DOT signals in 

Chapter 6 using the framework of CAPs in which the spatial, temporal, and transitional properties 

of detected CAPs were analyzed. However, this study was limited to the HbR contrast to make 

comparisons to the CAP studies using the fMRI BOLD signal, which is closer to the HbR signal. 

Given differences in the temporal trajectories of HbO and HbR signals as described above, we 

hypothesize that the differences in the networked brain activity of HbO and HbR signals should 

be observable using the CAP analysis. Secondly, since the HbR signal is potentially more closely 

tied to the neural signal in terms of time than the HbO signal (see above), we further hypothesize 

that the HbR CAPs should have a more structured transitional organization than the HbO CAPs. 

Therefore, in the present study, we have investigated the differences between the spatiotemporal 

properties of DOT CAPs in HbO and HbR contrasts. 

7.2 Materials and Methods 

7.2.1 Participants, experimental and data protocols  

This study was approved by IRB at the University of Oklahoma, and written informed consent 
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was obtained from every participant before the study. A total of 20 participants were recruited for 

the study without any neurological or neuropsychiatric disorders. Three participants could not 

complete the data recording procedures. Resting-state data recorded from two six-minute sessions 

from thirteen participants (31.7±9.3 years, five females, eight males) with acceptable quality and 

experiment protocols were used as described in Section 6.2.1. 

7.2.2 fNIRS data preprocessing  

 

The preprocessing of fNIRS data followed the protocol described in Section 6.2.2. Data from 

each session were preprocessed separately. Briefly, the resting-state OD data were calculated 

(Huppert et al., 2009). The LS-channel OD data showing no visible heartbeat power peaks in the 

frequency range of 0.8-1.6 Hz were discarded. The OD data were then bandpass filtered at 0.008-

0.2 Hz (Huppert et al., 2009) to retain useful information in the higher frequency band up to 0.2 

Hz (Smith et al., 2012). Bad segments corresponding to excessive head motions were identified 

based on the metric of GVTD (Sherafati et al., 2020b), and about 73.4% ±7.5 of the data were 

retained. In order to remove the physiological noise related to superficial tissue absorption, motion, 

and pulse/respiration-related variations, we computed regressors based on the time courses of 8 

SS channels. We removed them from LS-channel OD data using general linear model regression 

(referred to as the SS regression). Note, that unlike Section 3.4.1, we did not perform GS regression 

in the present study as there is evidence of neronally-relevant information in the GS (Murphy and 

Fox, 2017). 

7.2.3 Estimation of brain-wide resting-state networks 

 

DOT forward modeling and the inverse solution was conducted and used as described in 

Section 3.2 and 3.3, respectively. Briefly, DOT data from participants (two sessions per 

participant) were temporally concatenated and subjected to a gSICA (Calhoun et al., 2009). The 
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number of ICs was empirically set to 20. The participant-level IC spatial maps and time courses 

were obtained via the back-projection using the STR (Calhoun and Adali, 2004, Beckmann et al., 

2009). Group-level spatial maps of ICs were then obtained by averaging corresponding IC spatial 

maps from all participants, resulting in 20 ICs termed DOT RSNs. These networks were visually 

identified as belonging to putative fMRI RSNs. 

7.2.4 Quantitative comparison between HbO and HbR DOT RSN spatial maps 

 

To quantitatively compare the spatial maps of DOT RSNs of the two contrasts as per our first 

hypothesis (see Section 7.1), we calculated the SC between all HbO and HbR DOT RSNs, resulting 

in an SC confusion matrix as described in (Section 5.2.3.2). The absolute mathematical operator 

was used on beta values of spatial maps prior to calculating the SC to accommodate for the 

differences in the polarities of the maps of HbO and HbR. The diagonal values of the confusion 

matrix (matched pairs) were compared with the off-diagonal values (unmatched pairs) for 

statistical significance testing (unpaired t-test with Bonferroni correction). As described in Section 

5.2.3.2, spatially matching an HbO RSN to a HbR RSN may also result in a partial match to other 

networks close to the target network, resulting in positive off-diagonal values in the confusion 

matrix. Thus, diagonal values from the confusion matrix were further statistically compared with 

the positive-only off-diagonal values to test whether the similarities of matched pairs were 

statistically significantly higher than those of unmatched pairs but had spatial closeness. 

7.2.5 Estimations of CAPs 

 

Individual DOT RSNs (i.e., ICs) were used to calculate spatiotemporal CAPs described in 

Section 6.2.4. Briefly, the temporal ICs were temporally z-scored to remove scale discrepancies 

between participants and ICs and then concatenated along the temporal dimension. The 

MATLAB’s k-means++ clustering using the Euclidean distance metric was applied to these 
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concatenated z-scored IC data on the time dimension yielding k clusters representing recurring 

brain states. Previously we have shown the optimal number of clusters for DOT data to be 6 

(Section 6.2.4). Therefore, we chose 6 cluster sizes for HbO and HbR. Next, the participant-level 

spatial maps of CAPs were obtained as the average of participant-level z-scored DOT inverse 

frames using clustering indices. The group-level spatial maps of CAPs were obtained via averaging 

participant-level spatial maps of CAPs across all participants. Note that the participant-level CAPs 

were obtained prior to the group-level CAPs to perform statistical analysis later using participants 

as samples.  

