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Abstract 

 Functional near-infrared spectroscopy (fNIRS) as a non-invasive optical imaging 

technique to measure cerebral hemodynamics has seen rapid development and increasing 

use in studying the human brain. fNIRS measures relative changes of oxygenated and 

deoxygenated hemoglobin in the local tissues as a surrogate measurement of neuronal 

activity, similarly to the blood-oxygenation-level-dependent (BOLD) functional magnetic 

resonance imaging (fMRI) which is the current golden standard of functional 

neuroimaging. Compared with fMRI, fNIRS offers competitive advantages, including low 

cost, portability, and compatibility with medical electronic devices implanted in patients. 

However, fNIRS has its limitations and faces several challenges. My dissertation aims to 

tackle several existing challenges in fNIRS and facilitate the achievement of fNIRS’s 

tremendous potential in research and clinical applications. 

Firstly, fNIRS suffers from its susceptibility to superficial blood flow, cardiac 

pulsation, respiration, and head and jaw motions, which can lead to false positives or 

negatives in imaging brain activation and connectivity. Most existing fNIRS studies were 

based on partial montages and have not yet been fully investigated in a whole-head 

montage in a complex task when concurrent activations from multiple distant regions arise 

or in a resting-state task when coherent spontaneous activity across functionally connected 

areas. We have established the capability to record fNIRS signals in a cap-based, whole-

head and high-density montage with short-separation channels for superficial signals and 

auxiliary measurements for physiological noises. I have developed a novel automatic 

denoising method namely PCA-GLM and demonstrated the efficacy of PCA-GLM in 

correcting fNIRS signals recorded during a visually guided motor task. 
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Secondly, the capability of using whole-head fNIRS to map the resting-state 

functional connectivity in large-scale brain networks, especially the default mode network 

which is critically implicated in the aging process and Alzheimer’s disease, has not been 

fully established and benchmarked to fMRI. We demonstrated the feasibility of the cap-

based, whole-head and high-density fNIRS system in mapping the default mode network 

using conventional seed-based functional connectivity analysis. Moreover, via cross-

modal comparison in the same subjects, we have for the first time demonstrated the 

similarity between the default mode network obtainable by a portable fNIRS system and 

that from fMRI, especially the medial prefrontal, midline posterior and parietal structures 

that are important biomarkers for normal aging. 

Thirdly, the aliasing effects due to an insufficient sampling rate on functional 

connectivity which commonly occur in functional neuroimaging modalities, especially 

fMRI, are still poorly understood. Meanwhile, with the advancements in hardware and 

growing interest in developing high-density fNIRS with a whole-head coverage, the 

increases in the numbers of optical sources and detectors might come at a price of a 

decrease in the sampling rate. We have shown that the aliased activity due to a low 

sampling frequency has resulted in aliased connectivity. Furthermore, for the first time, 

we have discovered a network organization of such aliased functional connectivity that 

exists within the distribution of the default mode network, which might have confounded 

our understanding of the resting-state functional connectivity in the human brain.  

Lastly, in addition to head motion, fNIRS is also vulnerable to jaw movements, 

such as clenching teeth, which can affect fNIRS measurements in the auditory, parietal 

and prefrontal cortices in the studies of hearing, speech and cognitive functions. While 
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many previous studies have investigated the impact and correction of head movements, 

the effect and handling of jaw movements in fNIRS signals remain unclear. We have 

designed a novel individually customized bite bar. Our experimental work has 

demonstrated that the bite bar and the previously developed PCA-GLM method are 

effective in suppressing jaw movements, removing motion artifacts, and therefore 

improving auditory response and resting-state functional connectivity. 

The outcomes of my dissertation have made significant advancements towards 

tackling the technical challenges in fNIRS. My work has paved the pathway for using 

fNIRS as a broadly accessible and noninvasive neuroimaging technique in many clinical 

applications, such as measuring auditory response in cochlear implant users, detecting 

abnormality of neurovascular coupling in diseased or impaired conditions, and 

monitoring the deterioration of the brain function in normal aging and Alzheimer’s 

disease. 
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1 Chapter 1: Introduction 

1.1 Functional Neuroimaging 

In the past decades, noninvasive functional neuroimaging techniques have been 

extensively used to investigate the human brain function and connectivity in healthy and 

diseased conditions. Fundamentally, human brain activity can be reflected by 

electrophysiological signals directly associated with neural activity as well as metabolism 

and hemodynamic response coupled with neural activity (Figure 1-1) (He and Liu, 2008). 

The metabolic and hemodynamic signals, as surrogate measurements, are used to infer 

the underlying neural activity (Hillman, 2014; Tsvetanov et al., 2021). Correspondingly 

there are two categories of noninvasive functional imaging techniques based on their 

imaging principles. Electroencephalography (EEG) and magnetoencephalography (MEG) 

measure the electrical and magnetic signals induced by neural activity respectively. 

Functional magnetic resonance imaging (fMRI), single-photon emission computed 

tomography (SPECT) and positron emission tomography (PET) measure the 

hemodynamic or metabolic signals evoked by neural activity. Among these techniques, 

EEG and fMRI are prevalent in research and clinical diagnosis due to their non-invasive 

and non-radiative features (Glover, 2011; Light et al., 2010). EEG measures the electrical 

potential by electrodes placed on the scalp (Teplan, 2002). fMRI measures the blood-

oxygenation-level-dependent (BOLD) signal modulated by neuronal activity (Ogawa et 

al., 1990). These two techniques have their own merits and limitations. EEG has high 

temporal resolution but low spatial resolution (Burle et al., 2015), while fMRI has high 

spatial resolution but low temporal resolution (Glover, 2011). Notably, fMRI has been 

the primary modality used for functional neuroimaging in modern human brain mapping 
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studies, such as the Human Connectome Project (Van Essen et al., 2013), the Alzheimer’s 

Disease Neuroimaging Initiative (ADNI) (Mueller et al., 2005), the Adolescent Brain 

Cognitive Development (ABCD) study (Casey et al., 2018), etc. However, although fMRI 

has provided unprecedented opportunities to understand the human brain functions, the 

limited accessibility and high expenses of MRI instruments become a bottleneck in the 

workflow, especially in studying large populations, which is further amplified by health 

disparities in underserved rural populations and socioeconomically disadvantaged 

populations of any race or ethnicity. In this context, functional near-infrared spectroscopy 

(fNIRS), as a non-invasive optical imaging technique with advantages in portability, cost-

effectiveness, and compatibility with medical electronic implants has recently drawn 

great interest in the functional neuroimaging community (Scholkmann et al., 2014). The 

motivation of this dissertation is to facilitate the research and clinical applications of 

fNIRS. 

The next section offers an overview of fNIRS and discusses several existing 

challenges in tapping the full potential of fNIRS in human brain research and clinical 

diagnosis.  
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Figure 1-1: Electrical and hemodynamic signals measured by noninvasive functional 

neuroimaging (adapted from He and Liu (2008), with permission). 

1.2 Functional Near-Infrared Spectroscopy 

Functional near-infrared spectroscopy (fNIRS) is a non-invasive optical imaging 

technology that has seen rapid development and increasing use in human brain studies 

(Scholkmann et al., 2014; Torricelli et al., 2014; Villringer and Chance, 1997; Wheelock 

et al., 2019). fNIRS measures the changes in cortical hemoglobin oxygenation as 

surrogates of neuronal activity, similarly to functional magnetic resonance imaging 

(fMRI) (Scholkmann et al., 2014), but using near-infrared light instead of a magnetic 

field, as shown in Figure 1-2. fNIRS offers several advantages over fMRI: (1) fNIRS has 

a higher temporal resolution (about 10 Hz) compared with fMRI (about 0.5 Hz) and 

therefore avoids the aliasing of cardiorespiratory activity (Tong et al., 2011); (2) fNIRS 

has better cost-effectiveness, portability, and compatibility with other medical devices 

and thus is more accessible in the research and clinical applications (Hu et al., 2020); (3) 

fNIRS is  more tolerant to motion artifacts and enables measuring the cortical activity 

while the subject is in a natural position in a less confined space (Cui et al., 2010; Tak 

and Ye, 2014); (4) fNIRS can provide multiple contrasts including concentration changes 

in oxyhemoglobin (HbO), deoxyhemoglobin (HbR) and total hemoglobin (HbT) (Tak 

and Ye, 2014) while the BOLD signal in fMRI is primarily sensitive to the concentration 

changes in HbR (Buxton, 2013); (5) fNIRS generates less acoustic background noise 

which can increase attentional demands that bias the resting-state functional connectivity 

(RSFC) in default-mode network (DMN) (Gaab et al., 2008; Rondinoni et al., 2013); (6) 

fNIRS allows long-term monitoring, which is especially critical in studying the RSFC in 
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the developing brain (Hu et al., 2020). Thus, increasing efforts are dedicated to exploring 

the use of fNIRS in populations not suitable for or with contraindications to fMRI, such 

as infants (Homae et al., 2010; Molavi et al., 2013; Watanabe et al., 2017; White et al., 

2012) or patients with cochlear implants (Bortfeld, 2019; Saliba et al., 2016).  

 

Figure 1-2: Illustration of fNIRS imaging in Dr. Yuan’s laboratory. The inserted 

schematic figure of the source and detector is adapted from https://nirx.net/. The 

absorption spectra of HbO and HbR in the near-infrared range are adapted from 

Wikipedia (Figure shared under Creative Commons Attribution-Share Alike License 3.0, 

https://en.wikipedia.org/wiki/File:Oxy_and_Deoxy_Hemoglobin_Near-

Infrared_absorption_spectra.png). 

Furthermore, fNIRS can be easily combined with other neuroimaging modalities such 

as electroencephalography (EEG) (Chiarelli et al., 2017). EEG and fMRI have been 

integrated to concurrently measure the electrophysiological and hemodynamic signals 

and achieve a more comprehensive understanding of RSFC and neurovascular coupling 

(Britz et al., 2010; Musso et al., 2010; Yuan et al., 2016; Yuan et al., 2012). Previous 

simultaneous fMRI-EEG studies have shown that resting-state networks derived from 

fMRI data are correlated with the microstates reflected in EEG data (Britz et al., 2010; 

Musso et al., 2010; Yuan et al., 2012). However, the rapidly switching magnetic gradient 
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in fMRI heavily interferes with the EEG instruments and causes gradient artifacts in the 

EEG signals (Bénar et al., 2003). Another study showed that the ventilation system of 

fMRI can also introduce artifacts in the EEG signals (Nierhaus et al., 2013). Methods 

have been reported in the literature to reduce the gradient artifacts in EEG data recorded 

during fMRI (Liu et al., 2012; Mantini et al., 2007; Mayeli et al., 2016). Nevertheless, 

recording EEG concurrently with fMRI remains a challenging operation. In contrast to 

fMRI-EEG, the optical signals in fNIRS and electrical signals in EEG are “orthogonal” 

and thus can avoid direct interferences during simultaneous multi-modal imaging 

(Chiarelli et al., 2017). In addition, the fNIRS-EEG combination has better portability 

and lower operation cost. Therefore, fNIRS-EEG can be used for long-term monitoring 

in studying aging and developing brains in both clinical and non-clinical environments. 

Furthermore, the fNIRS-EEG multimodal imaging can measure the vascular and neuronal 

functional connectivity simultaneously and thus has the potential to unveil the 

neurovascular coupling between two types of connectivity (Scholkmann et al., 2014). A 

recent fNIRS-EEG study has demonstrated that the fNIRS dynamic resting-state 

functional connectivity between frontal, parietal and temporal regions in DMN is 

correlated with an EEG microstate (Zhang and Zhu, 2020). 

However, although fNIRS is attractive in clinical research (Chen et al., 2020b), its 

widespread use has been held back due to contamination of physiological noise in the 

recordings (Kirilina et al., 2013; Pinti et al., 2018; Tong, 2012). Firstly, due to the fact 

that the near-infrared light passes through the skin and skull before reaching the cerebral 

cortex, the fNIRS measurements are sensitive to absorption in the superficial layers of 

the head (Saager and Berger, 2005). Thus, the signal obtained from a regular long-
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separation (LS) channel (for example, 3 cm apart between a pair of source and detector 

in adults) is a mixture of absorptions by deep cerebral and superficial tissues (Saager and 

Berger, 2005; Takahashi et al., 2011). Furthermore, even in the cerebrally originated 

signals, there could be contaminations arising from physiological systemic activity, 

including changes in heart rate, blood pressure, breathing rate and volume, autonomic 

nervous system activity and movements (Kirilina et al., 2013; Sasai et al., 2011; 

Schecklmann et al., 2017; Tachtsidis and Scholkmann, 2016; Tong, 2010; Yuan et al., 

2013). The superficial activity and physiological noise collectively affects the accuracy 

of fNIRS, leading to false positives and false negatives in the imaging of functional brain 

activity (Tachtsidis and Scholkmann, 2016). Most of the existing fNIRS signals denoising 

methods were developed in a partial montage that only includes a few channels (Gagnon 

et al., 2011; Zhang et al., 2007; Zhang et al., 2005), or covers only part of the cortex (Sato 

et al., 2016; Zhang et al., 2016). Therefore, a denoising strategy that is proven effective 

for the whole-head montage is needed to enable fNIRS for studying large-scale brain 

networks, especially in diseased conditions (Irani et al., 2007; Leff et al., 2011; Obrig, 

2014). 

Since the first finding showed that the low-frequency oscillations (<0.1 Hz) in the 

blood-oxygenation-level-dependent (BOLD) signals measured by functional magnetic 

resonance imaging (fMRI) are temporally correlated in the motor cortex and other regions 

related to motion function under the resting state (Biswal et al., 1995), a great deal of 

effort has been dedicated to the research of RSFC and resulted in significant advances in 

the understanding of the functional organization, aging process and neurological 

disorders of the human brain (Zhang and Raichle, 2010). While remarkably consistent 
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spatial patterns of fMRI resting-state networks (RSNs) have been found in healthy 

subjects (Beckmann et al., 2005; Damoiseaux et al., 2006), substantial modulation or 

alteration can be seen in normal aging (Andrews-Hanna et al., 2007; Damoiseaux et al., 

2008) and neurological disorders (Zhang and Raichle, 2010). Research groups have 

employed fNIRS to characterize network-level neural activity in healthy adults (Aihara 

et al., 2020; Eggebrecht et al., 2014; Lu et al., 2010; Mesquita et al., 2010; Obrig et al., 

2000; Sasai et al., 2011; White et al., 2009; Zhang et al., 2010), assess the abnormality in 

diseased conditions (Irani et al., 2007; Keehn et al., 2013; Leff et al., 2011), and explore 

the effects of normal aging (Li et al., 2018). Whole-head and cap-based fNIRS recordings 

have become available with diffuse optical tomography (DOT) to reconstruct the voxel-

wise activity (Chen et al., 2020c; Khan et al., 2021; Zhang et al., 2021), however, RSFC 

of a complete DMN has not been fully revealed and benchmarked to that in fMRI (Aihara 

et al., 2020; Eggebrecht et al., 2014). 

Although fNIRS has an intrinsic advantage in sampling rate, it can encounter the same 

well-known problem, i.e., insufficient sampling rate, in fMRI. With the growing interest 

in utilizing fNIRS to study large-scale functional connectivity, the number of sources and 

detectors will need to significantly increase in order to achieve high-density 

measurements and whole head coverage. The broader coverage of the head and the 

increase in the density of optodes might come at the price of a decrease in the sampling 

rate. Despite the fact that intrinsic oscillations of the vascular networks (Drew et al., 2020; 

Mateo et al., 2017) and other physiological oscillations such as respiration, cardiac 

pulsation and cerebrospinal fluid may also contribute to the measured hemodynamics in 

the upper frequencies (Liu, 2016), our understanding of the human brain functional 



- 8 - 

connectivity has been primarily established by fMRI at sub-hertz sampling rates for the 

activity below 0.1 Hz (Biswal et al., 1996; Cordes et al., 2001; Mitra et al., 1997). 

However, it is still poorly understood how the oscillations that exist beyond the safely 

sampled range could contribute to the network organization via the aliased effects. 

fNIRS has drawn increasing interest from the neuroscience community to employ this 

technique to investigate auditory function in healthy subjects and patients with hearing 

loss (Pollonini et al., 2014; Saliba et al., 2016). For example, fNIRS can be used in infants 

who have cochlear implants and are unable to verbally communicate their hearing and 

comfort when adjusting sound levels (Bortfeld, 2019). The understanding of auditory 

perception mechanisms of normal sound and cochlear stimuli can facilitate the early 

intervention of hearing loss in infants to reserve and develop their speech and auditory 

function. There are several critical confounding factors in fNIRS signals, including 

interferences from superficial layers of the head, systemic physiological noise and motion 

artifacts (von Lühmann et al., 2019; von Lühmann et al., 2020; Zhang et al., 2021). 

Although less vulnerable to head movements, fNIRS can still suffer from jaw movements 

such as speech speaking and voluntary jaw clenching, which can cause contractions of 

the temporalis muscle (Novi et al., 2020; Schecklmann et al., 2017). The jaw movements 

could result in blood flow changes in the temporal muscle as well as relative movements 

between the optodes and the scalp, leading to artifacts in the fNIRS signals (Schecklmann 

et al., 2017). While many previous studies have investigated the impact and correction of 

head movements (Cui et al., 2010; Fishburn et al., 2019; Izzetoglu et al., 2010; 

Scholkmann et al., 2010), the effect and especially handling of jaw movements in fNIRS 

signals remain largely unclear (Novi et al., 2020; Schecklmann et al., 2017). 
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The research work included in my dissertation aims to tackle several 

abovementioned challenges and facilitate the achievement of fNIRS’s tremendous 

potential in research and clinical applications. 

 

1.3 Outline of the Dissertation 

This dissertation is organized as follows:  

In Chapter 2 (titled “Correcting physiological noise in whole-head fNIRS”), I will 

describe the development of a novel algorithm for removing the physiological noises in 

whole-head fNIRS recordings. fNIRS is known for being susceptible to interferences 

from physiological activity and motion artifacts. There was an unmet need for a denoising 

method for whole-head recordings. This chapter proposed and validated an automated 

pipeline for whole-head fNIRS measurements.  

In Chapter 3 (titled "Network organization of resting-state cerebral hemodynamics 

and their aliasing contributions measured by functional near-infrared spectroscopy”), I 

will describe the work of validating fNIRS with fMRI in a group of subjects. Functional 

connectivity measured by fMRI has been increasingly used as a biomarker to assess 

cerebral activity in neurological and psychiatric diseases. However, fMRI is bulky and 

expensive and has a low sampling rate. This chapter validated whole-head fNIRS in 

mapping large-scale distributed resting-state functional connectivity. In addition, I will 

also describe my discovery of the aliasing effects on functional connectivity in this 

investigation on experimental data.  

In Chapter 4 (titled “Characterization of jaw-clenching artifacts in fNIRS 

recordings and signal correction”), I will describe my development of a novel bite-bar 
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apparatus and the denoising algorithm in addressing the issue of jaw-movement-related 

artifacts in fNIRS. Although fNIRS is less vulnerable to head movements, fNIRS can still 

suffer from jaw movements such as speech speaking and voluntary jaw clenching. This 

chapter characterized the motion artifacts due to jaw clenching movements in fNIRS 

signals and validated the efficacy of a customized bite bar and PCA-GLM established in 

Chapter 2 in improving the fNIRS signals in auditory and resting tasks. 

In Chapter 5 (titled “Conclusions and future work”), I summarize the 

methodological developments and research findings accomplished in this dissertation. 

Meanwhile, I also discuss the limitations in this dissertation and provide an outlook as 

well as recommendations for future research on resting-state functional connectivity with 

whole-head, high-density fNIRS. 
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2 Chapter 2: Correcting Physiological Noise in Whole-head fNIRS 

2.1 Introduction 

Currently, denoising methods for fNIRS that are commonly used in the literature 

include temporal filtering as a minimal preprocessing method, general linear model 

(GLM) with short-separation (SS) channels (namely SS-GLM) (Gagnon et al., 2011), 

spatial filtering based on principal component analysis (namely PCA) (Virtanen et al., 

2009; Zhang et al., 2016; Zhang et al., 2005), and PCA filtering integrated with SS 

channels (namely Sato method) (Sato et al., 2016). Given a sufficient sampling rate in the 

acquisition, a minimal preprocessing method that primarily relies on band-pass filtering 

is effective in removing cardiac pulsation (0.8 - 1.6 Hz) and respiration (0.2 - 0.6 Hz) but 

is not capable to address the noise in low-frequency oscillations (0.04 - 0.2 Hz, LFO) and 

very-low-frequency oscillations (0.01 - 0.04 Hz, VLFO) (Stefanovska et al., 1999; Tong 

et al., 2011), which however overlap with the frequencies of resting and evoked neural 

activity. More advanced methods such as the SS-GLM method utilize additional 

information from SS channel which has a source-detector distance smaller than 1 cm and 

is primarily sensitive to superficial tissues (Gagnon et al., 2012; Gagnon et al., 2011; 

Saager and Berger, 2005). The SS signals can be regressed from LS recordings to 

attenuate noise originating from superficial tissues and physiological activity (Gagnon et 

al., 2011). In addition, there are other denoising methods based on SS channels, including 

temporal embedding canonical-correlation analysis (tCCA) (von Lühmann et al., 2019; 

von Lühmann et al., 2020), Kalman filter (Dong and Jeong, 2018), etc. However, direct 

removal of SS recordings may be problematic. Theoretic simulations have demonstrated 

that SS recordings might contain contributions from deep brain tissues as well (Saager 
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and Berger, 2005), although in much smaller magnitudes. More importantly, empirical 

evidence showed that tasks can induce block-wise modulations in SS channels (Kirilina 

et al., 2012; Takahashi et al., 2011). The task-related changes of oxygenated and 

deoxygenated hemoglobin (HbO and HbR) obtained in SS recordings have been found to 

be remarkably similar to those activations observed in regular LS channels, which implies 

that directly regressing SS recordings from LS recordings may reduce the effect size of 

detecting task-related activations (Tachtsidis and Scholkmann, 2016). Meanwhile, 

another type of PCA-based denoising method has limitations too. Out of multiple 

orthogonal components yielded by applying PCA on LS data, one or a subset of 

components should be selected and removed as noise to enhance brain activation patterns 

(Zhang et al., 2016; Zhang et al., 2005). However, the selection of noise components in 

PCA-based methods typically relies on a manual decision and lacks a systematic 

approach that has fully validated the origins of physiological noise in the removed 

components. Due to the intrinsic correlation between noise and neural-associated signals 

(e.g., the SS and LS signals exhibit similar task-modulated changes), PCA-based methods 

have limitations in separating noise from signals of interest. Therefore, removing too 

many principal components is possible and can result in a substantial reduction of 

activation (Boas et al., 2004; Zhang et al., 2016; Zhang et al., 2005). Other methods based 

on the decomposition of the multi-channel fNIRS data, such as the independent 

component analysis (ICA) (Kohno et al., 2007), also suffer from similar limitations when 

manually choosing noisy components to remove. Thus, in both PCA- and ICA-based 

methods, the preprocessing procedure is not fully automatic and their performance is not 

satisfactory (Watabe and Hatazawa, 2019). In the meantime, applying PCA to short-
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channel recordings is suggested as an effective strategy to overcome the difficulties in 

LS-based PCA and SS-GLM methods, while exploiting the regional homogeneity in SS 

recordings (Sato et al., 2006). 

Furthermore, physiological fluctuations in cardiac pulsation, respiration, and 

voluntary head and jaw movements can affect the fNIRS measurements (Kirilina et al., 

2013; Sasai et al., 2011; Tachtsidis and Scholkmann, 2016; Tong, 2010; Yuan et al., 

2013). While filtering is commonly used to filter out the range regarding pulse and 

respiration, non-stationary fluctuations that are related to slow changes in pulse and 

respiration rate and volumes have been shown to impact hemodynamic measurements in 

fMRI (Birn et al., 2006; Chang et al., 2009; Hu et al., 1995; Power et al., 2012; Shmueli 

et al., 2007; Van Dijk et al., 2012; Wise et al., 2004), and yet to be fully considered in 

fNIRS denoising.  

In addition to the above-mentioned limitations in the fNIRS preprocessing methods, 

an unmet need so far is a denoising method for whole-head fNIRS recordings. Most of 

the existing methods were developed in a partial montage that only includes a few 

channels (Gagnon et al., 2011; Zhang et al., 2007; Zhang et al., 2005), or covers only part 

of the cortex (Sato et al., 2016; Zhang et al., 2016). Despite some recent efforts (Noah et 

al., 2021; Santosa et al., 2020), these methods have not yet been fully evaluated in a 

whole-head montage at a complex task when current activations from multiple, distant 

regions arise, which however is especially critical for imaging resting-state brain 

networks. Till now, it remains unknown whether the denoising methods for partial 

montages would still be effective in a whole-head montage, considering that noise in an 

expanded recording range will challenge the underlying assumptions employed in these 
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methods. Blood flow in the skin tissues covering the scalp is known to be heterogenous 

(Kirilina et al., 2013; Schuenke et al., 2010). Facial muscles might be another contributor 

to physiological noise when the fNIRS montage extends to the temporal region (Novi et 

al., 2020; Schecklmann et al., 2017). Therefore, a denoising strategy that is proven 

effective for the whole-head montage is needed to enable fNIRS for studying large-scale 

brain networks, especially in diseased conditions (Irani et al., 2007; Leff et al., 2011; 

Obrig, 2014). 

In this chapter, we proposed an automatic denoising method for whole-head fNIRS 

recordings. Our method namely PCA-GLM integrates principal component analysis and 

general linear model regression based on long-separation (LS) and short-separation (SS) 

channels and auxiliary measurements. Experimental data acquired from thirteen healthy 

individuals during a visually cued motor task were used to evaluate whether activations 

in motor and visual areas are detectable. Then our PCA-GLM method was compared with 

four other commonly used methods, i.e. minimal processing of filtering only (namely No 

Correction), SS-GLM (Gagnon et al., 2011), PCA (Huppert et al., 2009; Zhang et al., 

2005), and the Sato method (Sato et al., 2016). Performance of all methods was assessed 

using quantitative metrics, including contrast-to-noise ratio, within-subject standard 

deviation and adjusted coefficient of determination.  

2.2 Methods 

2.2.1 Participants 

This study was approved by the University of Oklahoma Health Sciences Center 

Institutional Review Board. Written consent was obtained from all participants prior to 

the study. All the procedures were carried out in accordance with the IRB guidelines. A 



- 15 - 

total of thirteen healthy participants without any neurological or neuropsychiatric 

disorders were enrolled in this study. Participants received financial compensation for 

their participation. Data of three subjects were excluded from data analysis due to bad 

data quality. Therefore, data from ten subjects (four females, 34.2 ± 9.9 years old) were 

used for the analyses. 

2.2.2 Data Acquisition 

Simultaneous fNIRS and peripheral measurements were collected in all participants. 

In addition, EEG recordings were recorded concurrently but were not used in the present 

study. fNIRS data were acquired using a NIRScout system (NIRx GmbH, Berlin, 

Germany). As illustrated in Figure 2-1, The acquisition consisted of 34 dual-wavelength 

(760 and 850 nm) sources, 31 LS detectors and 8 SS detectors, which jointly formed 109 

LS channels and 8 SS channels evenly distributed over the entire head, following a similar 

montage of our previous study (Chen et al., 2020b). The SS channels had source-detector 

separations of 8 mm. As suggested in fMRI, the sampling frequency should be set 

sufficiently high to avoid aliasing effects of respiratory and cardiac activity (Liu, 2016). 

While fNIRS has the advantage of sampling faster compared with fMRI, its sampling 

frequency still decreases as the number of light sources used increases. In order to 

maintain a high sampling rate while using a large number of sources, we employed 

parallel source illumination in the NIRScout system, which illuminated multiple sources 

in each single time step. To avoid optical crosstalk, the optimal source illumination 

sequence was manually generated based on the criterion that the distances between 

sources activated during the same step should be larger than 9 cm so that each detector 

does not receive light from multiple sources. 34 sources were illuminated in 10 steps, 
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which resulted in a sufficient sampling rate of 6.25 Hz. The sensitivity profile of the 

fNIRS probe to cortical absorption changes obtained by Monte Carlo simulation with 

photon propagation in AtlasViewer (Aasted et al., 2015) is shown in Figure 2-1. The 

number of photons in the simulation was set as 1e7 (Aasted et al., 2015). The fNIRS 

optodes and EEG electrodes were placed on an elastic cap (EASYCAP GmbH, 

Herrsching, Germany), according to the international 10-5 system (Oostenveld and 

Praamstra, 2001). Additional auxiliary data of acceleration, respiration, and cardiac 

pulses were recorded by a three-dimensional accelerometer, a pneumatic respiration belt 

and a photoplethysmography respectively which were connected to the auxiliary input 

ports of the actiCHamp system (BrainProducts, München, Germany). Auxiliary data were 

sampled at a frequency of 500 Hz.  

 

Figure 2-1: fNIRS probe configuration and sensitivity map. Sources (red), detectors 

(blue) and measurement channels (yellow) are shown on the scalp. The sensitivity profile 
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of the probe is shown on the cortex. The color scale delineates the sensitivity 

logarithmically (Zhang et al., 2021). 

2.2.3 Experimental Paradigm 

Participants were instructed to clench their right hands guided by visual cues at a 

comfortable sitting position in a dark room. Each participant performed two repeated 

sessions of clenching at 1 Hz and two sessions of clenching at 2 Hz. Within each session, 

there was an initial resting period (30 s) followed by six blocks. Each block contained a 

task period (20 s) and a resting period (30 s). Figure 2-2 shows the schematic diagram of 

the experimental paradigm. E-prime (Psychology Software Tools, Sharpsburg, PA) 

software was used to display instructions and visual cues on the monitor during the 

experiments. 

 

Figure 2-2: The schematic diagram of the experimental paradigm. Each session 

comprised an initial resting period (30 s) and six blocks. Each block included a task period 

(20 s) and a resting period (30 s) (Zhang et al., 2021). 

2.2.4 fNIRS Data Preprocessing 

fNIRS data were automatically preprocessed using proprietary scripts in MATLAB® 

(The Mathworks, Natick, MA) in conjunction with the HOMER2 toolbox (Huppert et al., 
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2009). Specifically, the preprocessing pipeline included: 1) converting raw data to optical 

density (OD); 2) computing power spectral densities using the Welch’s method (a 

window length of 60 s and 50% overlap) and excluding bad channels that showed no 

heartbeat frequency peak (0.8 - 1.6 Hz); 3) bandpass filtering OD with 0.008 – 0.2 Hz; 4) 

converting filtered OD to relative concentration changes of oxy-hemoglobin (ΔHbO) and 

deoxy-hemoglobin (ΔHbR) based on the modified Beer-Lambert law (MBLL) 

(Scholkmann et al., 2014). The differential pathlength factors were selected as 7.25 and 

6.38 for 760 nm and 850 nm, respectively (Herold et al., 2018). The molar extinction 

coefficients at 760 and 850 nm were 645.5 cm-1/M and 1097.0 cm-1/M for HbO and 

1669.0 cm-1/M and 781.0 cm-1/M for HbR, respectively (Piper et al., 2014).  

2.2.5 PCA-GLM Denoising Method 

 

Figure 2-3: The framework of the proposed PCA-GLM method.  

After preprocessing of fNIRS data, we developed a novel approach (namely PCA-

GLM) to remove the physiological noise by utilizing PCA and GLM based on 109 LS 
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and 8 SS channels that evenly covered the whole head. The framework of PCA-GLM is 

illustrated in Figure 2-3. Firstly, PCA was applied to LS data to decompose signals into 

multiple components. Topographic distributions were displayed over whole-head LS 

channels (Figure 2-4A) and assessed by a metric called the coefficient of spatial 

uniformity (CSU) (Kohno et al., 2007). Because spatial uniformity indicates systemic 

physiological activity (Zhang et al., 2005), a principal component with the highest value 

of CSU was identified and named as the spatially uniform component (abbreviated as PC-

LS hereafter). After determining the PC-LS component, the time course of PC-LS was 

not directly removed from the multi-channel LS data; instead, the PC-LS was used to 

select a component from the SS measurements which are more directly sensitive to the 

absorption by superficial tissues (Saager and Berger, 2005). Specifically, a total of eight-

channel preprocessed SS data were subject to a separate principal component analysis, 

and the SS component that had the highest temporal correlation with PC-LS was chosen 

as the superficial global component (abbreviated as PC-SS hereafter). The time course of 

PC-SS was then used as a nuisance regressor to be removed by GLM. Exemplar time 

courses of PC-LS and PC-SS are plotted in Figures 2-4B and C. 
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Figure 2-4: (A) The spatial map of PC-LS in two representative subjects and the grand 

average of all subjects. The spatial map of each session is normalized by its maximum 

value before it is used to calculate the grand average. (B) and (C) are the exemplar time 

courses of PC-LS, PC-SS, and from one LS channel over the motor area in Subjects 1 

and 2, respectively (Zhang et al., 2021).  

A general linear model was configurated for each session to remove physiological 

noise. Prior to GLM, auxiliary data of acceleration, respiration, and cardiac pulsation 

were processed by a band-pass filter with 0.008 Hz – 0.2 Hz and further detrended by a 

3-order polynomial drift. The time course of PC-SS, the detrended auxiliary data 

(acceleration, respiration and cardiac pulsation) and a 3-order polynomial drift were 

included in the design matrix as nuisance regressors. The main effect was accounted for 

by a hemodynamic response function (HRF) regressor, which was derived by convolving 

the block design with a canonical two-gamma HRF model (Lindquist et al., 2009). Figure 
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2-5 shows an example of detrended nuisance regressors in a single session together with 

an HRF predictor.  

 

Figure 2-5: Relative concentration changes in a LS channel, 3-order drift, nuisance 

regressors from auxiliary measurements, the noise component PC-SS, and HRF predictor. 

Both fNIRS and auxiliary measurements were band-pass filtered with 0.008 to 0.2 Hz. 

Shaded areas correspond to the task periods (Zhang et al., 2021). 

2.2.6 Comparison with Other Denoising Methods 

Our proposed PCA-GLM method was compared with four other commonly used 

preprocessing methods, i.e., a minimal preprocessing of temporal filtering (namely No 

Correction), the PCA on SS channels (namely Sato method) (Sato et al., 2016), the spatial 

filtering method (namely PCA) (Huppert et al., 2009; Zhang et al., 2005) and the GLM-
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based method that directly regresses the SS from LS recordings (namely SS-GLM) 

(Gagnon et al., 2011). To implement the PCA method (Zhang et al., 2005), we used the 

enPCAFilter (nSV = 3) function in Homer2 toolbox (Huppert et al., 2009), which used 

the entire session of both task and resting data to calculate the PCs. In the SS-GLM 

method, we used the nearest neighbor SS channel to each LS channel as a regressor 

representing physiological noise, together with a 3-order polynomial drift and an HRF 

regressor. In the Sato method, the first PC of SS recordings were used as a nuisance 

regressor along with a 3-order polynomial drift and an HRF regressor in a general linear 

model to denoise LS recordings.  

To quantify the performance of the proposed PCA-GLM method and three other 

methods, we evaluated three metrics including contrast-to-noise ratio (CNR), within-

subject standard deviation (SD) and adjusted coefficient of determination (adjusted R2).  

(1) The contrast-to-noise ratio (CNR) is calculated as the difference between the 

mean amplitudes during the task and the rest period normalized by the summation of 

variances at task and rest periods (Cui et al., 2010; Nguyen et al., 2018; Zhang et al., 

2005). The CNR is defined as follows: 

𝐶𝑁𝑅 =
𝑚𝑒𝑎𝑛(𝑡𝑎𝑠𝑘) − 𝑚𝑒𝑎𝑛(𝑟𝑒𝑠𝑡)

√𝑣𝑎𝑟(𝑡𝑎𝑠𝑘) + 𝑣𝑎𝑟(𝑟𝑒𝑠𝑡)
           (2.1) 

where “task” denotes the task period (from 6 s to 16 s), and “rest” denotes the resting 

period (from -5 s to 0 s) with respect to the onset of each task block (t = 0 s). A high CNR 

value indicated that the ratio of task-evoked signal to noise is high. 