7.2.6 Quantitative comparison between the spatiotemporal properties of HbO and 

HbR CAPs 

 

Following clustering, each data time frame was allocated to a particular CAP, and entire 

recording data in participants were characterized as a sequence of recurring CAP events or brain 

states. We then calculated the spatiotemporal metrics of these CAPs (see Section 6.2.4 for the 

definition of these metrics) to study hypothesized (see the second hypothesis in Section 7.1) 

spatiotemporal differences between the HbO and HbR CAPs. To quantitatively match the spatial 

maps of CAPs, we calculated the SC between the spatial maps of all CAPs, resulting in a 6x6 

confusion matrix (also see Section 5.2.3.2). We defined a quantitative metric of bilateral symmetry 

to evaluate the symmetry of CAP spatial patterns between the left and right hemispheres of the 

brain's cortical surface. Specifically, for each CAP’s spatial map, we thresholded the positive z-

scores below the 5% of the maximum z-score to zero and larger positive values to +1. Likewise, 

we thresholded the negative z-scores greater the 5% of the minimum z-score to zero and larger 

negative values to -1. This thresholding was done to remove the effect of the small and large z-

score values in the calculation of the metric. Next, using a brain parcellation map with 74 
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bilaterally-defined ROI (74 for each hemisphere)(Destrieux et al., 2010), we calculated the largest 

occurring +1 or -1, i.e., the mathematical mode operator in each ROI. Next, the ratio between the 

mode of the left and right ROI was calculated for all ROIs. Finally, the ratio of the total number 

of +1 to 74 was calculated and defined as the metric of bilateral symmetry. A value of 1 meant 

that all ROIs of a CAP matched each other, i.e., a highly bilaterally symmetrical spatial pattern. 

Similarly, smaller values indicated weaker symmetry.  

A 3D-distance diagram was calculated using cluster centroids to evaluate the spatial link 

among all CAPs at the group level, as described in Section 6.2.4. Specifically, the CAP’s cluster 

centroids were visualized by projecting these 20-dimensional vectors onto a 3D space (see Section 

6.2.4). The occurrence of a CAP was defined as a set of continuous timeframes belonging to the 

same CAP. The occurrence rate of a CAP was calculated as the ratio of its total occurrences to the 

total occurrences of all CAPs. The mean dwell time of a CAP was calculated as the mean time 

duration from all its occurrences. We also calculated a dynamic metric, i.e., a one-step transition 

matrix of CAPs of each participant to probe the relationship between a pair of CAPs, the one-step 

transition probability of one type of CAP to another type of CAP (directional) defined as the 

number of such transitions divided by the total number of transitions in these CAP sequences. Note 

that the temporal and dynamic quantitative metrics described above were calculated at the 

participant level and then averaged using participants as samples to generate group-level statistics. 

7.2.7 Reproducibility of spatiotemporal properties of CAPs 

 

We calculated the DOT RSNs and CAPs (k=6) and their spatiotemporal properties for HbR 

and HbO DOT data from each recording session separately. All parameters were kept the same as 

above. The results from each session were compared to each other, and the results were obtained 

using data concatenated from the two sessions to investigate the reproducibility of our results. 
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7.3 Results 

7.3.1 Spatial patterns of HbO and HbR DOT RSNs  

 

Figure 7-1 provides 12 spatial maps of representative HbO and HbR DOT RSNs that 

demonstrate a high level of similarity in spatial topographies of the two hemoglobin contrasts with 

SC greater than 0.50. These networks were visually identified from 20 HbO (Figure 7-2) and HbR 

(Figure 7-3) RSNs. 

The spatial patterns of these networks collectively spanned brain-wide cortical areas. The 

identified limbic network (L17, L20, SC:0.86) primarily covered the anterior part of the medial 

SFG. The visual network (V5, V6, SC:0.92) primarily covered the lateral part of the visual cortex 

and part of the ventral visual stream. The SM networks (SM10, SM14, SC:0.71, and SM3, SM11, 

SC:0.53) primarily covered the ventral parts of the postcentral and precentral gyrus. The auditory 

networks (A14, A18, SC:0.86, and A4, A12, SC:0.93) covered the auditory cortex and parts of the 

temporal cortex. The DAN (DAN12, DAN4, SC:0.81, DAN8, DAN1, SC:0.85) covered the left 

and right FEFs. Several networks were identified belonging to the DMN (DMN7, DMN9, SC:0.84, 

DMN20, DMN2, SC:0.52). These networks primarily covered parts of the mPFC, the medial part 

of MFG, and the dorsal part of the IFG. Some spatial extent of the network was also present on 

the temporal pole. The FPN (FPN18, FPN15, SC:0.53, FPN1, FPN8, SC:0.73) primarily covered 

parts of the parietal lobe and dorsal part of the SFG. Most networks exhibited hemispheric 

dominance, but their contralateral symmetrical counterpart also existed. However, bilateral 

patterns were also observed, for example, in HbO (IC15, 17, and 19 in Figure 7-2) and HbR (IC10 

and 16 in Figure 7-3). 
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Figure 7-1 ICA-based HbO and HbR DOT RSN maps have similar spatial topographies. 