(2) The within-subject standard deviation (SD) (Brigadoi et al., 2014) is calculated 

as the standard deviation across blocks of a single session when calculating the block 

averages.  
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(3) The adjusted coefficient of determination (adjusted R2) is calculated to evaluate 

the goodness of fitting by comparing the preprocessed time courses and the task design 

(Sato et al., 2016). A standard GLM with polynomial drift and HRF regressor was applied 

to the time courses processed by the No Correction method and those by the PCA method, 

respectively. 

The metrics of CNR, within-subject SD and adjusted R2 were reported in two 

representative channels over the motor and visual regions respectively, which were 

determined by finding the channel that had the highest beta value associated with the task 

effect in GLM. To assess the performance at a group level, metrics obtained from all 

subjects were pooled and compared using a two-tailed paired t-test with the Benjamini-

Hochberg method to correct multiple comparisons (Benjamini and Hochberg, 1995). 

2.2.7 Visualization of Task-evoked Activations in Whole-head Recordings 

To visualize fNIRS in detecting task-related activations, we calculated time courses 

of relative changes that are normalized to the variances of task and rest periods, consistent 

with the definition of contrast-to-noise ratio. Specifically, 

𝑦𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 =
𝑦 − 𝑚𝑒𝑎𝑛(𝑟𝑒𝑠𝑡)

√𝑣𝑎𝑟(𝑡𝑎𝑠𝑘) +  𝑣𝑎𝑟(𝑟𝑒𝑠𝑡)
              (2.2) 

where y and ynormalized denoted the time courses of a fNIRS channel before and after 

normalization, “task” denotes the task period (from 6 s to 16 s) and “rest” denotes the 

resting period (from -5 s to 0 s) with respect to the onset of task blocks (t = 0 s). In each 

session, the normalized relative changes were segmented into task blocks, aligned at the 

beginning of task blocks, and then averaged as the block average per session. At the group 

level, the block averages of all sessions were averaged. Channels representing the 

contralateral motor cortex, the ipsilateral cortex and the bilateral visual cortex were 
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illustrated. At the group level, in order to determine whether the activation was 

significant, a one-sample two-sided t-test was performed at each time point across all 

subjects’ sessions, separately for our GLM-PCA method and No Correction method. In 

addition, a paired two-sample, two-tailed t-test was performed to evaluate whether GLM-

PCA and No Correction methods yielded different time courses. The resulted p values 

were corrected for multiple comparisons using the Benjamini-Hochberg procedure 

(Benjamini and Hochberg, 1995). 

In addition, to visualize the whole-head topography in detecting task-related 

activations, a group-level one-sample, two-tailed t-test vs. 0 was performed on all 

channels across all subjects’ sessions, based on the beta values associated with the task 

effect in GLM. The resulted p values were corrected for multiple comparisons using the 

Benjamini-Hochberg procedure (Benjamini and Hochberg, 1995). 

2.3 Results 

Firstly, a PCA decomposition was performed on the LS recordings and the principle 

component associated with the highest CSU value (Kohno et al., 2007) was selected as 

PC-LS. Figure 2-4A shows the topographies of the PC-LS in two individual subjects and 

grand average, respectively. The CSU values corresponding to the exemplar sessions in 

Subject 1 and Subject 2 are 2.06 and 2.66, respectively. Also, in all individuals, the PC-

LS presents a high spatial uniformity with a CSU of 1.74  0.77 (mean  SD) and ranging 

from 0.64 to 3.62. The values are consistent with our previous finding (Zhang et al., 2019) 

and also comparable to those reported in Kohno et al. (2007), despite that in the current 

study a whole-head montage of more than three times channel numbers was used. 

Furthermore, we found that the PC-LS accounted for 35.94  18.01 % of the total 
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variances in long-distance channel data across all sessions. Consistently described in 

previous fNIRS studies (Zhang et al., 2005), such a component that has a homogenous 

spatial distribution in regular LS channels is recognized for representing noise originating 

from superficial skin responses. 

Next, a separate PCA decomposition was performed on 8 SS channels that were 

evenly distributed over the scalp. The principal component derived from SS recordings 

which has the highest temporal correlation with the time course of previously identified 

PC-LS was selected as the noise component of all SS data (namely PC-SS). This 

procedure was operated under the consideration that measurements of multiple LS and 

SS channels are sensitive to a common physiological noisy component originating from 

the superficial skin tissues (Saager and Berger, 2005, 2008). Indeed, Figures 2-4B and 

C show representative time courses of PC-LS and PC-SS from two representative 

subjects. Noteworthy, PC-LS and PC-SS exhibited a similar profile. Across all subjects 

and sessions, the correlation between PC-LS and PC-SS was 0.67  0.14 (mean  SD). 

Aside from the temporal similarity between PC-LS and PC-SS, they exhibited 

important differences. Figures 2-4B and C show that PC-SS have more fluctuations in 

the same time window than the PC-LS, suggesting that PC-SS contains higher frequency 

oscillations. Furthermore, although PC-LS exhibits a uniform distribution, the PC-LS 

shows an increase in HbO (and a decrease in HbR, data not shown) during the motor task 

period, which are similar to the task-related changes in a regular LS channel over the 

motor area (e.g., the black-colored curves in Figures 2-4B and C from the same session). 

The observation is consistent with previous studies which reported that although PC-LS 
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captures noise of superficial contributions, it is not free of task-modulated changes (Sato 

et al., 2016).  

Therefore, in order to avoid attenuating the task-related changes in LS channels, our 

processing pipeline removed the PC-SS rather than the PC-LS. Other nuisance regressors 

included the auxiliary physiological measurements and 3-order polynomial drift (shown 

in Figure 2-5).  

We have applied our proposed method (PCA-GLM) and four established 

preprocessing methods (i.e., No Correction, PCA, SS-GLM and Sato Method) to the 

experimental dataset acquired in a group of healthy subjects. Regarding performance 

metrics of CNR, within-subject SD and adjusted R2, two-tailed paired-sample t-tests were 

conducted to compare our PCA-GLM method with four other methods. Benjamini-

Hochberg method was used to address the multiple comparison problem (Benjamini and 

Hochberg, 1995). All results shown here were based on HbO contrast unless otherwise 

specified. Figure 2-6 demonstrates that our PCA-GLM method improves upon the 

minimal preprocessing method with no correction of superficial noise, yielding 

significantly higher CNR, lower within-subject SD and higher R2 (q < 0.001). Compared 

with three established denoising methods (Sato method, PCA and SS-GLM), our PCA-

GLM resulted in the highest CNR and R2 in both motor and visual channels and 

significantly outperformed the other methods. In terms of the within-subject SD, PCA-

GLM shows good reliability with the lowest value than other methods, except the PCA. 

However, in the PCA method, the low within-subject SD was accompanied by low CNR 

and low adjusted R2, which were attributed to the overall small magnitudes of time 

courses after removing excessive components. 
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Noteworthy, our PCA-GLM method is completely automatic, including the 

determination of PC-LS and PC-SS as well we as the GLM regression. In the four other 

methods that were compared, the PCA filtering method was configurated to be automatic 

by mandating a fixed number of components to be removed (n = 3). 

 

Figure 2-6: Comparison of denoising performance. CNR, adjusted R2 and within-subject 

SD in HbO of the motor channel (left column) and visual channel (right column) were 

compared between PCA-GLM and No Correction, Sato method, PCA or SS-GLM. The 

asterisks above lines indicate statistically significant differences between different 
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methods (* q < 0.05, ** q < 0.01, *** q < 0.001, after applying Benjamini-Hochberg 

method). The error bars indicate the standard errors across sessions (Zhang et al., 2021). 

Figure 2-7 shows the automatic denoising outcomes in a representative subject 

(Subject 1) by applying our PCA-GLM method in a total of 109 long-channel recordings 

that covered the whole head. As our study used a visually cued motor task, activations in 

both the motor and visual areas were expected. Whole-head topographies of HbO 

activations across 5 to 15 s in the single trials and block averages of the normalized 

relative changes are shown in Figure 2-7A. In addition, the single-trial and block-average 

time courses of the normalized relative changes from selected channels in the motor and 

visual areas are illustrated in Figure 2-7B. After processing by PCA-GLM, a strong and 

focal activation in the contralateral motor area became evident in both the single-trial and 

the block-average topography. Other identified areas included the ipsilateral sensorimotor 

area with a focus shifted towards the posterior direction than the contralateral motor area, 

as well as the bilateral visual area that appeared to be symmetrically activated. In the time 

courses of single trials and block averages, the PCA-GLM yielded an overall stronger 

activation in ΔHbO during the task durations, compared with the minimal processing. 

Group results across all subjects are shown in Figure 2-8. The grand average of 

ΔHbO time courses from the motor and visual areas is shown in Figure 2-8A. In multiple 

channels over the contralateral motor cortex, ipsilateral sensorimotor cortex and bilateral 

visual cortices, significant activations during the tasks were detected by our PCA-GLM 

method (Figure 2-8A). Compared with the results from minimal processing with no 

correction of SS channels, our method yielded a higher magnitude of HbO increases 

during the task periods and more time points with significant activations from rest periods 
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(q < 0.05, multiple comparisons corrected), which is consistent with a group-level 

increase of CNR (Figure 2-6A). A group-level topography of activations is shown in 

Figure 2-8B. A t-test on the task-association effect revealed significant activations in the 

channels from the contralateral motor, the ipsilateral premotor, and the bilateral visual 

areas (q < 0.05, after applying the Benjamini-Hochberg method with a false discovery 

rate of 0.05).  

 

Figure 2-7: Sing-trial and block-average data show concurrent activations in motor and 

visual areas during the task period in Subject 1. (A) Topographies of the mean amplitudes 

across 5 to 15 s of the single trials and block averages of all LS channels after PCA-GLM 

and No Correction. The dash circles label the motor and visual channels, of which the 

block averages are shown below. (B) Single-trial time courses and their block averages 

in motor and visual channels after PCA-GLM and No Correction in the same subject. The 
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line and shaded area represent the mean and standard error across blocks, respectively 

(Zhang et al., 2021). 

 

Figure 2-8: Group-level results show concurrent activations in motor and visual areas 

during the task period. (A) Grand average of block averages in motor and visual channels 

produced by PCA-GLM and No Correction methods. The solid lines and shaded areas 

represent the mean and standard error across sessions, respectively. The red and blue 

asterisks indicate the time points with significant activations (q < 0.05 after Benjamini-

Hochberg correction) for the block averages by PCA-GLM and No Correction, 

respectively. The dark asterisk indicates the time points with significant differences 

between PCA-GLM and No Correction against 0 (q < 0.05 after Benjamini-Hochberg 

correction). (B) Topography of group-level activations associated with the task. The 

shown t-values were from the t-test across all subjects. The dash circles indicate the LS 
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channels that were significantly activated (q < 0.05 after Benjamini-Hochberg correction) 

(Zhang et al., 2021). 

2.4 Discussions 

fNIRS has seen rapid development and increasing use in studying the human brain 

under normal and diseased conditions (Chen et al., 2020b; Pinti et al., 2018; Wheelock et 

al., 2019). However, fNIRS suffers from its susceptibility to the superficial tissues and 

systemic physiological noise associated with the cardiac pulse, respiration and movement 

(Kirilina et al., 2013; Schecklmann et al., 2017; Tong et al., 2011). The presence of 

physiological noise confounds the accuracy of fNIRS for monitoring brain activation, 

with false positive and false negative results in images (Tachtsidis and Scholkmann, 

2016). Therefore, in order to tap the full potential of fNIRS, it is essential to correct these 

confounding factors from fNIRS signals. 

In this chapter, we proposed a novel denoising method namely PCA-GLM for whole-

head fNIRS recordings. Our method was applicable and effective in a montage of 109 LS 

and 8 SS channels that evenly covered the scalp. To our knowledge, our study is the first 

to report a preprocessing method that integrates Long- and Short-separation channels and 

auxiliary measurements to improve fNIRS signals in a whole-head montage. Especially, 

our study has evaluated the proposed preprocessing method in a complex task and for the 

first time reported effective denoising outcome of concurrent visual and motor activations 

in a whole-head montage. Results demonstrated that, during the task-on periods of a 

visually cued motor task, oxyhemoglobin activity in the contralateral primary motor, 

ipsilateral premotor/sensorimotor, and bilateral primary visual areas were increased 

relative to the task-off period (shown in Figures 2-7 and 2-8). Because subjects 
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performed hand clenching with visual cues in the task-on blocks and rested with a grey 

screen in the task-off blocks, concurrent activations in the motor and visual areas were 

consistent with subjects’ behavior. This finding of contralateral activation in primary 

motor and ipsilateral activation in sensorimotor areas is in agreement with the 

hemodynamic response previously observed in fNIRS (Franceschini et al., 2003; 

Franceschini et al., 2006; Huppert et al., 2006; Leff et al., 2011) and fMRI studies 

(Huppert et al., 2006; Yuan et al., 2010; Yuan et al., 2011). In addition, activation in the 

primary visual cortex is also consistent with the previous report of fNIRS covering the 

visual regions (Chen et al., 2015; Franceschini et al., 2006; Jasdzewski et al., 2003; Liao 

et al., 2010; Obrig et al., 2002; Putze et al., 2014). Importantly, our study using a whole-

head montage has reported concurrent activations in channels over different and distant 

brain lobes, i.e., motor and visual activations in a visuomotor task.   

In order to remove the confounding physiological noise in fNIRS, our study utilized 

several auxiliary sensors in addition to the whole-head fNIRS, including multiple SS 

channels to capture superficial signals and auxiliary measurements of acceleration, 

respiration and cardiac pulsation. Based on these physiological measurements, we 

proposed a novel way of integrating two-step PCA and GLM to remove the systematic 

noise embedded in regular LS channels. We have evaluated the denoising performance 

of our method with four other commonly used methods for processing fNIRS signals, 

including the minimal preprocessing with no correction of superficial signals, PCA-based 

spatial filtering (Zhang et al. 2005; Huppert et al., 2009), GLM with SS channels (Gagnon 

et al., 2011) and the Sato method that combined PCA and SS channels (Sato et al., 2016). 

Although many studies so far have evaluated various fNIRS methods in denoising 
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performance (Pinti et al., 2018; Santosa et al., 2020; Sato et al., 2016; von Lühmann et 

al., 2020; Wyser et al., 2020; Zhang et al., 2009; Zhang et al., 2015; Zhang et al., 2005), 

the data used in those studies (including synthetic data) only contains a partial montage 

of the head, e.g., covering only the motor cortices (Gagnon et al., 2011; Santosa et al., 

2020; Sato et al., 2016; Wyser et al., 2020; Zhang et al., 2005), prefrontal cortex (Dong 

and Jeong, 2018; Pinti et al., 2018), or visual cortex (von Lühmann et al., 2019; Zhang et 

al., 2009; Zhang et al., 2015). When evaluating these methods, experimental data or 

synthetic data with one focal activation are commonly used, event at a wide montage 

(Noah et al., 2021; Zhang et al., 2016). Importantly, our study has extended the algorithms 

of PCA, SS-GLM and the Sato method to a much larger set of channels evenly covering 

the whole head and compared the denoising performance with our PCA-GLM method. 

Since PCA filtering and the Sato method reply on a homogenous global pattern in 

capturing superficial noise, their performance at whole-head montage was not 

guaranteed, considering that emerging evidence has suggested the contributors to 

physiological noise are heterogenous rather than homogenous (Erdogan et al., 2014; 

Kirilina et al., 2012; Schecklmann et al., 2017; Sutoko et al., 2019; Wyser et al., 2020). 

In the meanwhile, although SS-GLM allows heterogeneous SS signals in the denoising 

scheme, the direct removal of SS time series may reduce the effect size in regular LS 

fNIRS signals, since the task-related activity is still detectable in superficial signals – 

therefore the denoising performance of SS-GLM at whole-head montage remained 

unknown. Evaluation of our proposed method and four other common methods showed 

that PCA-GLM resulted in superior CNR, within-subject SD and adjusted R2 in 

experimental whole-head recordings from a visually cued motor task. The CNR and 
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adjusted R2 yielded by our PCA-GLM method was the highest among all methods in both 

motor and visual channels, and significantly outperformed all other methods. The 

superior performance of CNR indicates that our denoising method is valid and can 

improve the capability of fNIRS in detecting cerebral activations by effectively removing 

physiological noise. Furthermore, the experimental validation of concurrent motor and 

visual activity in our study suggests the feasibility of fNIRS in imaging large-scale neural 

networks in human subjects, such as the default mode network and attention network, 

which are composed of multiple nodes in distant lobes and are implicated in many 

neurological and neuropsychiatric diseases (Aihara et al., 2020; Duan et al., 2012; Li et 

al., 2018; Lu et al., 2010; Zhang et al., 2010). 

Another benefit of removing physiological noise is the increased reliability in fNIRS 

signals, which is evidenced by the smaller within-subject SD of our PCA-GLM method 

as compared with the No Correction (q < 0.001 for both motor and visual channels), SS-

GLM (q = 0.07 for the motor channel) and Sato Method (q = 0.07 for the motor channel), 

except for the PCA method. However, in the PCA method, the low within-subject SD 

was accompanied by low CNR and low adjusted R2, which were overall attributed to the 

small magnitudes of time courses after removing excessive components. The time courses 

of tasks have further shown that our method could yield more data points with activations 

and yield significantly stronger activations at sensorimotor and visual cortices, compared 

with No Correction (Figure 2-8). Furthermore, single-trial time courses processed by our 

method have shown prominent task-engaged activations in both the motor and visual 

channels (Figure 2-7B), especially with higher and detectable amplitudes than the resting 

period. These findings further suggest that the fNIRS might be applicable in brain-
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computer interface studies that rely on the detection of single-trial activity (Coyle et al., 

2007; Hong et al., 2015; Naseer and Hong, 2015). Because fNIRS is noninvasive, 

portable and robust to head movement (Carius et al., 2016; Herold et al., 2018; Perrey, 

2008), it offers a complementary advantage as a sensing modality for developing neural 

interfaces (He et al., 2020).  

Noteworthy, our denoising method is implemented as an automated pipeline for 

whole-head fNIRS recordings. Previously, studies employing PCA or ICA for denoising 

fNIRS data have relied on manual criteria, either choosing noisy components by visual 

inspection or manually setting a certain threshold to determine noise components. 

However, in our proposed PCA-GLM method, the selection of the noise component in 

the LS channels is automatically determined by choosing the SS component that 

resembles the LS component in the highest temporal correlation. Therefore, with the 

formulation of nuisance regressors, the entire preprocessing pipeline becomes automatic, 

which enables efficient batch processing in clinical applications of fNIRS.  