Examples of spatial patterns of RSNs obtained from HbO and HbR data that have similar spatial 

topographies. SC is calculated on the absolute beta values of the RSNs. L=limbic, V = visual, 

SM = somatomotor, DAN = dorsal attention network, FPN = frontoparietal network, A = 

auditory, DMN = default mode network. The complete set of 20 HbO and HbR RSNs are 

provided in Figure 7-2 and Figure 7-3 respectively. 
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 Overall, the spatial maps of HbR networks were similar to the HbO networks. This similarity 

was verified using the quantitative metric of SC calculated on the absolute beta values of all 

networks (Figure 7-4). This comparison between the reconstructed RSNs of the two chromophores 

yielded the group-level confusion matrix (Figure 7-4A). High positive metric values in the 

diagonal elements of the confusion matrix indicate that the HbO and HbR RSNs generally matched 

with each other. Statistically, SC values from all matched pairs of HbO and HbR RSNs (white bars 

in Figure 7-4B) were found to be significantly higher (unpaired t-test, t(398) = 21.1, p< 1e-5, 

Bonferroni corrected) than SC values from all unmatched pairs (blue bars Figure 7-4B). 

Furthermore, the SC values from all matched pairs of HbO and HbR RSNs were found to be 

statistically significantly higher (unpaired t-test, t(303) = 20.0, p< 1e-5, Bonferroni corrected) than 

from positive-only unmatched pairs (black bar in Figure 7-4B). These results indicate that the DOT 

 

Figure 7-2 Complete set of group-level HbO DOT RSNs. 

Group-level HbO DOT RSNs obtained via the spatiotemporal regression, visualized on the 

standard FreeSurfer cortical surface. VAN = ventral attention network. 
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RSNs of the two chromophores (i.e., HbO and HbR) obtained from the ICA-based method have 

similar spatial topographies. 

 

 

7.3.2 Significant differences exist between spatial topographies of HbO and HbR 

CAPs 

A set of six brain-wide spatial maps of CAPs are obtained each for HbO and HbR hemoglobin 

data representing recurring brain states. The spatial patterns of these CAPs (Figure 7-5) had 

similarities and differences, as described next. The HbR spatial maps (Figure 7-5A) belonged to 

either of three bilaterally symmetrical spatial patterns: (1) (DV) (CAP 5,6) exhibiting opposite 

chromophore changes (positive vs. negative 𝛥𝐻𝑏𝑅) along the dorsal-ventral axis, (2) the AP (CAP 

1,2) exhibiting opposite chromophore changes along the anterior-posterior axis, and (3) global 

(CAP 3,4) exhibiting either a majority of global positive or global negative chromophore changes.    

 

Figure 7-3 Complete set of group-level HbR DOT RSNs. 

Group-level HbR DOT RSNs obtained via the spatiotemporal regression, visualized on the 

standard FreeSurfer cortical surface. U= unidentified network. 
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For DV patterns, the boundary separating the polarity of HbR changes approximately ran 

along the inferior frontal sulcus, cut through the ventral part of the sensorimotor cortex, and 

extended posteriorly along the lateral occipital sulcus. For AP patterns, the boundary separating 

the polarity of HbR changes appeared roughly along the postcentral sulcus and cuts through the 

posterior end of the temporal cortex. The global CAPs exhibited either global positive or global 

negative HbR changes with diminished changes toward the anterior part of the temporal lobe. 

 

Figure 7-4 Quantitative comparison of spatial maps of HbO and HbR DOT RSNs.  

(A) Group-level confusion matrix between HbO and HbR DOT RSNs for the quantitative 

metric of spatial correlation (SC). The subscript on the RSNs denotes the index number of HbO 

and HbR RSNs as shown in Figure 7-2 and Figure 7-3 respectively. IC=independent 

component; (B) Means and standard deviations of SC calculated from the confusion matrix for 

matched pairs (enclosed in solid black lines), positive-only unmatched pairs, and unmatched 

pairs are plotted for SC together with their statistical differences tested using an unpaired t-test 

(Bonferroni-corrected). 
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For HbO, spatial maps (Figure 7-5B) belonged to the DV (CAP 1,4) and AP (CAP3,6) patterns 

which were similar to the HbR CAPs. Unlike HbR CAPs, we did not observe global CAPs in the 

HbO data. We could not identify CAP2 and 5 belonging to any pattern observed before in the HbR 

data. Therefore, we called them the mixture CAPs having a mixture pattern. Most CAPs exhibited 

high bilateral symmetry except for the mixture CAP2, which had the least bilateral symmetry 

(79.7%). The mean symmetry of HbR CAPs (mean symmetry: 90.1%) was greater (but not 

statistically significant) than that of HbO CAPs (mean symmetry: 88.7%).  

The HbR CAPs existed in pairs of highly anticorrelated spatial patterns determined from 

visual inspection and pair-wise SC between all CAPs (Figure 7-5A). CAP1, 2 formed the pair of 

anticorrelated AP patterns (SC: -0.91), CAP2, 5 formed the pair of DV patterns (SC: -0.97), and 

CAP3, 4 formed the pair of global patterns (SC: -0.97). The mean SC of these pairs (i.e., -0.95) 

 
Figure 7-5 Spatial topographies of HbO and HbR DOT CAPs. 