In comparing our method with other commonly used methods, our PCA-GLM 

method contains a two-step PCA approach to derive the noise component, which differs 

from existing methods that performed PCA only on the LS channels (Zhang et al., 2005), 

or only on the LS channel (Sato et al., 2016). Previously, PCA-based filtering has been 

exploited to remove the global hemodynamic component by decomposing regular LS 

recordings only. However, without directly measuring superficial signals from SS 

channels, the decomposed components from LS data alone are insufficient in delineating 

the noise contribution. As shown in Figures 2-4B and C, the time courses of PC-LS 

exhibited a task-alike modulation, in a very similar manner to the LS channel of interest 
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located over the motor area. Therefore, directly removing a PC-LS that carries a task 

effect will attenuate the effect size in these PCA filter methods. Similarly, a single SS 

channel which is located near the LS channel might also carry the task effect. Therefore, 

in our developed method, we used PC-SS as a regressor to regress the physiological and 

superficial noise from fNIRS signals. Our method derived the noisy component via PCA 

on a total of eight SS channels evenly distributed over the scalp, motivated by our 

previous findings that PC-SS exhibits a high correlation with PC-LS and that PC-SS is 

primarily contributed by superficial noise (Zhang et al., 2019). Therefore, the PC-SS was 

removed, rather than PC-LS or a single SS channel, which yielded a significantly 

improved CNR, as shown in Figure 2-6. 

In the current study, our method removes one noise component that is spatially 

uniform and commonly reflected in LS and SS measurements (CSU of PC-LS is 1.74  

0.77; the temporal correlation between PC-LS and PC-SS is 0.67  0.14), which has a 

reliable origin from superficial noise (Kohno et al., 2007; Tong, 2010; Zhang et al., 2005). 

Importantly, our method has developed a framework where more than one noise 

component from the whole-head LS and SS recordings can be derived and removed, such 

as originating from temporal muscles. However, future studies are warranted to validate 

the origins of additional noise components. 

Furthermore, our study utilized auxiliary recordings of pulse, respiration and 

movement. These additional nuisance regressors address the slow fluctuations in pulses, 

respiration and movement. Results in Figure 2-9 demonstrated the benefit of including 

the auxiliary data in our PCA-GLM method, resulting in higher CNR, better fitting and 

lower variance. Notably, this benefit of denoising was achieved by including zero-shift 
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time courses of auxiliary measurement, although studies have shown that a time-

embedding approach (von Lühmann et al., 2020) or considering a response function to 

the respiration (Birn et al., 2008) or cardiac pulses (Chang et al., 2009) might further 

capture their impact on cerebral hemodynamics. While these fluctuations are typical of 

less concern to a task in block design, they have been suggested to bias the organization 

of large-scale networks, especially in the resting brain (Mesquita et al., 2010; Yuan et al., 

2013). 

 

Figure 2-9: Comparison of denoising performance. CNR, within-subject SD and adjusted 

R2 in HbO of the motor channel (left column) and visual channel (right column) were 

compared between PCA-GLM and PCA-GLM without auxiliary measurements. The 

asterisks above lines indicate statistically significant differences between methods (* p < 

0.05, ** p < 0.01, *** p < 0.001) (Zhang et al., 2021). 
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2.5 Conclusions 

In summary, we have developed a novel denoising method to remove the 

physiological noise in whole-head fNIRS recordings. Our approach of identifying and 

removing noise based on long- and short-separation channels and auxiliary measurements 

is completely automatic without manual maneuver. The results demonstrated that the 

proposed pipeline is capable of detecting concurrent and distant brain activations in a 

whole-head fNIRS montage, with improvements in detectability and reliability upon 

established methods. The results suggest that our denoising method for whole-head 

fNIRS can accelerate the usage of fNIRS in neuroscience research and clinical care, 

especially in studying large-scale brain networks in normal and diseased conditions. 
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3 Chapter 3 Network Organization of Resting-State Cerebral 

Hemodynamics and Their Aliasing Contributions Measured by 

fNIRS 

3.1 Introduction 

The brain remains remarkably active in the absence of explicit inputs (Shulman et al., 

2004). Since the early discovery that the hemodynamic oscillations in the functional 

magnetic resonance imaging (fMRI) data are temporally correlated at a resting state 

(Biswal et al., 1995), a great deal of efforts has been dedicated to understanding these 

correlations as resting-state functional connectivity (RSFC) in studying human brain 

function and organization (Fox and Raichle, 2007). For example, a widely-investigated 

default mode network (DMN) is described as a network organization of correlated 

activity in medial prefrontal cortex, posterior cingulate cortex/precuneus, inferior parietal 

lobule, lateral temporal cortex (Buckner et al., 2008). Then the altered functional 

connectivity between anterior and posterior midline structures of DMN is found to be 

related to cognitive function and has further been postulated as a hallmark of the aging 

process (Andrews-Hanna et al., 2007) and Alzheimer’s Disease (AD) (Greicius et al., 

2004; Jones et al., 2016). The fMRI, alone or combined with electroencephalogram 

(EEG) or magnetoencephalography (MEG) for better temporal resolution (Brookes et al., 

2011; Yuan et al., 2016; Yuan et al., 2012), has become the main tool for characterizing 

the functional organization of the human brain in healthy conditions, aging and 

developmental processes, and neurological disorders (Zhang and Raichle, 2010). 

Recently, an optics-based modality to noninvasively measure hemodynamics in the 

human brain - functional near-infrared spectroscopy (fNIRS) - has shown tremendous 
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potential in studying RSFC (Chen et al., 2020b; Lu et al., 2010; White et al., 2009; Zhang 

et al., 2010). fNIRS offers better cost-effectiveness, portability, and compatibility with 

electromagnetic devices (Chiarelli et al., 2017; Hu et al., 2020; Naseer and Hong, 2015; 

Scholkmann et al., 2014). Considering the overwhelming number of people that are 

projected to be with AD and an even larger number to be placed at the prevention and 

intervention stages (Sperling et al., 2014), a broadly accessible instrument is especially 

welcomed in tracking the aging trajectory of brain functions and network organization 

(Chen et al., 2022). Whole-head and cap-based fNIRS recordings have become available 

with diffuse optical tomography (DOT) to reconstruct the voxel-wise activity (Chen et 

al., 2020c; Khan et al., 2021; Zhang et al., 2021), yet RSFC of a complete DMN has not 

been fully revealed and benchmarked to that in fMRI (Aihara et al., 2020; Eggebrecht et 

al., 2014). 

In addition, fNIRS offers a high temporal resolution, typically at the rate of 2-10 Hz 

(Chen et al., 2020c; Eggebrecht et al., 2014; Zhang et al., 2021), which is higher than a 

typical fMRI whole-brain scan of 0.5 Hz (Andrews-Hanna et al., 2007; Yeo et al., 2011). 

Despite the intrinsic oscillations of the vascular networks (Drew et al., 2020; Mateo et 

al., 2017) and other physiological oscillations such as respiration, cardiac pulsation and 

cerebrospinal fluid which may also contribute to the measured hemodynamics in the 

upper frequencies (Liu, 2016), our understanding of the human brain functional 

connectivity has been primarily established by fMRI at sub-hertz sampling rates for the 

activity below 0.1 Hz (Biswal et al., 1996; Cordes et al., 2001; Mitra et al., 1997). Since 

hemodynamics is resulted from the interplay between local neuronal activity, oxygen 

consumption, and vascular circulation (Buxton, 2013; Logothetis, 2008), it is unknown 
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how the oscillations that exist beyond those safely sampled ranges could contribute to the 

network organization via the aliased activity.  

In this study, we used a whole-head, cap-based and high-density fNIRS instrument to 

measure oxyhemoglobin (HbO) and deoxyhemoglobin (HbR) at the sampling frequency 

of 6.25 Hz. We benchmarked fNIRS in imaging DMN with that obtained from fMRI. By 

computing DOT based on individuals’ realistic anatomy, we have mapped the network at 

a fine voxel resolution, demonstrating high similarity with fMRI in a common cortical 

space. Furthermore, we deliberately down-sampled the raw optical recordings to a sub-

hertz temporal resolution and have found altered connectivity in the ultra-slow frequency 

range, giving rise to a set of aliased functional connectivity patterns (AFCPs) that may 

obscure our interpretation of RSFC. 

3.2 Methods 

3.2.1 Participants 

The study was approved by the University of Oklahoma Health Sciences Center 

Institutional Review Board. Written consent was obtained from all participants prior to 

the study. All procedures were carried out in accordance with the IRB guidelines. A total 

of 20 healthy participants without any neurological or neuropsychiatric disorders were 

screened and enrolled in this study. 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). Therefore, data from 

thirteen participants (5 females, 31.7 ± 9.3 years old) were used for the analyses. 

Participants received financial compensation for their participation. 
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3.2.2 Data Acquisition 

Blood-oxygenation-level-dependent (BOLD) fMRI data and fNIRS-EEG data were 

acquired from each participant in two separate visits. Structural head MRI and fMRI 

images of participants were acquired using a GE Discovery MR750 whole-body 3-Tesla 

MRI scanner (GE Health, Milwaukee, WI, USA). The following parameters were used 

for MRI scanning: FOV = 240 mm, axial slices per slab = 180, slice thickness = 1 mm, 

image matrix = 256 × 256, TR/TE = 8.45/3.24 ms. The following parameters were used 

for fMRI scanning: FOV = 240 mm, axial slices per slab = 41, slice thickness = 4 mm, 

image matrix = 64 × 64, TR/TE = 2600/60 ms. fMRI data were recorded when 

participants rested in a supine position inside the scanner with their eyes opened. One 6-

minute resting session per participant was included for the fMRI. 

Simultaneous fNIRS, EEG (not analyzed in this study) and peripheral measurements 

of respiration, pulse, and triaxial acceleration were recorded, following the protocol 

described in our previous publication (Zhang et al., 2021). Two 6-minute recording 

sessions of eyes-open resting state were acquired per each participant who comfortably 

sit in a dark and sound-damped room.  

3.2.3 fNIRS Data Preprocessing 

fNIRS data were automatically preprocessed by adapting our previously developed 

automatic denoising procedure, namely principal-component-analysis-based general 

linear model (PCA-GLM) (Zhang et al., 2021). As illustrated in Figure 2-3, the 

preprocessing pipeline included these steps: 1) converting raw data to optical density 

(OD); 2) computing power spectral densities using the Welch’s method (a window length 

of 60 s and 50% overlap) and excluding bad channels that showed no heartbeat frequency 
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peak (0.8 - 1.6 Hz); 3) bandpass filtering OD with 0.008 – 0.2 Hz; 4) identifying and 

rejecting bad time segments with excessive head movements using the metric of global 

variance in temporal derivative (GVTD) (Sherafati et al., 2020). The time points that had 

GVTD values larger than three times the mean GVTD value across all time points were 

identified, and then time windows of 10 s centered at these time points were masked as 

bad time segments and excluded from further analyses (Sherafati et al., 2020). 5) 

Although fNIRS has its intrinsic advantage of high sampling frequency, interferences 

from auto-regulation in the vasculature and other physiological sources occur at various 

frequencies (White et al., 2009). By employing eight SS channels that have minimal 

penetration into the cortical tissue, we measured the superficial hemodynamics in the 

scalp and used that combined with LS channels to construct a superficial signal regressor, 

which was then removed as one of the nuisances. Specifically, PCA was applied to LS 

OD data to decompose signals into multiple components. The spatial uniformity of each 

principal component was assessed by the metric of coefficient of spatial uniformity 

(Kohno et al., 2007). Because spatial uniformity indicates superficial skin responses 

(Zhang et al., 2005), a principal component with the highest value of spatial uniformity 

was identified, namely PC-LS. Then, instead of directly removing the time course of PC-

LS from the multi-channel data, the PC-LS was used to select a component from the SS 

measurements which capture the absorption by superficial tissues (Saager and Berger, 

2005). A total of eight, evenly distributed SS OD data were subject to a separate PCA, 

and the SS component that had the highest temporal correlation with PC-LS was chosen, 

representing the skin response. The selected SS component was then used as a nuisance 

regressor to be removed by GLM. 6) A general linear model was configurated per each 
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session to remove physiological noise. Prior to GLM, auxiliary data of acceleration, 

respiration, cardiac pulsation were processed by a band-pass filter with 0.008 Hz – 0.2 

Hz and further detrended by a 3-order polynomial drift. The time course of the SS 

component, the detrended auxiliary data (acceleration, respiration and cardiac pulsation) 

and a 3-order polynomial drift were included in the design matrix as nuisance regressors.  

In addition, to investigate the effect of a low sampling rate on the functional 

connectivity, we have re-sampled the fNIRS data (originally acquired at 6.25 Hz) by a 

decimation ratio of 13, resulting in a sampling rate of 0.48 Hz. The down-sampled fNIRS 

data were preprocessed using the same procedure. 

 

Figure 3-1: Schematic framework of computations. (A) Data preprocessing of fMRI, 

fNIRS and down-sampled fNIRS data. (B) Seed-based functional connectivity analyses. 

(C) K-means clustering on the differential functional connectivity maps between DOT 

and down-sampled DOT. 
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3.2.4 Diffuse Optical Tomography Reconstruction 

Participant-specific structural MRI data were used to create individual finite element 

method (FEM) volume meshes (Khan et al., 2021). A spectrally-constrained linear FEM-

based forward model (Srinivasan et al., 2005) linking hemodynamic responses 𝑥⃑(𝑡) and 

scalp-based light measurements 𝑦⃑(𝑡) was established as:  

𝑦⃑(𝑡) = 𝐴𝑥⃑(𝑡)              (3.1) 

where the sensitivity matrix 𝐴 was calculated using the NIRFAST software (Dehghani et 

al., 2009). The volumetric inverse source space was constructed 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. A single-step joint inverse 

reconstruction using regularized minimum norm estimate (Bertero et al., 1988) yielded 

the volumetric inverse solution data 𝑥⃑(𝑡). The inverse data were first smoothed with a 6 

mm spherical kernel and then projected to the fsaverage5 smoothed white matter surface 

from FREESURFER (Fischl, 2012; Ségonne et al., 2004). The projection was performed 

by assigning the data to each node on the cortical surface from the nearest finite element 

node in terms of Euclidean distance. Both cortical data of HbO and HbR concentration 

changes were reconstructed. Because the deoxygenated status reflected in HbR is a direct 

approximation to the T2* contrast in fMRI (Ogawa et al., 1990), HbR was primarily used 

in the further analysis of this study for the benchmark purpose. Tomography for the down-

sampled fNIRS data was computed in the same procedure, resulting in down-sampled 

DOT (DS-DOT). 
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3.2.5 fMRI Data Preprocessing 

For the purpose of cross-modal validation, we have also collected resting-state 

fMRI data in the same group of participants. The fMRI data processing was performed 

using Analysis of Functional NeuroImages software (AFNI, http://afni.nimh.nig.gov/) 

(Cox, 1996). The first five volumes of each fMRI run were excluded from the analysis to 

allow the BOLD signal to reach a steady state. The fMRI then went through these 

processing steps including slice timing and rigid-body motion correction, spatial 

smoothing with a Gaussian kernel with a full width at half maximum (FWHM) of 13 mm, 

and a bandpass filtering (0.009-0.08 Hz). Notably, the 13-mm FWHM was considered to 

match up with that in DOT. In addition, six affine motion parameters and the global signal 

from the entire brain were regressed out from the dataset. Data points of excessive motion 

(root mean square larger than 0.2 mm) were excluded from regression and further analysis 

using the censoring option implemented in AFNI (afni_proc.py). The threshold of 0.2 

mm was suggested by Power and colleagues (Power et al., 2013). Specifically, the L2-

norm of the derivatives of the motion parameters estimated from motion registration was 

calculated and those time points with an L2-norm larger than the threshold of 0.2 mm 

were censored/excluded in the regression and the later functional connectivity analysis. 

The fMRI data of each participant were firstly spatially co-registered to high-resolution 

individual anatomical images and then normalized to the Talairach and Tournoux 

template brain (Talairach and Tournoux, 1988). 

3.2.6 Seed-based Mapping of Resting-state Functional Connectivity 

After preprocessing, seed-based mapping of functional connectivity was performed in 

fMRI, DOT and DS-DOT by calculating the Pearson’s correlation coefficients between 

http://afni.nimh.nig.gov/
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the average time course of a seed region with a radius of 10 mm and the time courses of 

other nodes (Power et al., 2011). In order to study the functional connectivity maps of 

DMN, we considered the key nodes of DMN as the seed regions, including medial 

prefrontal cortex (mPFC), inferior parietal lobe (IPL), precuneus and a compound seed 

(the average of mPFC, IPL, and precuneus). Table 3-1 lists the coordinates of the seeds.  

For fMRI data, the correlation values were first subject to Fisher’s Z transform. For 

the cross-modal evaluation, we projected the functional connectivity to a common space 

of the cortical surface. Specifically, the individual-level volumetric Z maps were 

projected to the fsaverage5 smoothed white matter surface with 10,242 vertices per 

hemisphere (Fischl et al., 1999) using the 3dVol2Surf in AFNI. The individual-level Z 

maps in the surface space were then averaged to obtain the group-level connectivity map 

and subject to node-wise one-sample two-tailed Student’s t-tests to assess the significance 

of functional connectivity. 

Table 3-1: The coordinates of seeds for the resting-state functional connectivity maps. 

All numbers are in MNI coordinates. Identical seeds are used for fNIRS and fMRI maps. 

 

Left hemisphere Right hemisphere 

x y z x y z 

mPFC -8.4 51.5 14.9 8.7 52.4 15.1 

IPL -39.5 -57.0 40.7 39.0 -55.9 42.6 

Precuneus -6.5 -64.5 39.8 6.6 -62.5 39.6 
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For DOT and DS-DOT data, the global signal was first calculated by averaging the 

time traces of all nodes over the cortical surface and regressed out from the time traces of 

individual cortical nodes (Desjardins et al., 2001). The seed-based correlation analysis 

was then calculated in the surface space. The individual maps of Pearson’s correlation 

coefficients were subject to Fisher’s Z transform and smoothed with a Gaussian kernel 

with FWHM of 13 mm using the mri_surf2surf in FreeSurfer (Dale et al., 1999). The 

smoothed individual-level Z surface maps were then averaged to obtain the group-level 

connectivity map. 

The similarity between the DOT and fMRI functional connectivity was quantitatively 

evaluated by spatial correlation and dice coefficient (Eggebrecht et al., 2014; Yuan et al., 

2016). The spatial correlation was calculated for the unthresholded DOT and fMRI 

functional connectivity maps with the same seed. The dice coefficient was calculated for 

the binary DOT and fMRI maps (1 for a significant p-value after multiple comparisons 

correction). 

3.2.7 Aliased Functional Connectivity Patterns 

To study the effect of aliased sampling on the RSFC, we have down-sampled the 

fNIRS data at the rate of 0.48 Hz. After identical procedures of preprocessing and 

tomography projection, including additional band-pass filtering of 0.009 Hz – 0.08 Hz 

that is commonly used in fMRI RSFC analysis, functional connectivity maps were created 

based on DOT and DS-DOT, respectively. Differential connectivity maps were calculated 

by subtracting the DOT connectivity maps from the DS-DOT connectivity maps. Since 

aliased activity led to aliased connectivity maps, we explored whether any structural 

organization exists in these differential connectivity maps. Because the study is primarily 
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interested in examining whether the DMN was in any way affected by an insufficient 

sampling rate, we used a data-driven approach to search for organized patterns among all 

the differential maps associated with nodes in the DMN. A two-level k-means clustering 

was performed to classify the differential functional connectivity maps based on their 

spatial similarities (Britz et al., 2010; Michel and Koenig, 2018). At each level, the 

clustering was repeated 100 times to increase the chances of escaping local minima, with 

randomly initialized centroid positions (Allen et al., 2014). In terms of the distance 

measure, we selected the ‘cosine’ distance to consider the sign of these differential values 

with an emphasis on the overall similarity among patterns.  

Specifically, each node in the Yeo template of DMN (Yeo et al., 2011) was selected 

as a seed, regarding which a differential connectivity map was calculated. The individual-

session differential maps were subject to the first-level k-means clustering. Similar to 

previous studies, the number of clusters was determined using the criterion of the cluster 

cost, computed as the ratio between within-cluster distance to between-cluster distance 

(Allen et al., 2014; Li et al., 2021), in order to minimize the within-cluster distance and 

maximize the between-cluster distance. The appropriate number of k was selected at the 

elbow of the curve, which optimally balances the cluster cost and cluster number. The 

individual-session centroids were then concatenated and used as input for the second-

level clustering to yield group-level patterns which are in the following referred to as 

aliased functional connectivity patterns (AFCPs).  

Furthermore, we utilized a region-of-interest (ROI) approach to visualize which 

frequencies contributed to the aliased connectivity values. Based on each AFCP, we have 

selected a seed ROI that yielded the corresponding AFCP map and then selected a target 
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ROI in the hemisphere-symmetric location with representative differential values. We 

quantified the frequency contribution to aliased connectivity by decomposing the 

correlation coefficient between time traces of the seed and target ROIs by Fourier 

transformation of the time traces (Cordes et al., 2001; Cordes et al., 2000). Three 

frequency bins were calculated: < 0.05 Hz, 0.05 – 0.1 Hz, 0.1 – 0.2 Hz, for both DOT and 

DS-DOT. Note that AFCP were calculated based on the DOT and DS-DOT filtered from 

0.009 Hz to 0.08 Hz. Therefore, we have normalized the frequency-specific connectivity 

values at each bin to the connectivity values of 0.009-0.08 Hz in the original DOT, in 

order to itemize the frequency-specific contributions. 

3.2.8 Statistical Analysis 

To assess the significance of the functional connectivity values, all group-level 

maps were subject to node-wise one-sample two-tailed Student’s t-tests. The resulted p 

values were corrected for multiple comparisons using Benjamini-Hochberg method (n = 

12021; n is the number of nodes which are commonly available across all participants) 

(Benjamini and Hochberg, 1995), resulting in q values. Also, to assess the significance 

of the aliased functional connectivity patterns, all group-level centroids were subject to 

node-wise one-sample two-tailed Student’s t-tests. The resulted statistics were also 

corrected for multiple comparisons using Benjamini-Hochberg method (Benjamini and 

Hochberg, 1995).  

3.3 Results 

3.3.1 Hemodynamic Activity at the Sensory Level 

In the present study, resting-state hemodynamic activity in the human participants is 

measured by pairing optical sources and detectors in a whole-head, cap-based system. 
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The time traces of a fNIRS channel in two wavelengths (760 nm and 850 nm) are 

illustrated in Figure 3-2A, with time segments of motion artifacts that are excluded from 

further analyses. The power density spectrums (PSDs) of the time traces are shown in 

Figure 3-2B. Notably, in the representative participant, the cerebral hemodynamics show 

a peak in the ultra-slow range (< 0.1 Hz), in addition to peaks associated with the cardiac 

pulse (~ 1.3 Hz) and respiration (~ 0.23 Hz). After band-pass filtering of 0.008 – 0.2 Hz, 

the time traces present resting-state, spontaneous fluctuations in Figure 3-2C.  

In addition, in order to examine the effect of a low sampling rate on the hemodynamic 

activity and connectivity, we have deliberately down-sampled the time traces of the 

fNIRS data from originally 6.25 Hz to 0.48 Hz (Figure 3-2D). As a result, there are 

considerable differences in the amplitudes of PSDs between fNIRS and down-sampled 

data (Figure 3-2E). Notably, down-sampled data present higher power amplitudes than 

the original data, due to the aliasing of cardiac and respiratory activity into the ultra-slow 

range. After band-pass filtering of 0.008 - 0.2 Hz, there appears a greater amount of and 

faster-evolving fluctuations in the down-sampled data (Figure 3-2F). 
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Figure 3-2: fNIRS time courses and spectrums. Temporal traces of raw data in fNIRS 

(A) and down-sampled fNIRS (D). Gray shaded areas indicate the time segments with 

motion artifacts. Power spectrums of fNIRS (B) and down-sampled fNIRS (D). Black 

squares indicate the power spectrum at 0 – 0.5 Hz. Band-pass filtered (0.009 – 0.08 Hz) 

time courses in fNIRS (C) and down-sampled fNIRS (F). An arrow labeled with “P” 

indicates the peak associated with cardiac pulses in the signal. An arrow labeled with “R” 

indicates the peak associated with respirations in the signal. 

3.3.2 Resting-state Functional Connectivity Maps of DOT and fMRI 

We evaluated the cross-modal correspondence of DOT and fMRI regarding the default 

mode network obtained in the same group of participants. The seed regions and 

corresponding seed-based functional connectivity with mPFC, IPL, precuneus and a 

compound seed (the average of mPFC, IPL, and precuneus) are shown in Figure 3-3, 

with maps thresholded at q < 0.05 after multiple-comparison correction. Figure 3-4 

shows the unthresholded maps. The seed-based functional connectivity maps of DOT in 

both Figures 3-3 and 3-4 present spatial patterns comparable with those of fMRI, which 

is consistent with high spatial correlations and dice coefficient values between DOT and 

fMRI functional connectivity maps, as listed in Table 3-2. The compound-seeded 

functional connectivity maps of DOT depict the DMN hubs including mPFC, IPL, and 

precuneus, which spatially resemble those of fMRI (Figure 3-3A). The mPFC-seeded 

functional connectivity maps of DOT show functional connectivity between left and right 

mPFC, similar to that of fMRI (Figure 3-3B). The IPL-seeded functional connectivity 

maps of DOT exhibit similar spatial patterns to that of fMRI and reveal functional 

connectivity between left and right IPL (Figure 3-3C). The precuneus-seeded functional 
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connectivity maps of DOT show functional connectivity at left and right precuneus as 

depicted in fMRI (Figure 3-3D). We have primarily focused our cross-modal 

investigation on HbR data because the HbR contrast approximates the imaging 

mechanism of fMRI. In addition, Figure 3-5 shows the HbO-derived default mode 

network that also presents a consistently high resemblance with fMRI, which is consistent 

with the quantitative values of spatial correlations and dice coefficients listed in Table 3-

3. 

 

Figure 3-3: Resting-state functional connectivity by fNIRS HbR and fMRI.  

Connectivity maps are based on seeds of (A) a compound seed (the average of mPFC, 

IPL and precuneus) (B) mPFC, (C) IPL and (D) precuneus (q < 0.05 after multiple 

comparison correction). 
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Figure 3-4: Unthresholded resting-state functional connectivity by fNIRS HbR and 

fMRI. Unthresholded connectivity maps are based on seeds of (A) a compound seed (the 

average of mPFC, IPL and precuneus) (B) mPFC, (C) IPL and (D) precuneus. 

Table 3-2: Comparison between resting-state functional connectivity maps by fNIRS 

HbR and fMRI. Spatial correlations are calculated based on unthresholded maps. Dice 

coefficients are calculated based on thresholded maps at q < 0.05 after FDR correction. 

Seed Spatial Correlations Dice Coefficients 

Compound 0.47 0.20 

mPFC 0.56 0.29 
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IPL 0.49 0.22 

Precuneus 0.57 0.23 

 

 

Figure 3-5: Resting-state functional connectivity by fNIRS HbO and fMRI. Connectivity 

maps are based on seeds of (A) a compound seed (the average of mPFC, IPL and 

precuneus) (B) mPFC, (C) IPL and (D) precuneus (q < 0.05 after multiple comparison 

correction). 

Table 3-3: Comparison between resting-state functional connectivity maps by fNIRS 

HbO and fMRI. Spatial correlations are calculated based on unthresholded maps. Dice 

coefficients are calculated based on thresholded maps at q < 0.05 after multiple 

comparisons correction. 



- 56 - 

Seed Spatial Correlations Dice Coefficients 

Compound 0.41 0.23 

mPFC 0.48 0.34 

IPL 0.39 0.23 

Precuneus 0.56 0.18 

 

3.3.3 Aliased Functional Connectivity Patterns 

Furthermore, we examined whether aliased activity due to an insufficient sampling 

rate led to aliased functional connectivity. By exploring a data-driven analysis of the 

differential connectivity maps between DOT and DS-DOT, we have identified a set of 

four structurally organized patterns that represent the aliased connectivity. Figure 3-6 

shows the spatial maps of seeds and centroids of the aliased functional connectivity 

patterns (AFCP) generated by the two-level k-means clustering. The numbers of clusters 

(k1 = 5, k2 = 4) were determined based on the L-curves of the ratio between within-

cluster distance to between-cluster distance of the first- and second-level clustering, 

respectively (shown in Figure 3-7). Figure 3-6A visualizes the spatial distribution of the 

seeds that drive each AFCP, via a winner-take-all strategy to map the seeds associated 

with the highest occurrence of clusters. Interestingly, for each AFCP, seeds that led to a 

common aliasing pattern exhibit cortical patches with spatial continuity and bilateral 

hemispheric symmetry. For example, seeds for AFCP1 are aggregated at IPL, AFCP2 at 

prefrontal cortex, AFCP3 at mPFC and AFCP4 at temporal cortex, while all AFCPs 
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involve seeds from bilateral hemispheres (Figure 3-6A). Furthermore, AFCPs are distinct 

spatial patterns that include both increases and decreases in functional connectivity that 

are produced after down-sampling the signals to a low rate (Figure 3-6B). Although the 

seeds were confined to be within the Yeo template of DMN, the aliased connectivity 

values extend to the whole cortical space. AFCP1 shows decreased functional 

connectivity in bilateral IPL and increased functional connectivity in frontal and visual 

cortices after down-sampling, while the AFCP1 is associated with seeds from IPL only. 

AFCP2 shows decreased functional connectivity in bilateral mPFC and temporal cortex 

and increased functional connectivity in bilateral visual cortex, with AFCP2 associated 

with seeds at prefrontal cortex. AFCP3 shows decreased functional connectivity in 

bilateral mPFC and motor cortex and increased functional connectivity in bilateral 

temporal cortex. Meanwhile, AFCP4 shows an almost reversed pattern against AFCP3, 

with increased functional connectivity in bilateral mPFC, motor cortex, IPL and 

precuneus and decreased functional connectivity in bilateral temporal cortex. 

Interestingly, despite their inversely related patterns, AFCP3 and AFCP4 are associated 

with distant seed patches, centering at mPFC and temporal cortices respectively. 
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Figure 3-6: Aliased functional connectivity patterns (AFCPs) of HbR. (A) Four AFCPs 

are discovered and their associated seeds. At each seed, the AFCP which has the highest 

number of sessions in all differential functional connectivity maps was assigned. (B) 

Spatial distribution of each AFCP. Red-yellow color bar indicates an increase in 

functional connectivity and blue-green indicates a decrease in functional connectivity 

caused by the insufficient sampling frequency (q < 0.05 after multiple comparisons 

corrected). 
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Figure 3-7: L curve for k-means clustering. The cost as the ratio between within-cluster 

distance to between-cluster distance is plotted against the cluster numbers for the (A) 

first-level and (B) second-level clustering. The red dash circled indicates the elbow of the 

curve, which was selected as the number of aliased functional connectivity patterns for 

the individual- and group-level clustering. 

In order to further delineate the frequency-specific contributions of the aliased 

connectivity values, we have utilized a ROI approach to visualize the connectivity values 

before and after down-sampling. Figure 3-8 illustrates the seed and target ROIs 

circumscribed at hemispherical symmetric regions per each AFCP. Since RSFC is 

calculated in the filtered signals of 0.009-0.08 Hz as commonly in fMRI, the RSFC of 

original DOT of 0.009-0.08 Hz served as the normalizing baseline to compare the values 

across all frequency bins. Regarding the left and right IPL as representative ROIs (Figure 

3-8A), down-sampling has induced a significant decrease in the RSFC of 0.009-0.08 Hz 

in HbR. Meanwhile, the original DOT shows lower connectivity values in the upper 

frequencies (0.05-0.1 Hz and 0.1-0.2 Hz) that are below the bar at the infra-slow 

frequencies (<0.05 Hz), suggesting that unsynchronized activity in upper frequencies is 



- 60 - 

associated with the RSFC decreases after down-sampling. Figures 3-8 B-D show 

additional ROIs at hemispherically symmetric positions in other AFCPs in HbR, where 

the DS-DOT data present decreases in RSFC of 0.009-0.08 Hz. Likewise, relative lower 

connectivity values are seen in the upper-frequency range (0.05-0.1 Hz and 0.1-0.2 Hz), 

compared to those in the ultra-slow range (<0.05 Hz), again indicating the 

unsynchronized activity coincides with decreases in RSFC. On the contrary, an increase 

in connectivity does occur in the down-sampled HbO DOT as shown in another 

representative seed ROI at the mPFC (Figure 3-8E). Interestingly, in this case, the upper 

frequencies 0.05-0.1 Hz and 0.1-0.2 Hz shows connectivity values as high as those in the 

infra-slow range (< 0.05 Hz), which in turn are associated with a remarkable four-fold 

increase of RSFC in DS-DOT, suggesting that the aliasing from synchronized activity 

contributed to the increase of RSFC. 
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Figure 3-8: Frequency contributions to resting-state functional connectivity in ROIs. (A-

D) seed and target regions were selected based on aliased functional connectivity patterns 

in HbR. (E) seed and target regions were selected to show an increase in functional 

connectivity due to aliasing effects in HbO. The connectivity values (mean and standard 

errors) are normalized to the mean connectivity of DOT in the range from 0.009 Hz to 

0.08 Hz, for each ROI pair. * indicates a significant difference between DS-DOT and 

DOT, at p < 0.05. ** indicates a significant difference between DS-DOT and DOT, at p 

< 0.01. 

3.4 Discussions 

In this study, we have demonstrated the feasibility of a whole-head, cap-based and 

high-density fNIRS system in mapping large-scale DMN using conventional seed-based 

RSFC analysis. Previous fNIRS studies with partial or sparse montages have been able 

to map the RSFC concerning prefrontal (Mesquita et al., 2010), sensorimotor (Lu et al., 

2010; Mesquita et al., 2010; White et al., 2009), auditory (Lu et al., 2010) and visual areas 

(Mesquita et al., 2010; White et al., 2009). However, the capability of fNIRS in mapping 

large-scale brain networks has not been fully established, especially in those cognitively 

related brain networks such as DMN, dorsal attention network and frontoparietal control 

network that involve multiple distanced regions (Andrews-Hanna et al., 2007; Greicius, 

2008; Zhang and Raichle, 2010). Recent fNIRS studies have made progress in mapping 

part of DMN (Eggebrecht et al., 2014), yet important midline regions or IPL are still 

missing due to lacking optodes to fully cover those. Here we reported a novel fNIRS-

DOT study based on a whole-head and cap-based fNIRS array. Especially, our 

tomographic fNIRS data as illustrated in Figure 3-3 have for the first time shown a 
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complete DMN system including mPFC, posterior midline, and bilateral IPLs, which 

exhibits remarkable spatial similarity to fMRI RSFC maps derived from the same group 

of participants. In addition, the maps from fNIRS data also show correspondence with the 

template DMN generated in a large-scale fMRI study (Thomas Yeo et al., 2011).  

Our demonstration of a fNIRS system in imaging DMN is especially important for 

monitoring the brain in aging and progressive AD states. Our results have revealed the 

functional connectivity among mPFC, precuneus and IPL, all of which are closely 

associated with memory and other cognitive functions (Sperling et al., 2010). The 

inclusion of these key regions in the DMN has significant clinical values. Andrews-Hanna 

et al. (2007) have shown that the anterior-posterior functional connectivity between 

midline DMN structures at semantic classification and passive fixation tasks is reduced 

in normal aging and positively correlated with cognitive performance. Similarly, 

Damoiseaux et al. (2008) demonstrated that, in the resting state, the reduced RSFC in 

DMN is associated with aging years and correlated with declined performance in 

neuropsychological tests. Many studies across individuals with AD or prodromal AD 

have documented altered functional connectivity within DMN, including precuneus/PCC, 

mPFC and inferior parietal cortex (Greicius et al., 2004; Koch et al., 2012; Sorg et al., 

2007; Zhou et al., 2010). Intriguingly, it has been noted that the amyloid-β accumulation 

distribution in AD strikingly overlaps with the cortical hubs of high activity and 

metabolism, such as mPFC and PCC, which indicates the association between the 

functional connectivity at these cortical hubs and amyloid-β deposition (Buckner et al., 

2009). It is further postulated that the pathological process in these key DMN regions also 

extends to the aging individuals at the preclinical stage of AD even before clinical 
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symptoms develop (Bateman et al., 2012; Sperling et al., 2009). Therefore, neuroimaging 

of such resting-state connectivity in DMN and other cognitive networks has been placed 

at pivotal positions, such as biomarkers, in clinical trials of intervention and prevention 

studies (Cavedo et al., 2014; Sperling et al., 2014). However, notably fMRI has been the 

primary modality, in many cases the only modality, to be included for functional 

neuroimaging in these studies. Power analysis for the prevention trials in AD usually 

yielded more than 1,000 individuals are needed (Hsu and Marshall, 2017). Considering 

the overwhelming number of people that are projected to be with AD and an even larger 

number to be placed at the prevention and intervention stages, the limited accessibility 

and high expenses of MRI instruments become a bottleneck in the workflow. Therefore, 

the fNIRS-DOT capability as demonstrated in our study provides an economic and 

practically feasible option for assessing the anterior-posterior DMN connectivity as 

biomarkers for monitoring aging and Alzheimer’s disease in large populations. 