Group-level spatial maps of (A) HbR and (B) HbO CAPs for k = 6. Quantitative metric of 

symmetry for each CAP is shown as a percentage. Spatial correlation (SC) between CAPs is 

denoted by a line encoded by color (yellow: positive SC, blue: negative SC) and thickness. All 

lines are made 50% transparent except those with SC values less than -0.90, indicating high 

anticorrelation between a pair of CAPs. 
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was statistically significantly (unpaired t-test, t(13=4.51), p < .01, Bonferroni corrected) lower 

than the mean SC (i.e., -0.01) of all other possible pairs of CAPs. On the other hand, the HbO 

CAPs exhibited a strong anticorrelation for only the DV pair, i.e., between CAP1 and 4 (SC: -

0.94), whereas there was a weaker anticorrelation for other CAP pairs. Specifically, the SC 

between the AP and mixture pattern pair CAPs was -0.54 and 0.01, respectively.  

 

Similar observations and differences were observed for larger cluster sizes. For example, for 

k=8 (Figure 7-6), all four spatial patterns of CAPs described above (i.e., AP, DV, mixture, and 

global) are observed. Specifically, for HbR (Figure 7-6B), the AP patterns (CAP5,8), DV patterns 

(CAP1, 7), global patterns (CAP2, 3, and 4), and one mixture pattern (CAP6) present themselves 

with strong bilateral symmetry. For HbO (Figure 7-6A), we did not observe any global CAPs but 

 
Figure 7-6 HbO and HbR DOT CAPs for k=8. 

Group-level spatial maps of (A) HbO and (B) HbR CAPs. 
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observed the other three patterns, i.e., AP (CAP3, 6), DV (CAP1, 4), and mixture (CAP2, 5,7, and 

8) patterns.  

These differences in the spatial topographies of the CAPs of the two chromophores (HbO and 

HbR) collectively provide evidence that the CAP approach can reveal differences in the brain's FC 

of HbO and HbR DOT signals, unlike traditional methods like ICA-based RSNs that may instead 

represent the brain's spatial parcellation. These results thus confirm our first hypothesis.  

 

 
Figure 7-7 HbR CAPs exhibit a structured transitional organization than HbO CAPs. 

(A) 3D distance maps of the cluster centroids among 6 CAPs of (left) HbR and (right) HbO 

obtained after multidimensional scaling from a 20-dimensional space to a 3-dimensional 

subspace. The Euclidean distance between the CAPs is denoted by a red solid line and its value 

is provided in black and bold. The occurrence rate of a CAP is encoded by the diameter of a 

circle representing that CAP. One-step transition probability of a CAP from time t to t+1 is 

denoted using a directed transparent line with its width encoding the transition probability in 

percentage; (B) histogram of all transition probabilities in (A) for HbR (red bars) and HbO 

CAPs (blue bars).  
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7.3.3 HbR CAPs exhibit a more structured transitional organization than HbO CAPs 

 

HbR CAPs show a more structured transitional organization than HbO CAPs, as supported 

by several observations of the temporal and dynamic properties of HbR and HbO CAPs (Figure 

7-7). Firstly, in the HbR CAPs, only one pair of CAPs, i.e., the AP pair, occurred at a higher rate 

(CAP1: 24.7 %, CAP2: 22.5 %) than all other CAPs. These CAPs have a shorter interval time than 

other CAPs (data not shown). This high occurrence of the AP CAPs is further supported by a 

relatively smaller Euclidean distance (2.9) between the cluster centroids of high-occurring CAP1 

and CAP2 compared to the distance between less-occurring CAPs, e.g., DV and global (5.2). These 

distances are shown in a 3D distance map (Figure 7-7) which illustrates all cluster centroids 

occupying one of the 3D space in an almost orthogonal structure. This structure also indicates that 

the dynamics of moment-to-moment brain states could be described in a 3D space by this 

collection of six CAPs, with each of them representing one spatially orthogonal pattern. A closer 

distance between two brain states represents a higher chance of transitioning between these states. 

This is supported by the one-step transition probabilities shown as directed arrows in Figure 7-7A. 

Specifically, a smaller distance between projected centroids in the 3D diagram of HbR CAPs 

corresponded to a higher transition probability, as shown by relatively thick directed arrows 

(Figure 7-7A left). For example, the HbR transitions involving the AP pair of CAPs show higher 

transition probabilities than other transitions resulting in a bimodal histogram of transition 

probabilities with one peak near zero and another near 6 % (Figure 7-7B) which suggests a heavy 

involvement of only AP pairs in transitions among all CAPs. 
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On the other hand, HbO lacked the structured transitional structure displayed by the HbR 

resting-state DOT data. Firstly, a smaller distance of 2.2 was observed between a high-occurring 

CAP (CAP2, 19.2 %) and a less-occurring CAP (CAP5, 15.1 %), in addition to a small distance 

of 2.7 between high-occurring AP CAPs (CAP3: 21.9 %, CAP6: 18.0 %). Secondly, unlike HbR, 

 
Figure 7-8 Group-level spatial maps of HbO and HbR DOT CAPs for session 1 and session 2. 

Group-level spatial maps of HbO and HbR CAPs when k = 6 for (A) session 1 and (B) session 

2. Percentage of quantitative metric of symmetry for each CAP is shown at its top; spatial 

correlation (SC) between all possible pairs for the HbO and HbR DOT CAPs for (C) session 1 

and (D) session 2 shown in (A) and (B) respectively. Solid red dots: SC values < -0.80, 

indicating high anticorrelation values between a pair of CAPs.  
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the 3D map of the HbO lacked an orthogonal structure. Thirdly, we did not observe a heavy 

involvement of only one pair for HbO data. Instead, we observed that the HbO CAP transitions 

were distributed across several CAPs. Fourthly, overall, the transition probabilities of the HbO 

CAPs were lower compared to HbR, as indicated by the peak of the histogram of HbO at around 

3.5 % (Figure 7-7B). Collectively, these differences in the temporal and dynamic properties of 

HbO and HbR CAPs confirm our second hypothesis that the HbR CAPs have a more structured 

transitional organization than HbO CAPs. 

 

 
Figure 7-9 3D distance map and occurrence rates of CAPs across sessions. 

Differences between the structured organization of CAPs of HbO and HbR are consistent across 

the two recording sessions. 3D distance maps of the cluster centroids among 6 CAPs and their 

occurrence rates of (A) HbR and (B) HbO for the two recording sessions.  
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7.3.4 Reproducibility of HbO and HbR CAPs  

 

We observed differences between the spatiotemporal properties of the HbR and HbO CAPs 

obtained separately from a recording session. These differences mainly were consistent with those 

described in Sections 7.3.2 and 7.3.3, in which CAPs were obtained by concatenating data from 

the two recording sessions prior to clustering. Firstly, for HbR, we observed only AP, DV, and 

global CAP pairs for both sessions (Figure 7-8 A, B). For HbO, we observed AP, DV, and mixture 

CAP pairs for session 1. However, for session 2, we observed a global CAP pair (CAP2, 3) instead 

of a mixture pair. Most CAPs exhibited high bilateral symmetry except for the HbO mixture CAPs 

(Session 1, CAP1: 43.2 %, Session 2, CAP6: 73.0 %). Interestingly, the bilateral symmetry of an 

HbO global cap (CAP3) in session 2 (Figure 7-8B) was lower at 77.0 % than global CAPs in all 

other cases. Similar to the main results, we observed high anticorrelation among HbR CAPs 

(Figure 7-8C) compared to HbO CAPs (Figure 7-8C) for both sessions. 

 

 
Figure 7-10 One-step transitions of HbO and HbR DOT CAPs for session 1 and session 2. 

One-step transition probability matrix of all CAPs of (A) HbR and (B) HbR for two recording 

sessions. 
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For HbR we observed an almost orthogonal structure in the 3D map for both sessions (Figure 

7-9A). However, for HbO, we observed such a structure for only session 1. For HbR, a shorter 

Euclidean distance was observed between high-occurring CAPs, whereas this was not observed in 

HbO CAPs in both sessions. Similar to the main results, we saw a heavy involvement of only the 

AP pair in HbR CAPs, as indicated by the one-step transition probabilities (Figure 7-10A). In 

contrast, for HbO CAPs, we observed that transitions were distributed across several CAPs with 

overall lower transition probabilities than the HbR CAPs (Figure 7-10B).  

These differences in the spatiotemporal properties of the HbR and HbO CAPs observed 

consistently across two recording sessions confirm our second hypothesis and suggest that the 

spontaneous HbR and HbO DOT signals carry different temporal and dynamic information 

distinguishable using a CAP-based analysis. 

7.4 Discussion 

 

In this chapter, we made two hypotheses; (1) that the differences in the resting-state networked 

brain activity of HbO and HbR signals should be observable using the CAP analysis, and (2) since 

the HbR signal is potentially more closely tied to the neural activity in terms of time than the HbO 

signal (see Section 7.1), the HbR CAPs should have a more structured transitional organization 

than the HbO CAPs. We first demonstrated that the traditional approach of studying networked 

brain activity via RSNs obtained using the ICA-based approach resulted in spatial patterns of 

networks with similar topological features (Figure 7-1, Figure 7-4). This spatial similarity between 

the two chromophores is in agreement with the previously reported HbO and HbR RSNs in the 

DOT literature obtained using the ICA method (White et al., 2012, Ferradal et al., 2016, Khan et 

al., 2021) and adds on to the suggestions that RSNs obtained using the ICA-based approach 

represents more of a spatial parcellation than a distinct mode of brain activity (Liu and Duyn, 
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2013). Even using the other popular seed-based correlational method to calculate RSNs (Biswal et 

al., 1995), similarity in spatial maps of the two chromophores has been reported in several DOT 

studies (Eggebrecht et al., 2012, White et al., 2012, White et al., 2009, Zeff et al., 2007, Ferradal 

et al., 2016, Eggebrecht et al., 2014). Motivated by the ability of the CAP analysis approach to 

analyze the distinct mode of brain activity (Liu and Duyn, 2013), we investigated the resting-state 

networked brain activity of HbO and HbR DOT data using the CAP analysis. Despite a high spatial 

similarity between the HbO and HbR DOT RSNs (Figure 7-4), we observed several spatiotemporal 

differences between the CAPs of HbO and HbR, confirming our first hypothesis. 