In addition, we have shown that a sampling rate that is much lower than the respiration 

and cardiac pulse frequency will introduce spatially organized aliased connectivity to 

RSFC. By deliberately down-sampling the raw fNIRS recordings to a sub-hertz 

frequency, we demonstrated that differences in the activity as well as connectivity do 

occur in the down-sampled data. Furthermore, our data-driven analysis on the differential 

RSFC maps between DOT and DS-DOT has revealed that the aliasing effect is seed-

/region-dependent (e.g., AFCP3 vs. AFCP4) and that the resulted spurious connectivity 

exists within the DMN regions and extends beyond in other cortical areas, appearing as 

aliased networks (Figure 3-6). Although fNIRS offers the advantage of high temporal 

resolution, maintaining a high sampling rate while using a large number of optodes can 
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become a challenge, or sometimes compromise, for the deployment of full-head coverage 

and high-density measurement. Despite that a low sampling has been widely used in 

similar fMRI studies, our findings have emphasized that maintaining a sufficiently high 

sampling rate of fNIRS is crucial, especially when RSFC of DMN is considered as a 

biomarker. For example, the functional connectivity between IPL and mPFC has been 

shown to be associated with normal aging (Andrews-Hanna et al., 2007) and AD (Koch 

et al., 2012). However, we demonstrated that when the seed is placed at mPFC, the 

aliasing effects can cause inflated and deflated functional connectivity in temporal cortex 

and mPFC, respectively (AFCP3 in Figure 3-6). Another example is AFCP1 in Figure 

3-6, where down-sampling has led to a decreased connectivity in hemispherically 

symmetrical left and right IPL regions, which is consistent with the fMRI findings that 

the IPL connectivity is decreased in the down-sampled data than the original data at short 

TR (Golestani et al., 2017). Our analysis of the frequency decomposition on these 

connectivity values (Figures 3-8 A-D) has pointed out that the unsynchronized upper-

frequency range is likely the origin of the alternations seen in down-sampled data of ultra-

slow 0.009-0.08 Hz. The aliased activity from the respirational and cardiac frequencies 

could become unsynchronized noises to attenuate the correlations in cerebral 

hemodynamics, which is also supported by Huotari et al. (2019) when down-sampled 

fMRI data with TR = 3 s had significantly lowered correlation coefficients than raw data. 

Meanwhile, aliasing-related increases to RSFC is also possible, as shown in Figure 3-

8E, which suggests that the physiological noises in synchronization may be a significant 

contributor or even dominating the RSFC in insufficiently sampled cerebral 

hemodynamics. Since the aliased functional connectivity patterns may obscure our 
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current understanding, accurate imaging without aliasing is especially important in 

understanding AD stages, because of the high comorbidity of vascular diseases in aging 

populations.  

Implications of the organized aliased patterns are relevant to fMRI. Furthermore, the 

seed- and region-dependent properties of aliasing effects demonstrated in this work are 

supported by the literature. Typically, whole-brain fMRI has a TR of 2 s and can only 

theoretically sample the signals up to 0.25 Hz, which is, unfortunately, lower than the 

necessary Nyquist rate for respiratory (~0.3 Hz) and cardiac (~1 Hz) activity. Earlier 

fMRI studies have already shown that aliased activity do exist in the voxel-wise 

measurements (Cordes et al., 2001; Cordes et al., 2000). In addition, cardiac pulsation 

(Chang et al., 2009; Glover et al., 2000) and respiration (Birn et al., 2006; Birn et al., 

2008) are major origins of aliased activity in typical fMRI scans. However, the aliasing 

effects on functional connectivity are still poorly understood. Our study has taken a novel 

data-driven approach and revealed, for the first time, several whole-brain patterns 

attributed to the aliasing. The AFCPs discovered in our study are supported by a number 

of fMRI studies. Tong et al. (2011) have demonstrated that the aliased cardiac signals 

appear in a spatial distribution that consists of dense arteries and large veins, which 

appears similar to AFCP3 and AFCP 4. Other studies using ultrafast fMRI at TR = 0.35 

s (Boubela et al., 2013) or 0.1 s (Huotari et al., 2019) also identified similar patterns 

associated with cardiac pulsation. Importantly, our analysis has pointed out that the 

aliasing could contribute to not only increases but also decreases in connectivity in a 

reversed spatial pattern, depending on the different seed regions (mPFC drives AFCP3 

vs. middle temporal cortex drives AFCP4). Meanwhile, studies utilizing ultrafast fMRI 
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have demonstrated that respiration affects prefrontal and occipital regions (Tong and 

Frederick, 2014), which also appears in AFCP 1 and AFCP2. More recently, a study with 

MREG (TR = 0.1 s) also depicted that the cardiac power is prominent in areas adjacent 

to cerebral arteries and large venous sinuses while the respiratory power is strong in the 

posterior regions, perivenous cortical structures and posterior central cerebrospinal fluid 

(CSF) ventricles (Huotari et al., 2019). The abovementioned previous studies, either using 

the aliased or unaliased signals, have jointly demonstrated that respiration and cardiac 

pulsation have distinct spatial distributions in the BOLD signals. In other words, 

respiration and cardiac pulsation can cause different aliased signals in the low-frequency 

band (~0.1 Hz) across different regions when they are sampled with an insufficient 

sampling rate.  As the functional connectivity is estimated by measuring the temporal 

correlation of LFOs between the seed and the other region, the aliasing effects on 

functional connectivity are, therefore, a compound of the aliasing effects on BOLD 

signals in the seed and the other region. It is hence plausible that our results demonstrated 

the aliasing effects of insufficient sampling rate on functional connectivity are both seed- 

and region-dependent. Noteworthy, the standard normalization procedure for human 

brain imaging focuses on normalizing the brain tissues into a homogenous space. 

However, the anatomy of vasculature is outside of the scope of such normalization. 

Nonetheless, our data-driven analysis that focuses on segregating the differential 

connectivity maps was able to discover several organized aliased connectivity patterns at 

the group level. Interestingly, recent emerging evidence has demonstrated that BOLD 

spontaneous activity might exist in frequency bands above 0.1 Hz, the conventional cutoff 

for functional connectivity (Boubela et al., 2013; Chen and Glover, 2015; Jahanian et al., 
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2019). Although it is not clear whether or to what extent these high-frequency 

connectivity patterns are driven by noises or neuronal activity, delineating aliasing 

contributions from valid neuronal-driven hemodynamics is crucial in understanding the 

functional organization of the human brain. 

3.5 Conclusions  

Functional neuroimaging of the resting-state brain networks has been placed at pivotal 

positions, such as biomarkers, in studies of aging and clinical trials for Alzheimer’s 

disease. However, notably fMRI has been the primary modality, in many cases the only 

modality, to be included for functional neuroimaging in these studies. Our study has 

demonstrated that the cap-based, brain-wide fNIRS recordings can map the resting-state 

functional connectivity in the posterior midline, prefrontal and parietal structures of the 

default mode network. fNIRS as a broadly accessible modality has tremendous potential 

to accelerate aging research, especially in large populations. The extensive clustering 

analyses in our work have provided a comprehensive roadmap for the aliasing effects on 

functional connectivity due to insufficient sampling rate and emphasized the importance 

of maintaining a high sampling rate to avoid the aliasing effects or applying signal 

correction techniques to reduce the aliasing effects when studying resting-state functional 

connectivity.  
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4 Chapter 4 Controlling Jaw Clenching Motion Artifacts in fNIRS 

4.1 Introduction 

Compared with fMRI, fNIRS provides complementary advantages of low cost, 

portability and low operating noise and compatibility with medical electronic implants 

(e.g., cochlear implants) (Chiarelli et al., 2017; Luke et al., 2021; Scholkmann et al., 

2014). Therefore one of the booming applications of fNIRS is in studying speech 

perception and production (Sevy et al., 2010; Wan et al., 2018). There are several features 

of fNIRS that make it a unique tool for studying auditory and language functions. fNIRS 

is quiet compared with fMRI in which the scanner generates loud operating noise. The 

silent environment could avoid interferences with auditory stimulation and other 

psychological effects such as stress and fear, which have been shown to induce activations 

in the auditory cortex (Plichta et al., 2011). Unlike fMRI, EEG and MEG, fNIRS has no 

interference with cochlear implants or hearing aids, as it uses near-infrared light to 

measure the hemodynamic signals. Furthermore, as the light emitters and detectors are 

mounted on a cap attached to the head, fNIRS is considered relatively less sensitive to 

head movements (Cui et al., 2010) and does not require participants to be constrained in 

a head-fixed position, which makes it suitable for cohorts with limited tolerance and 

compliance, including infants, children and the elderly. 

fNIRS has drawn increasing interest from the neuroscience community to employ 

this technique to investigate auditory function in healthy subjects and patients with 

hearing loss (Pollonini et al., 2014; Saliba et al., 2016). For example, fNIRS can be used 

in infants who have cochlear implants and are unable to verbally communicate their 

hearing and comfort when adjusting sound levels (Bortfeld, 2019). The understanding of 
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auditory perception mechanisms of normal sound and cochlear stimuli can facilitate the 

early intervention of hearing loss in infants to reserve and develop their speech and 

auditory function. Another rapid increase of fNIRS usage is in cognitive neuroscience in 

a naturalistic or challenging environment. Exemplar work includes studies using wearable 

fNIRS to investigate walking in patients with Parkinson's disease (Nieuwhof et al., 2016) 

or elderly people with mild cognitive impairment to assess cognitive functions (Maidan 

et al., 2016; Makizako et al., 2013). 

However, there are critical confounding factors in fNIRS signals, including 

interferences from superficial layers of the head, systemic physiological noise and motion 

artifacts (von Lühmann et al., 2019; von Lühmann et al., 2020; Zhang et al., 2021). 

Although less vulnerable to head movements, fNIRS can still suffer from jaw movements 

such as speech speaking and voluntary jaw clenching, which can cause contractions of 

the temporalis muscle (Novi et al., 2020; Schecklmann et al., 2017). The jaw movements 

could result in blood flow changes in the temporal muscle as well as relative movements 

between the optodes and the scalp, leading to artifacts in the fNIRS signals (Schecklmann 

et al., 2017). While many previous studies have investigated the impact and correction of 

head movements (Cui et al., 2010; Fishburn et al., 2019; Izzetoglu et al., 2010; 

Scholkmann et al., 2010), the effect and especially handling of jaw movements in fNIRS 

signals remain largely unclear (Novi et al., 2020; Schecklmann et al., 2017).  

In our previous preliminary work, we studied the motion artifacts related to jaw 

movements, including clenching, speaking, swallowing and sniffing and observed that 

jaw clenching produced robust and consistent artifacts in fNIRS signals (Zhang et al., 

2022). In this study, we aimed to characterize the jaw-clenching-related artifacts in 
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fNIRS, test whether an individually customized bite bar can help to suppress jaw 

movements, and test whether our previously established denoising pipeline namely PCA-

GLM (Zhang et al., 2021) can reduce the artifacts in fNIRS signals due to jaw clenching. 

These aims were realized by one experiment provoking the jaw-clenching artifacts, one 

experiment evoking the auditory response and one experiment depicting the resting-state 

functional connectivity. 

In this study, we instructed healthy subjects to perform three types of tasks, including 

a jaw clenching task, an auditory task and a resting task. Before each experiment, we 

customized a bite bar for each participant. The jaw clenching task required the subjects 

to voluntarily clench their jaw following a block design. The auditory and resting tasks 

were performed repeatedly with and without applying a bite bar to each participant, in 

order to validate the efficacy of an individually customized bite bar in suppressing jaw 

clenching. Data of all three types of tasks were preprocessed with a minimal 

preprocessing pipeline and our previously established PCA-GLM method (Zhang et al., 

2021) to test the efficacy of the PCA-GLM method in removing the jaw clenching 

artifacts. 

4.2 Methods 

4.2.1 Participants 

Informed consent was obtained from each subject before the beginning of each 

experiment. All study protocols were approved by the Institutional Review Boards at The 

University of Oklahoma Health Sciences Center. A total of ten healthy subjects without 

acute jaw and teeth problems participated in this study. Data from one subject were 

excluded due to bad coupling between optodes and scalp. Therefore, data from nine 
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subjects (six females, 23.1 ± 5.9 years old) were used for the analyses. Participants 

received financial compensation for their participation. 

4.2.2 Design of Bite Bar 

Bite bars were made using a plastic piece and vinyl polysiloxane putty for each 

subject. Specifically, a plastic piece was first created using Adobe Illustrator (Adobe 

Systems Inc., San Jose, CA, USA). This piece was then laser cut out of quarter-inch-thick 

acrylic at the University of Oklahoma Fabrication Lab. The piece measured 4 x 1.5 inches 

with a 1.25-inch diameter semicircular cutout on the narrower end. The bite bar was 

assembled by combing the plastic piece and dental putty. The putty used here was vinyl 

polysiloxane, which was made by mixing 5 mL putty base and 5 mL putty catalyst 

thoroughly for 1 minute. The mixture putty was then formed around a bite piece and 

placed in the subject’s mouth such that the bite bar was inserted comfortably 

approximately 1-2 inches deep. The subject was then instructed to bite down firmly while 

the putty was molded by their teeth for three minutes. After the putty was molded, the 

bite bar was ready for use in the experiment. A picture of the bite bar customized for one 

of the subjects is shown in Figure 4-1A. 
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Figure 4-1: Experimental settings. (A) A customized bite bar. The bite bar was assembled 

using dental putty (top) and a plastic piece (bottom). (B) Arrangement of fNIRS optodes 

in a human subject. (C) Illustration of the fNIRS optodes covering the auditory and 

parietal cortices. The red solid circles, blue solid circles, and gray solid circles indicate 

fNIRS sources, long-separation (LS) detectors and LS channels, respectively. 

4.2.3 Experimental Paradigm 

Participants were instructed to perform three types of tasks in a comfortable sitting 

position with their eyes opened. Specifically, each subject performed (1) two sessions of 

a jaw-clenching task, (2) three sessions of auditory task without biting a bite bar, (3) three 

sessions of auditory task with biting a bite bar, (4) two sessions of resting-state task 

without biting a bite bar and (5) two sessions of resting-state task with biting a bite bar. 

The tasks of with-bite-bar vs. without-bite-bar conditions were counterbalanced in two 
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sequences, to which subjects were randomly assigned. A jaw-clenching session consisted 

of seven blocks, each of which included a clenching period of 20 s and a resting period 

of 30 s. During the clenching period, the participants were instructed to perform the jaw 

clenching at 0.15 Hz (i.e., with an interval of 6.67 s) guided by a visual cue. An auditory 

session consisted of seven blocks, each included an auditory stimuli period of 20 s and a 

resting period of 30 s. The auditory stimulus was adapted from a previous study (Chen et 

al., 2015) and consisted of two pure tones of 554 and 440 Hz. The tones were sampled at 

44.1 kHz and were alternated, starting with the 554 Hz tone. Each tone lasted 500 ms 

with a 50 ms linear rise and fall. The stimulus was made in the Adobe Audition software 

(Adobe Systems Inc., San Jose, CA, USA). Each resting session lasted six minutes. In 

total, 10 sessions of recording were acquired from each subject. E-Prime (Psychology 

Software Tools, Sharpsburg, PA) software was used to display instructions and present 

the tasks on an LCD monitor. The auditory stimuli were played at a fixed sound volume 

(60 dB sound pressure level) through two earbuds worn in the ears of participants. 

4.2.4 Data Acquisition 

A NIRScout system (NIRX, New York, United States) was used to collect fNIRS 

data at a sampling rate of 3.91 Hz. A total of 16 light sources (760 nm and 850 nm) and 

20 light detectors were arranged over the left and right auditory cortices to form an array 

with 54 long-separation (LS) channels at about 30-mm distance. In addition, 16 short-

separation (SS) (8-mm) detectors were placed around each source and constructed 16 SS 

channels. Figures 4-1B and C show the instrument setting and the layout of fNIRS 

optodes. Physiological measurements including triaxial acceleration, respiration, and 

cardiac pulsation were also simultaneously collected by a 64-channel actiCHamp system 
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(Brain Vision, North Carolina, United States), following the protocol described in Zhang 

et al. (2021).  

4.2.5 fNIRS Data Preprocessing 

fNIRS data were preprocessed using Homer2 (Huppert et al., 2009) and 

proprietary codes in MATLAB® (The Mathworks, Natick, MA) reported in our previous 

work (Zhang et al., 2021). Specifically, the data were preprocessed following these steps: 

1) converting the raw data into optical densities (ODs); 2) calculating the power spectral 

densities of each channel using the Welch’s method with a time window of 60 s and 50% 

overlapping and rejecting bad channels which showed no peak at heartbeat frequency 

range (0.8-1.6 Hz); 3) bandpass filtering ODs with 0.008-0.2 Hz; 4) converting the 

filtered ODs to relative changes of oxy-hemoglobin (HbO) and deoxy-hemoglobin (HbR) 

using the modified Beer-Lambert law (MBLL) (Scholkmann et al., 2014). The 

differential pathlength factors of 7.25 and 6.38 were used for 760 nm and 850 nm, 

respectively (Herold et al., 2018). The molar extinction coefficients were 645.5 cm-1/M 

and 1097.0 cm-1/M for HbO and 1669.0 cm-1/M and 781.0 cm-1/M for HbR at 760 nm 

and 850 nm, respectively (Piper et al., 2014). 