While we observed some CAPs with spatial maps common to both HbO and HbR, such as 

AP and DV, there were still several differences. For example, we did not observe global patterns 

in the HbO CAPs and instead observed the mixture CAPs (Figure 7-5B). These mixture CAPs had 

relatively lower bilateral symmetry and weaker anticorrelations than other CAPs. They were also 

present in the HbO CAPs in individual recording sessions (Figure 7-8). In humans (Yeo et al., 

2011, Smith et al., 2009a) and anesthetized monkeys (Vincent et al., 2007b), hemodynamic 

resting-state FC often exhibits bilateral symmetry across two cerebral hemispheres. The majority 

of coactivation studies with BOLD fMRI have also reported CAPs with symmetrical spatial 

patterns in humans (Liu et al., 2013, Liu et al., 2018a, Karahanoğlu and Van De Ville, 2015, Chen 

et al., 2015) and animals (Gutierrez-Barragan et al., 2019, Liang et al., 2015). Therefore, the 

mixture CAPs with lower bilateral symmetry cast doubt on their representation as brain states. 

While we are still trying to understand these mixture CAPs, we speculate that the heterogeneity in 

the spatial topography of these CAPs could be because of the oversupply of oxygenated 

hemoglobin with an increase in hyperemia following the neural activity. This oversupply of 

oxygen via increased blood flow could generate local hyperoxygenation far exceeding the oxygen 
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consumption (Hillman, 2014). This oversupply of oxygen occurs after the "initial dip" (Frostig et 

al., 1990) and is also suggested to supply higher levels of glucose instead of oxygen (Paulson et 

al., 2010, Fox and Raichle, 1986) and is even suggested to have a role in metabolic waste removal 

and thermal regulation (Yablonskiy et al., 2000).  

On the other hand, deoxygenated hemoglobin is possibly more closely coupled with the 

brain's metabolic response (Hu and Yacoub, 2012). Its CAPs show a well-structured 

spatiotemporal organization. Firstly, we observe a high level of bilateral symmetry in all HbR 

CAPs in concatenated session data (Figure 7-5) and individual session data (Figure 7-8). This 

bilateral symmetry in CAPs has been reported in numerous studies as described above. Secondly, 

the HbR CAPs show strongly anticorrelated spatial patterns in all three pairs, i.e., AP, DV, and 

global pairs (Figure 7-5A, Figure 7-8A). In fMRI literature, strong brain-wide anticorrelation 

patterns widely exist in resting-state FCs and CAPs. In humans, the phenomenon of anticorrelation 

in RSNs has been observed using the conventional windowed correlational method, e.g., between 

sensory regions and default mode regions (Allen et al., 2014b) and between distributed task-

positive and task-negative brain networks (Fox et al., 2005) (Liu et al., 2013). In animals, the 

phenomenon of anticorrelation has been reported with CAPs in resting mice (Gutierrez-Barragan 

et al., 2019). Although there have been doubts that the phenomenon of anticorrelation might be 

artificially introduced due to the global signal regression (GSR) (Murphy et al., 2009), the 

anticorrelation patterns have been reported in the absence of GS regression (Chai et al., 2012). 

Moreover, we have shown in our previous CAP-based study that strong anticorrelations in the 

CAP spatial patterns are observed in the absence of GSR (Khan et al., 2022, under review). 

Thirdly, the occurrence rate, 3D maps, and transitional data (Figure 7-7) suggest a structured 

transitional organization of HbR contrast than HbO in which AP CAPs were heavily involved in 
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transitions involving all CAPs. This adds to our speculation on the temporal proximity of 

deoxygenated hemoglobin to the metabolic activity as the plausible reason for a superior structured 

transitional organization of the HbR CAPs than HbO CAPs.  

Collectively, these differences between HbO and HbR CAPs confirm our second hypothesis 

and seem to suggest that deoxygenated hemoglobin is a more representative proxy for studying 

the temporal nature of networked brain activity than oxygenated hemoglobin. This observation is 

significant because oxygenated hemoglobin contrast has been historically preferred over 

deoxygenated hemoglobin contrast due to a high signal-to-noise ratio, especially for task-based 

experiments (Cui et al., 2010, Strangman et al., 2002, Zhang et al., 2019). Our results, on the other 

hand, suggest using deoxygenated hemoglobin for interrogating the networked brain activity at 

rest, especially when assuming nonstationarity across a scan. 
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8. Summary  

 

This dissertation provides a novel framework for investigating the spatiotemporal properties 

of networked brain activity of resting-state DOT data. Chapter 2 introduces the field and a literature 

review of existing DOT RSN studies. Chapter 3 introduces a new computational framework named 

brain-wide diffuse optical tomography (BW-DOT) for reconstructing RSNs using CW-fNIRS 

data. Chapter 4 evaluates the BW-DOT framework using simulation and task-based experimental 

data. Chapter 5 applies the BW-DOT framework to resting-state fNIRS data from healthy 

participants to reconstruct brain-wide RSNs. Chapter 6 investigates the spatiotemporal properties 

of resting-state DOT networked brain activity using the method of co-activation patterns. Chapter 

7 quantitatively compares the spatiotemporal differences between the HbO and HbR CAPs. In this 

chapter, we summarize the major work presented in this dissertation and highlight the significance 

of each contribution. We also discuss the limitations of these studies and provide directions for 

future work. 

8.1 Summary of results 

 

In Chapter 3, we developed a new computational framework of DOT, termed BW-DOT. It 

uses multiple technologies to investigate brain activity in dual contrasts of HbO and HbR. This 

work is significant in several ways. Firstly, BW-DOT offers a brain-wide FOV for studying 

resting-state brain activity, a brain-wide phenomenon. This large FOV is a major improvement to 

previous DOT RSN studies that primarily reported limited brain coverage, mainly in the form of 

rectangular optode patches. In addition to a large FOV, we have placed the optodes on a standard 

10-5 system. This is an attempt to standardize our system to provide an opportunity to integrate 

datasets from different researchers for analysis and to standardize the protocol for clinical research. 

Secondly, the proposed framework mainly utilizes a data-driven approach (i.e., ICA) for pattern 
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recognition of brain networks. This approach minimizes bias in selecting seed locations otherwise 

used in SCA methods. ICA can simultaneously reconstruct multiple brain networks and is suitable 

for cap-based optode placement (see Section 3.8). Thirdly, we have supplemented the ICA with 

correlation analysis to create statistical correlation tomographic maps (Li et al., 2018), which has 

not been reported before in the DOT RSN literature. The use of SCT efficiently minimizes the 

effect of magnitude-causing superficial source reconstructions. It leads to the recovery of brain 

networks in relatively deep cortical structures. Being able to image deeper cortical areas is of great 

interest in the DOT functional neuroimaging community because light attenuates considerably 

with depth.  

In Chapter 4, the proposed framework was evaluated using simulated and task-based 

experimental data. The results using the simulation data provided quantitative spatial resolution 

metrics of our system. Such an evaluation of these metrics was previously reported using patch-

based regional DOT systems using relatively a simple head geometry, i.e., a regional epicortical 

surface patch (White, 2012). Our current evaluation of these metrics on cap-based whole-head 

systems provided useful knowledge of the distribution of these metrics on a realistic head geometry 

with different resolutions and with whole-cap optode montage of different densities. We further 

investigated the dependence of these metrics on cortical depth and distance from the optodes, 

which are analyses not reported previously in the literature. 

We also evaluated the performance of BW-DOT in reconstructing brain activity elicited by a 

hand-clenching task. BW-DOT was able to localize motor sources, consistent with previously 

reported literature accurately. Moreover, these results were reliable because they were consistent 

over four sessions, and we obtained these results from several participants. Furthermore, timing 

analysis of reconstructed results was performed, revealing rich temporal information of three brain 
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areas within the motor network for motor control. This analysis was not previously reported in the 

DOT literature. These experiments demonstrated that the proposed BW-DOT framework could 

accurately reconstruct brain activity with a brain-wide FOV. These results gave us confidence that 

our framework has the spatiotemporal resolution to study brain-wide resting-state activity. 

In Chapter  5, we applied BW-DOT to resting-state fNIRS data. This study was significant in 

several ways. Firstly due to the use of cap-based, whole-head optode montage, our results report a 

large number of simultaneously-reconstructed RSNs, which is close to the typical number of 

RSNs, e.g., 10 (Damoiseaux et al., 2006b) or 17 (Yeo et al., 2011), studied with fMRI. In the 

previous DOT studies, only part of the neocortex was imaged, leading to the investigation of 

limited RSNs. A large FOV revealed mPFC and PCC (Figure 5-1 and Figure 5-2), which were 

both missed in previous DOT RSN studies (Eggebrecht et al., 2014), similar to the anterior and 

posterior subnetworks of DMN, respectively, as reported in previous fMRI studies. This was 

achieved as the cap-based whole-head montage filled the gap in the previously unavailable frontal 

and medial regions. The identifications of these two RSNs are of clinical value as their connectivity 

changes have been associated with normal aging (Buckner et al., 2008, Andrews-Hanna et al., 

2007) and deterioration related to Alzheimer’s disease (Sorg et al., 2007). 

Secondly, while most previous DOT studies have reported RSNs, our results further indicate 

subnetworks among several RSNs consistent with fMRI literature (Smith et al., 2009b). Thirdly, 

we have provided a quantitative comparison between HbO and HbR DOT RSNs, missing in the 

literature. Our quantitative metrics reveal that HbR RSNs are slightly but statistically significantly 

better aligned with fMRI RSNs, probably because the BOLD contrast in fMRI signals is primarily 

sensitive to paramagnetic HbR molecules (Buxton, 2013). Overall, HbO- and HbR-based DOT 

RSNs are, in general, consistent with each other. Some minor differences between them indicate 
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complementary benefits of each contrast, which might also suggest the usefulness of total 

hemoglobin signals, i.e., the combination of HbO and HbR, in mapping RSNs (Devor et al., 2005, 

Culver et al., 2005, Sheth et al., 2004). 

In Chapter 6, we, for the first time, report coactivation patterns via a framewise clustering 

technique on independent component sources identified in HbR DOT data, which leads to the 

detection of manifold brain-wide patterns indicating recurring functional brain states. The results 

from this study provide valuable insights and carry significance in several ways. Firstly, we 

demonstrate that the resting-state fluctuations of whole-brain hemodynamic signals can be 

accounted for with a relatively small number of brain-wide functional states, i.e., 6 CAPs, which 

is consistent with the number of CAPs reported in recent fMRI literature, e.g., 6 (Yang et al., 2021) 

and 8 CAPs (Janes et al., 2020). Secondly, we observe that DOT CAPs show strongly 

anticorrelated spatial patterns in pairs in which one pair shows global positive and negative 

patterns. We further demonstrate that these two global activity patterns are phase-locked to global 

signals (GS) and are responsible for generating a significant subset of global signal peaks and 

troughs, while non-neuronal systematic fluctuations in breathing and circulation are responsible 

for the generation of other global signal peaks and troughs.  