4.2.6 Denoising fNIRS Signals with Linear Regression 

A general linear model (GLM) was configured per session for denoising 

processing. A third-order polynomial drift and a hemodynamic response function (HRF) 

regressor which accounts for the task-evoked effects were included in the design matrix. 

The HRF regressor was derived by convolving the stimuli structure with a canonical two-

gamma HRF model (Lindquist et al., 2009).  This GLM model was referred to as No 

Correction. 
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     In addition, a more advanced model namely PCA-GLM (Zhang et al., 2021) was 

configured per session for data. A superficial systemic component (PC-SS) was identified 

by performing principal component analysis (PCA) on LS and SS measurements 

separately and correlation analysis between LS and SS components. The auxiliary 

measurements of triaxial acceleration, respiration and pulsation were bandpass filtered 

with 0.008 Hz - 0.2 Hz and then detrended by a third-order polynomial drift. The 

detrended auxiliary measurements and a third-order polynomial drift, a clenching 

regressor were included in the design matrix. 

4.2.7 Block Averages and Topographies 

For jaw-clenching and auditory tasks, the block averages were calculated by 

removing the baseline (i.e., mean amplitude of -5 to 0 s to the onset of each block) and 

calculating the mean and standard error across seven blocks. The topographies displayed 

the mean amplitudes across 5 to 15 s of the block averages of all LS channels. Standard 

errors were calculated in the block averaging process. Based on the clenching data, a 

channel of notable clenching-related artifacts was noted and designated as the clenching 

channel. 

To examine the tasked-evoked response to auditory stimuli, we calculated the 

block averages of HbO. The averaged HbO amplitude during a stimulation window (5 – 

18 s) was compared to the averaged HbO amplitude during a resting window (20 – 30 s) 

by a two-tailed paired-sample t-test, as a more sensitive measure of detecting the 

activations (Wu et al., 2022). An fNIRS channel of representative responses to the stimuli, 

namely the auditory channel, was selected based on the group-level HbO topography with 
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multiple comparisons correction by the Benjamini-Hochberg procedure with a false 

discovery rate of 0.05 (Benjamini and Hochberg, 1995). 

4.2.8 Measure of Motion Artifacts 

To assess the effects of jaw clenching on fNIRS signals and the efficacy of bite 

bar in suppressing jaw-related motion artifacts, we utilized a motion detection metric 

termed global variance of temporal derivatives (GVTD) which has been shown to 

strongly correlates with auxiliary measures of motion (Sherafati et al., 2020). 

Specifically, the optical densities of both wavelengths after bandpass filtering of 0.008 to 

0.2 Hz were pooled together for the calculation of GVTD. The resulted GVTD time 

course represents the global co-fluctuation across all channels regardless of the 

sign/direction of the fluctuations. To assess whether jaw clenching introduces motion 

artifacts in fNIRS signals, the means of GTVD in the clenching period (0 - 20 s in each 

block) and the resting period (20 – 50 s in each block) were calculated for each session. 

A two-tailed paired-sample t-test was performed to determine whether there are 

significant differences in GVTD between the clenching and resting periods. In addition, 

to demonstrate the correlation between GVTD and instructed motion, the group-level 

GVTD time course was obtained by averaging the GVTD time courses from all sessions.  

To assess whether a bite bar is effective in suppressing jaw-clenching movements, 

the mean GVTD across the entire session was calculated for auditory and resting tasks 

per session. A two-tailed paired-sample t-test was performed to determine whether there 

are significant differences in mean GVTD between auditory/resting data without and with 

addressing the individually customized bite bars to the subjects. 
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4.2.9 Evaluation of Motion Control Performance in Auditory Task 

To evaluate the motion control performance by bite bar and PCA-GLM, we calculated 

four metrics, including within-subject standard deviation (SD), contrast-to-noise ratio 

(CNR), mean amplitudes and beta values of the HRF regressor, following our previous 

denoising study (Zhang et al., 2021). 

(1) The within-subject standard deviation (SD) (Brigadoi et al., 2014) is calculated as 

the standard deviation across blocks of a single session when calculating the block 

averages. 

(2) The contrast-to-noise ratio (CNR) is calculated as the difference between the 

mean amplitudes during the task and the rest period normalized by the summation 

of variances at task and rest periods (Cui et al., 2010; Nguyen et al., 2018; Zhang 

et al., 2005). The CNR is defined as follows: 

 

𝐶𝑁𝑅 =
𝑚𝑒𝑎𝑛(𝑡𝑎𝑠𝑘) − 𝑚𝑒𝑎𝑛(𝑟𝑒𝑠𝑡)

√𝑣𝑎𝑟(𝑡𝑎𝑠𝑘) + 𝑣𝑎𝑟(𝑟𝑒𝑠𝑡)
           (1) 

where “task” denotes the task period (from 6 s to 18 s), and “rest” denotes the 

resting period (from -5 s to 0 s) with respect to the onset of each task block (t = 0 

s). A high CNR value indicated that the ratio of task-evoked signal to noise is 

high. 

(3) The mean amplitude is defined as the averaged amplitude of the relative 

concentration changes during a window (5 – 18 s) within the stimuli period 

(Strangman et al., 2002). 

(4) The beta value of the HRF regressor is output from the GLM and represents the 

amplitude of activation. 
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In statistical analysis, a two-way analysis of variance (ANOVA) was performed on 

each of the four quantitative metrics (beta value, CNR, mean amplitude and within-

subject SD) of the LS channel with bite bar condition and data processing method as 

factors. There are in total four different combinations including [No Bite Bar, No 

Correction], [Bite Bar, No Correction], [No Bite Bar, PCA-GLM] and [Bite Bar, PCA-

GLM]. 

4.2.10 Evaluation of Motion Control Performance in Resting-state Recordings 

Based on clenching data, a channel with the strongest artifacts was identified and 

designated as the clenching channel. To evaluate whether applying a bite bar and the 

denoising method has improved the resting-state functional connectivity, channel-wise 

connectivity was calculated and compared between the conditions of [Bite Bar, PCA-

GLM] and [No Bite Bar, No Correction]. Since the purpose of our study was to evaluate 

the effect of motion control, we focused on the connectivity seeded from the clenching 

channel. The long-range connectivity was also known for being erroneously affected by 

motion (Power et al., 2012), we then focused on comparing the cross-hemispheric 

connectivity, i.e., between the left clenching channel and all channels on the right 

hemisphere. The Pearson’s correlation coefficients were firstly calculated and converted 

to z scores by the Fisher Z-transformation. To assess whether functional connectivity was 

significant at the group level, a two-tailed one-sample t-test was performed. Then to 

assess whether applying a bite bar and the denoising method had made any difference, a 

two-tailed, paired t-test was performed between the conditions of [Bite Bar, PCA-GLM] 

and [No Bite Bar, No Correction]. The multiple comparison problem was addressed by 
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the Benjamini-Hochberg procedure (Benjamini and Hochberg, 1995) with a false 

discovery rate of 0.05. 

4.3 Results 

4.3.1 Effects of Jaw-clenching on fNIRS Signals 

Figures 4-2A and B show the full time courses and block averages in two 

channels located at the temporal muscles (hereafter termed as clenching channels) in one 

representative subject and at the group level, respectively. The full time courses in 

bilateral clenching channels showed that the relative concentration changes in HbO and 

HbR both exhibited hemodynamic-response-like fluctuations consistent across seven 

consecutive blocks. The block averages modulated by the jaw clenching showed an 

increase in HbO and a decrease in HbR, highly resembling a hemodynamic response 

evoked by a motor (Zhang et al., 2021) or auditory task (Luke et al., 2021) but with a 

larger amplitude. More importantly, the peak in HbO caused by each of the three jaw-

clenching movements is visible in the block averages. Figures 4-2C and D show the 

topographies of the mean amplitudes averaged across 5 to 15 s visualized by NIRS-KIT 

(Hou et al., 2021). The topographies showed that the artifact caused by jaw clenching 

exhibited a broader spatial extent compared to normal hemodynamic response, primarily 

concentrating at the temporal muscle regions. These results demonstrated that jaw 

clenching can introduce hemodynamic-response-like artifacts in fNIRS signals, but with 

a larger amplitude and a broader spatial extent compared with the normal hemodynamic 

response. Similar responses in HbR, notably the task-evoked decreases, are also seen and 

shown in Figure 4-3, which resembles a typical response to sound stimuli overall the 

auditory cortices. 
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Figure 4-2: Task-evoked-alike fluctuations in HbO caused by jaw clenching.  

Full time courses and block averages of bilateral clenching channels at the session level 

(A) and group level (B).  Topographies of amplitudes averaged across 5 to 15 s of all LS 

channels at the session level (C) and group level (D). The shaded areas represent the 

standard error across blocks in (A) and across subjects in (B).  

 

Figure 4-3: Task-evoked-alike fluctuations in HbR caused by jaw clenching.  

Full time courses and block averages of bilateral clenching channels at the session level 

(A) and group level (B).  Topographies of amplitudes averaged across 5 to 15 s of all LS 
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channels at the session level (C) and group level (D). The shaded areas represent the 

standard error across blocks in (A) and across subjects in (B).  

In order to quantify the motion-related activity, Figure 4-4A shows the group-

level GVTD measure which reflects the co-fluctuations across all channels along the 

entire clenching session. The GVTD time course highly correlates with the group-level 

full time course shown in Figure 4-2B and demonstrates global fluctuations consistent 

across seven consecutive blocks. Figure 4-4B shows that the mean GVTD during the jaw 

clenching period (0 – 20 s) is significantly higher than that during the resting period (20 

– 50 s), which indicates that there are global fluctuations across channels caused by the 

jaw clenching. The channels affected are mainly located at the temporal muscle region, 

as shown in Figure 4-2D. Channel 3 and 30 over the left and right auditory cortices, 

respectively, were designated as the clenching channels. 

 

Figure 4-4: Global variance of temporal derivatives (GVTD) of fNIRS measurements.  

(A) Group-level GVTD along the entire jaw clenching session. (B) Mean GVTD values 
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during the jaw clenching period and the resting period. (C) and (D) Mean GVTD values 

across the entire session without and with a customized bite bar addressed to each subject 

in auditory and resting tasks. The dash lines indicate jaw-clenching movements. The 

asterisk indicates significant differences in the two-tailed paired-sample t-test. 

Furthermore, we have investigated the spatio-temporal pattern of the optical 

signals during the jaw-clenching movements (Figure 4-5). To illustrate how the PCA-

GLM reduce the hemodynamic-response-like fluctuations caused by jaw clenching, the 

results of PCA of one session (same session as in Figure 4-2A) were used as an example. 

The PCA-GLM framework firstly performs separate PCA analyses on LS channels and 

SS channels to identify a PC-LS component and a PC-SS component. The time course 

and spatial pattern of PC-LS demonstrate that the jaw-clenching-modulated fluctuations 

are well captured in PC-LS. Figure 4-5A shows the variance percentage accounted for 

by each component in the data of LS channels. After applying PCA on the LS recording 

acquired at the clenching task, a prominent component was identified such that the 1st 

component explained more than 95% of the total variance in the data. The time course of 

PC-LS is shown in Fig. 4-5B, which highly resembles the full time course shown in 

Figure 4-2A and is consistent with the high GVTD measure in Figure 4-4A. Moreover, 

the 1st PC presents a homogenous distribution located over the temporal muscle region 

(Figure 4-5C), indicating a high coefficient of spatial uniformity which is a necessary 

prerequisite for the success of the denoising PCA-GLM method (Zhang et al., 2021). 

Instead of directly utilizing the PC-LS as a regressor in the GLM, PC-LS was used to 

identify a principal component from the SS measurements which are more sensitive to 

superficial tissues (including temporal muscle). The PC that has the highest temporal 
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correlation with the PC-LS was determined as the PC-SS and then used as a regressor in 

the GLM to regress out the motion artifacts caused by jaw clenching. 

 

Figure 4-5: Spatio-temporal pattern of the fNIRS signals during clenching task. (A) 

Variance explained by components in PCA. (B) The time course of PC-LS captures the 

clenching motions. (C) The spatial pattern of PC-LS presents spatial uniformity. 

4.3.2 Controlling Clenching-related Artifacts in Auditory Tasks 

Figure 4-6 shows the data during auditory tasks at the group level. Figure 4-6A 

shows the auditory-evoked response by comparing the mean amplitude during an auditory 

stimuli window (5 – 18 s) to that during a silence window (20 – 30 s). There are several 

activated channels in both hemispheres while LS channel 3 located at the middle temporal 

gyrus is the most activated. The LS channel 3 is therefore identified as the channel of 

interest in terms of auditory-evoked response in the following analyses. In addition, LS 

channel 25 located at the angular gyrus, which is expected to not show activation, is 
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selected as a channel of interest to study the effects of a bite bar and PCA-GLM on non-

auditory-related channels. 

As indicated in Figure 4-4C, the mean GVTD during the entire session is 

significantly lower while a bite bar is applied to each subject in the auditory task. This 

indicates that the individually customized bite bar proposed in this study is effective in 

suppressing jaw clenching movements and thus reducing global fluctuations in the fNIRS 

signals. Figures 4-6B and C show the block averages under four different conditions. In 

LS channel 3, the block average more resembles an auditory-evoked response with a bite 

bar applied. Meanwhile, the block average has a higher amplitude after PCA-GLM. In 

LS channel 25, the block average shows a negative response regardless of whether a bite 

bar is applied with No Correction. In addition to motion artifacts, there might be another 

factor, i.e., blood stealing effects (Harel et al., 2002; Shmuel et al., 2002) that might have 

contributed to the negative response. The activation in the auditory cortex could cause a 

decreased cerebral blood flow in other neighboring regions. After PCA-GLM is applied, 

LS channel 25 shows a relatively flattened response, which aligns with the expectation 

that no activation in the angular gyrus during an auditory task. To quantify the 

improvements on LS channels 3 and 25 introduced by a bite bar and PCA-GLM, 

respectively, four metrics were used to measure the goodness of the fNIRS signals. 

Figure 4-6B shows that in LS channel 3 the beta value, CNR and mean amplitude are 

significantly higher while within-subject SD is significantly lower with a bite bar applied. 

Figure 4-6C shows that in LS channel 25 the beta value, CNR and mean amplitude have 

large negative magnitudes with No Correction and much smaller magnitudes after PCA-

GLM. Meanwhile, the within-subject SD is significantly lower after PCA-GLM. These 



- 85 - 

results suggest that a bite bar improves the detection of auditory response in auditory-

related channels while PCA-GLM reduces the spurious activation due to jaw clenching 

in non-auditory-related channels. 

 

Figure 4-6: Improvements in HbO signals by a bite bar and PCA-GLM in representative 

channels. (A) Auditory-evoked response map. The differences in mean amplitudes 

between a sound window (5 – 18 s) and a silence window (20 – 30 s). Only LS channels 

with significant differences were shown (q<0.05, FDR corrected). (B) Comparison of 

block averages under four different conditions in LS channel 3, a representative channel 

of clenching artifacts. (C) Comparison of block averages under four different conditions 

in LS channels 25, a representative channel of superficial activity. Quantitative metrics 
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for evaluation include the beta value, mean amplitude during the task period, contrast-to-

noise ratio (CNR), and within-subject standard derivation (SD). * indicates p < 0.05, *** 

indicates p < 0.001. 

 

Figure 4-7: Topographies of improvements in fNIRS signals introduced by a bite bar and 

PCA-GLM. Four evaluation metrics are calculated, including within-subject standard 

derivation (A, B), contrast-to-noise ratio (C,D), and beta value of the GLM regressor for 

auditory stimuli (E,F). comparisons are made between bite-bar vs. without-bite-bar 

(A,C,E), and PCA-GLM vs. without-correction (B,D,F). Only channels with significant 

differences in comparison (p < 0.05) are shown. * indicates channels with a significant 

difference after multiple comparisons correction (q < 0.05). 

4.3.3 Controlling Clenching-related Artifacts During Resting State 

Figure 4-4D shows that the mean GVTD across the entire session is significantly 

lower with a bite bar applied to each subject in the resting task. Figures 4-8A and B show 
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the functional connectivity seeded at LS channel 3 with [No Bite Bar, No Correction] and 

[Bite Bar, PCA-GLM], respectively. Figure 4-8C shows the differences in functional 

connectivity between [Bite Bar, PCA-GLM] and [No Bite Bar, No Correction]. The 

visualization was generated with BrainNet Viewer (Xia et al., 2013). There is 

significantly increased connectivity between LS channel 3 in the left hemisphere and LS 

channels 30, 36 and 41 in the right hemisphere, which demonstrates that bite bar and 

PCA-GLM jointly increase the cross-hemisphere functional connectivity between 

homologous auditory cortices. 

 

Figure 4-8: Enhanced cross-hemisphere resting-state functional connectivity by a bite 

bar and PCA-GLM. (A) and (B) Functional connectivity seeded at LS channel 3 with [No 

Bite Bar, No correction] and [Bite Bar, PCA-GLM] respectively. (C) The differences in 

functional connectivity between [No Bite Bar, No correction] and [Bite Bar, PCA-GLM]. 

The strength of functional connectivity is color-coded. The line connecting two channels 

indicates significant functional connectivity in (A) and (B) and differences in (C) (q<0.05, 

FDR corrected). 

4.4 Discussions 

Due to the advantages of portability, cost-effectiveness, low operating noise and 

compatibility with medical implanted devices (e.g., cochlear implant) (Chiarelli et al., 
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2017; Luke et al., 2021; Scholkmann et al., 2014), fNIRS has seen increasing applications 

in studying the speech and auditory function (Sevy et al., 2010; Wan et al., 2018). 

However, there are still several confounding factors in fNIRS signals, including 

interferences from superficial layers of the head, systemic physiological noises and 

motion artifacts (von Lühmann et al., 2019; von Lühmann et al., 2020; Zhang et al., 2021). 

Although less vulnerable to head movements, fNIRS can still suffer from jaw movements 

such as speech speaking and voluntary jaw clenching, which can cause contractions of 

the temporalis muscle (Novi et al., 2020; Schecklmann et al., 2017). The jaw movements 

could result in blood flow changes in the temporal muscle as well as relative movements 

between the optodes and the scalp, leading to artifacts in the fNIRS signals (Schecklmann 

et al., 2017). Although many previous studies have investigated the impact and correction 

of head movements (Cui et al., 2010; Fishburn et al., 2019; Izzetoglu et al., 2010; 

Scholkmann et al., 2010), the control and correction of jaw movements in fNIRS 

recordings remain largely unclear (Novi et al., 2020; Schecklmann et al., 2017). This 

study showed that the motion artifacts caused by voluntary jaw clenching can introduce 

hemodynamic-response-like artifacts that resemble task-evoked responses in motor and 

auditory tasks.  