Thirdly, we present evidence of structured transitions among identified brain states. Most 

transitions among brain states are mediated via the pair of anterior-posterior CAPs (Figure 6-5D). 

Furthermore, brain states with both anterior-posterior and dorsal-ventral patterns might reflect 

representative spatial patterns during the well-reported globally propagating waves in the anterior-

posterior and dorsal-ventral directions, respectively. Fourthly, we provide evidence about the 

plausible neuronal origins of two global CAPs, which further supports that GS contains neuronally 

relevant information due to the close relationship between GS and global CAPs. These results 
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collectively indicate the existence and interaction of three phenomena, i.e., CAPs, global brain 

activity, and brain-wide structured transitions, in human hemodynamic data, which extend existing 

findings on similar transient neuronal events recently reported in animal fMRI data. Our study has 

important implications for understanding the spontaneous activities and the fundamental 

organization of resting-state networked brain activity. 

In Chapter 7, we investigated the difference between the spatiotemporal properties of HbO 

and HbR CAPs. These results have significance in several ways. Firstly, we have demonstrated 

that the ICA-based method is not suitable for studying the non-stationarity of networked brain 

activity and that other techniques like CAP analysis are more suitable. Secondly, we demonstrated 

that CAP analysis could reveal spatiotemporal differences between HbO and HbR DOT signals. 

Thirdly, our results suggest that the HbR CAPs have a more structured transitional organization 

compared to CAPs obtained from HbO signals. This observation is significant because fNIRS HbO 

contrast has been preferred over HbR due to a high signal-to-noise ratio, especially for task-based 

fNIRS experiments. Our results suggest using HbR contrast as a more appropriate contrast for 

investigating the non-stationarity of DOT resting-state data. 

8.2 Limitations and future work 

 

The present study was limited in the following aspects. Firstly, while the SCT step of the 

proposed framework has enabled the mapping of relatively deeper cortical activity than what can 

be done by using spatial ICA alone (see Section 3.5), DOT is still fundamentally limited in 

mapping deep cortical structures (e.g., the insular cortex) and other deep brain structures (e.g., 

hippocampus and amygdala), which is primarily constrained by the limited penetration of light 

and therefore significantly reduced sensitivity in deep parts of the brain (Dehghani et al., 2009b), 

which is the most significant drawback as compared with fMRI. Secondly, despite having a brain-
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wide coverage, a few brain regions still have lower spatial resolution and sensitivity, such as 

ventral parts of the temporal cortex and dorsal parts of the brain.   

Thirdly, the selection of the inverse solution, i.e., MNE, in the present study also contributes 

to the limited capacity in mapping deep cortical structures. The MNE inverse solution is linear and 

thus computational efficient. However, its inverse source reconstructions are biased toward 

superficial source reconstructions (Pascual-Marqui, 1999). It is important to select inverse 

solutions with accurate reconstructions on source temporal dynamics as the characterization of 

RSNs in the ICA and SCT steps following the inverse step depends on the accuracy of 

reconstructed time courses. In order to improve the mapping of sources from deep cortical 

structures, more advanced inverse imaging techniques could be integrated into the proposed 

framework (Zhu et al., 2014, Pogue et al., 1999, Cao et al., 2007). Fourthly, while it is not 

sufficiently noted, optodes connected with optical fibers with high-density placements in our 

present system are still heavy and of reduced portability. Therefore, much-needed work is required 

in the direction of miniaturization of the whole-head high-density optode cap.   

Fifthly, a relatively low spatial density of optodes might contribute to the small number of 

brain states (i.e., 6) identified in the present work, which should be investigated in future studies 

after addressing the technical challenge of having an ultrahigh-density whole-head-coverage DOT 

system. Sixthly, like fMRI, DOT interrogates human brain activity indirectly on secondary 

hemodynamic responses of neuronal events and, therefore, neuronal origins of brain-wide CAPs 

and global brain activity, as well as their propagation characteristics, need to be further investigated 

using primary response data of neuronal events, i.e., electrical activity (Ding et al., 2021), with 

technologies like EEG, MEG, and ECoG. In particular, to directly investigate the relationship 

between brain-wide neuronal events and their hemodynamic correspondences would need 
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simultaneous recording techniques, including concurrent EEG and fMRI (Yuan et al., 2016, Yuan 

et al., 2012)  or concurrent EEG and fNIRS (Khan et al., 2021, Ahn and Jun, 2017, Chen et al., 

2020c). Moreover, the physiological relevance of these global CAPs needs to be established by 

identifying their behavioral or cognitive correlates (Preti et al., 2017). 

Finally, the number of participants in the present study is relatively small compared to some 

fMRI RSN studies, e.g., about 1000 (Yeo et al., 2011). Therefore, our findings should be validated 

using a large number of participants.  
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