Our results showed that jaw clenching could introduce hemodynamic response-like 

artifacts that resemble task-evoked activations into fNIRS signals. Specifically, the jaw 

clenching introduces a task-activation-like increase in HbO in a pair of symmetric 

channels located at the temporal cortex (shown in Figure 4-2), which is consistent with 

the previous literature (Novi et al., 2020; Schecklmann et al., 2017). These artifacts could 

be misinterpreted as evoked auditory responses in an auditory task and lead to spurious 
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activations in the analyses. This has therefore underlined the importance of the control, 

detection and removal of the jaw clenching artifacts in fNIRS recordings. The quantitative 

metric GVTD (Figure 4-4A) which measures the coherent fluctuations across channels 

reflects a time course highly correlated to the group-level full time courses of 

concentration changes (Figure 4-2B), which indicates the jaw clenching introduces 

hemodynamic-response-like artifacts broadly in LS channels located at the temporal 

muscle region. The GVTD is significantly higher during the jaw clenching period than 

during the resting period (Figure 4-2B), which supported that the global fluctuations are 

caused by the jaw clenching rather than global activity during the resting state.  

We then validated the previous established PCA-GLM framework in correcting the 

jaw-clenching-modulated artifacts. PCA analyses were performed on data of LS channels 

and SS channels separately to identify PC-LS and PC-SS. The results demonstrated that 

PC-LS shows a time course (Figure 4-5B) resembling the group-level time course in the 

clenching task (Figure 4-2B) as well as a spatial pattern concentrating at the temporal 

muscle region (Morais et al., 2017; Volkening et al., 2016). The time course and spatial 

pattern of PC-LS together demonstrate that the jaw-clenching-modulated fluctuations are 

well reflected in PC-LS. 

In addition to applying motion artifact correction techniques, we think it would be 

beneficial to control the jaw clenching movements during the recordings to prevent the 

appearance of motion artifacts in the fNIRS signals. To achieve this, we designed a bite 

bar consisting of a rectangle plastic plate and vinyl polysiloxane putty (Figure 4-1A) 

customized for each participant and repeated the auditory and resting tasks with and 

without applying the bite bar. The results showed that the mean GVTD during the entire 
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session is significantly lower while a bite bar is applied to each subject in both the 

auditory and resting tasks (Figures 4C and D), which indicates the individually 

customized bite bar is effective in suppressing the jaw clenching movements and reducing 

global fluctuations across channels. Furthermore, the block average of LS channel 3 

located at the temporal gyrus more resembles an auditory-evoked response with a bite bar 

applied (Figure 4-6B). In LS channel 25 located at the angular gyrus, which is expected 

to not show activation during an auditory task, shows a relatively flattened response after 

PCA-GLM is applied (Figure 4-6C). Quantitatively, in LS channel 3, the beta value, 

CNR and mean amplitude are significantly higher while within-subject SD is significantly 

lower with a bite bar applied (Figure 4-6B). In LS channel 25, the beta value, CNR and 

mean amplitude have much smaller magnitudes after PCA-GLM while showing large 

negative amplitudes with No Correction. Meanwhile, the within-subject SD is 

significantly lower after PCA-GLM is applied (Figure 4-6C). These results suggest that 

a bite bar improves the detection of auditory response in auditory-related channels while 

PCA-GLM reduces the spurious activation due to jaw clenching in non-auditory-related 

channels. 

The results of the resting-state data showed that there is significantly increased 

connectivity between LS channel 3 in the left hemisphere and LS channels 30, 36 and 41 

in the right hemisphere, which indicates that bite bar and PCA-GLM jointly increase the 

cross-hemisphere functional connectivity between homologous auditory cortices (Figure 

4-8). These results indicate that the bite bar can help to suppress jaw clenching 

movements and introduce improvements in mapping functional connectivity. 
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Our results suggest that future fNIRS studies should instruct participants to refrain 

from clenching the jaw or chewing gum during the recordings or consider utilizing an 

individually customized bite bar proposed in this study to forcefully suppress jaw 

clenching unless the task engages certain movements of the jaw (e.g., speech). 

Furthermore, carefulness must be taken to address the jaw clenching artifacts in the data 

processing, even verbal instruction or a bite bar has been implemented to reduce the jaw 

clenching. Motion correction techniques should be employed to remove the motion 

artifacts caused by jaw clenching. For example, the combination of a bite bar in the data 

collection stage and PCA-GLM in the data processing stage is shown to be effective in 

improving the fNIRS signals in this study. 

4.5 Conclusions 

In summary, we have characterized the effects of jaw clenching on fNIRS signals, 

proposed and validated an individually customized bite bar to suppress the jaw clenching, 

and validated our previously established PCA-GLM method in removing jaw-clenching 

motion artifacts. This study underlined the importance of controlling jaw clenching and 

provide a possible solution integrating a bite bar in the data collection stage and PCA-

GLM in the data processing stage. The characterization of jaw-clenching artifacts and the 

validation of a possible solution presented in this study will benefit the accurate 

understanding of the auditory mechanisms in normal healthy subjects and patients. 
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5 Chapter 5 Conclusions and Future Work 

5.1 Conclusions 

This chapter discusses and summarizes my research work towards establishing 

fNIRS as a routine tool in clinical use presented in this dissertation.  

Noninvasive functional neuroimaging techniques have become important tools for 

neuroscience research and clinical use. fMRI and EEG are two neuroimaging modalities 

commonly utilized in monitoring the human brain under normal and diseased conditions. 

These two techniques have their own merits and limitations. fMRI has high spatial 

resolution but low temporal resolution, while EEG has high temporal resolution but low 

spatial resolution. In this context, fNIRS, as a non-invasive optical imaging technique 

with moderate spatial and temporal resolution and advantages in robustness against head 

motion, portability, cost-effectiveness and compatibility with medical electronic 

implants, has drawn great interest in research and clinical applications. However, the 

interferences from head motion, superficial blood flow and systemic physiological 

activity have comprised the image quality of fNIRS. Most of the existing methods were 

developed in a partial montage that only includes a few channels (Gagnon et al., 2011; 

Zhang et al., 2007; Zhang et al., 2005), or covers only part of the cortex (Sato et al., 2016; 

Zhang et al., 2016). In order to tap the full potential of fNIRS, we developed an automatic 

denoising method namely PCA-GLM and validated its efficacy in improving the whole-

head fNIRS recordings. The PCA-GLM method will facilitate the applications of fNIRS 

in monitoring activations from multiple distant regions in a complex task or coherent 

spontaneous activity across functionally connected areas in a resting-state task in research 

and clinical applications.  
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Since the first finding revealed that the low-frequency oscillations (<0.1 Hz) in the 

BOLD signals measured by fMRI are temporally correlated in motor cortex and other 

regions related to motion function under the resting state (Biswal et al., 1995), a great 

deal of effort has been dedicated to the research of resting-state functional connectivity 

and resulted in significant advances in the understanding of the functional organization, 

aging process and neurological disorders of the human brain (Zhang and Raichle, 2010). 

Previous fNIRS studies have successfully mapped the resting-stated functional 

connectivity with seed-based correlation analysis or independent component analysis 

(ICA) in different brain systems, such as prefrontal (Mesquita et al., 2010), sensorimotor 

(Lu et al., 2010; Mesquita et al., 2010; White et al., 2009), auditory (Lu et al., 2010) and 

visual (Mesquita et al., 2010; White et al., 2009) networks. Mesquita et al. (2010) utilized 

a sparse whole-head montage while others used partial montages that only covered a part 

of the head (Lu et al., 2010; White et al., 2012; White et al., 2009). All these studies have 

demonstrated fNIRS’s capability of mapping functional connectivity in frontal, 

sensorimotor, auditory and visual networks. However, the higher-order large-scale brain 

networks such as default mode network (DMN), dorsal attention network (DAN) and 

frontoparietal control network (FPCN) have been shown to be associated with the aging 

process and neuropsychiatric disorders including Alzheimer’s disease, depression and 

schizophrenia (Andrews-Hanna et al., 2007; Greicius, 2008; Zhang and Raichle, 2010). 

In this work, we have for the first time demonstrated that fNIRS as a broadly accessible 

modality can image the resting-state functional connectivity in the posterior midline, 

prefrontal and parietal structures of the default mode network in the human brain by cross-

modal comparison with fMRI. These outcomes have validated fNIRS capability in 
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mapping large-scale resting-state functional connectivity with distributed spatial patterns 

as identified in fMRI studies (Damoiseaux et al., 2006; Thomas Yeo et al., 2011). 

Therefore, the whole-head fNIRS’s capability in mapping functional connectivity 

between distributed cortical hubs as demonstrated in our work provides an economic and 

practically feasible option for assessing the anterior-posterior DMN connectivity as 

biomarkers for monitoring aging and Alzheimer’s disease in large populations. 

Despite the fact that intrinsic oscillations of the vascular networks (Drew et al., 2020; 

Mateo et al., 2017) and other physiological oscillations such as respiration, cardiac 

pulsation and cerebrospinal fluid may also contribute to the measured hemodynamics in 

the upper frequencies (Liu, 2016), our understanding of the human brain functional 

connectivity has been primarily established by fMRI at sub-hertz sampling rates for the 

activity below 0.1 Hz (Biswal et al., 1996; Cordes et al., 2001; Mitra et al., 1997). 

However, it is still poorly understood how the oscillations that exist beyond the safely 

sampled range could contribute to the network organization via the aliased effects. In this 

work, we have shown that a sampling rate lower that is insufficient to sample the 

respiration and cardiac pulse frequency will introduce spatially organized aliased 

connectivity to RSFC. Furthermore, our data-driven analysis has revealed that the aliasing 

effect is seed- and region-dependent and that the resulted spurious connectivity exists 

within the DMN regions and extends beyond in other cortical areas, appearing as aliased 

networks. Since the aliased functional connectivity patterns may obscure our current 

understanding, accurate imaging without aliasing is especially important in understanding 

AD stages, because of the high comorbidity of vascular diseases in aging populations. 

Despite that a low sampling has been widely used in similar fMRI studies, our findings 
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have emphasized that maintaining a sufficiently high sampling rate of fNIRS is crucial, 

especially when RSFC of DMN is considered as a biomarker. 

fNIRS has become of great interest in the neuroscience community in studying the 

auditory function in healthy subjects and patients with hearing loss (Pollonini et al., 2014; 

Saliba et al., 2016). For example, fNIRS can be used to detect the auditory response in 

infant cochlear implant users who are unable to verbally communicate their hearing and 

comfort when audiologists adjust the sound levels (Bortfeld, 2019). A better 

understanding of auditory perception mechanisms of normal sound and cochlear stimuli 

can facilitate the early intervention of hearing loss in infants and therefore help to reserve 

and develop their speech and auditory function. There are several critical confounding 

factors in fNIRS signals, including interferences from superficial layers of the head, 

systemic physiological noise and motion artifacts (von Lühmann et al., 2019; von 

Lühmann et al., 2020; Zhang et al., 2021). Although less vulnerable to head movements, 

fNIRS can still suffer from jaw movements such as speech speaking and voluntary jaw 

clenching, which can cause contractions of the temporalis muscle (Novi et al., 2020; 

Schecklmann et al., 2017). The jaw movements could result in blood flow changes in the 

temporal muscle as well as relative movements between the optodes and the scalp, leading 

to artifacts in the fNIRS signals (Schecklmann et al., 2017). While many previous studies 

have investigated the impact and correction of head movements (Cui et al., 2010; 

Fishburn et al., 2019; Izzetoglu et al., 2010; Scholkmann et al., 2010), the effect and 

especially handling of jaw movements in fNIRS signals remain largely unclear (Novi et 

al., 2020; Schecklmann et al., 2017). In this work, we have characterized the effects of 

jaw clenching on fNIRS signals and demonstrated that the resulted motion artifacts 
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resemble the task-evoked activations. These findings underline the importance of 

controlling, detecting and removing the jaw clenching artifacts in fNIRS recordings. To 

suppress the jaw clenching movements, we have designed a bite bar customized for each 

individual. We then demonstrated that the customized bite bar and PCA-GLM method 

can effectively reduce the motion artifacts caused by jaw clenching and improve the 

detection of auditory response and the mapping of functional connectivity. The 

characterization of jaw clenching artifacts and the validation of a possible solution 

presented in this work will benefit the accurate understanding of the auditory mechanisms 

in normal healthy subjects and patients, which will facilitate the early intervention of 

hearing loss to reserve patients’ speech and auditory function. 

 

5.2 Future Work 

One important direction of future work based on my dissertation is towards 

applying the fNIRS for clinical applications, possibly in combination with EEG. My 

dissertation has fruited three pilot clinical applications of fNIRS, including one that has 

concluded the experimental work and two that are ongoing. One study was to use fNIRS 

in measuring the auditory responses to programmed stimuli in cochlear implant users, in 

collaboration with the Heart for Hearing Institute. Another ongoing study is to use fNIRS 

and concurrent EEG in measuring the impaired neurovascular coupling in ovarian cancer 

patients receiving chemotherapy treatment, in collaboration with OU Stephenson Cancer 

Center. One other study that was recently initiated is to use fNIRS and concurrent EEG 

in measuring the impaired neurovascular coupling in epileptic patients, in collaboration 

with the OU Department of Neurosurgery. 
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In addition to working towards clinical applications, my dissertation has also pointed 

out areas where further development and/or improvement are needed. One aspect is to 

continually improve the denoising algorithm. Our PCA-GLM denoising method utilized 

the auxiliary recordings of pulse, respiration and movement. These additional nuisance 

regressors address the slow fluctuations in pulses, respiration and movement. Notably, 

this benefit of denoising was achieved by including zero-shift time courses of auxiliary 

measurement. Studies have shown that a time-embedding approach (von Lühmann et al., 

2020) or considering a response function to the respiration (Birn et al., 2008) or cardiac 

pulses (Chang et al., 2009) might further capture their impact on cerebral hemodynamics. 

While these fluctuations are typical of less concern to a task in block design, they have 

been suggested to bias the organization of large-scale networks, especially in the resting 

brain (Mesquita et al., 2010; Yuan et al., 2013). Therefore, the incorporation of time-

embedding approach and response functions of respiration and cardiac pulses in our PCA-

GLM method is warranted to explore the benefits of these extra components. 

The sample size (i.e., 13 subjects) is relatively small in this work. In addition, test-

retest reliability of fNIRS in imaging the default mode network is critical but yet to be 

established in a moderate sample size. Furthermore, the characterization of RSFC and 

aliasing effects in whole-head fNIRS needs to be further demonstrated in a larger sample 

size similar to those in fMRI RSN studies, e.g., about 1000 participants in a study carried 

out by Thomas Yeo et al. (2011).  

To avoid the aliasing effects on functional connectivity as depicted in this work, future 

fNIRS studies should sustain a sufficiently high sampling rate to critically sample the 

respiration and cardiac pulsation. A high sampling rate can be achieved by advancements 
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in the acquisition hardware but also ingenious ways of setting up the measurements. In 

the work of mapping RSFC, we used a NIRScout continuous-wave system (NIRX, 

Germany) of which the sampling rate primarily depends on the number of light sources. 

If the 34 light sources in our montage are illuminated sequentially, the sampling rate 

would be 62.5/34 = 1.84 Hz which is not sufficiently high enough to avoid the aliasing 

of cardiac pulsation. In order to maintain a high sampling rate with a large number of 

sources, we employed the parallel illumination in the NIRScout system (NIRX, 

Germany), which illuminated multiple sources in each single time step. To avoid optical 

crosstalk, we have manually selected the optimal source illumination based on the 

criterion that the distances between sources illuminated in the same time step should be 

larger than 9 cm so that each detector will primarily receive light from one emitter in a 

single time step. 34 light sources were illuminated in 10 time steps, resulting in a sampling 

rate of 6.25 Hz which is high enough to critically sample respiration and cardiac pulsation. 

The parallel illumination has significantly accelerated the data acquisition. However, the 

selection of illumination sequence demanded manual effort and might not achieve 

optimal performance in reducing optical crosstalk since it was based on distances between 

sources rather than the sensitivity profile of channels. Therefore, in addition to 

advancements in acquisition hardware, future high-density whole-head fNIRS studies can 

also benefit from an optimization tool that can generate the optimal illumination sequence 

based on forward light modeling of the input montage, to achieve a high sampling rate 

while using high-density optodes array. 

With the advancements in hardware and the growing interest in developing high-

density fNIRS with full head coverage, future RSFC studies with fNIRS will benefit from 
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a large field of view and improved image quality. However, the increased numbers of 

sources and detectors in a whole-head configuration can add the weight borne by the 

subject and cause discomfort during the recordings. This is unwanted especially in RSFC 

studies because the pain or discomfort can potentially drive the subject to deviate from 

the resting state and introduce bias in mapping the RSNs (Necka et al., 2019; Otti et al., 

2013; Valet et al., 2004). Although we have used a desk-mounted arm to hold the optodes 

during recordings, comfortability could be further improved upon the current setup with 

an ergonomic support design (Eggebrecht et al., 2014). 

A large number of sources can also increase the dosage of near-infrared light emitted 

into the brain and raise the temperature of the brain tissues (Bozkurt and Onaral, 2004). 

The temperature changes might modulate the level of cerebral activity. Recent studies 

have also shown that near-infrared light photobiomodulation can modulate functional 

connectivity via a non-thermal mechanism (Dmochowski et al., 2020; Urquhart et al., 

2020; Wanniarachchi et al., 2021). Future high-density whole-head fNIRS studies can 

potentially benefit from a tool that can quantify the light dosage injected into the brain 

and help to control the modulation effects on functional connectivity by the near-infrared 

light.  

Noteworthy, while the respiration and cardiac pulsation have been previously 

considered as noises contaminating the BOLD functional connectivity measured by 

fMRI, recent studies have suggested that these physiological pulsations have great 

potential as clinical biomarkers of brain diseases (Chen et al., 2020a; Raitamaa et al., 

2021; Tong et al., 2019). The advantage of an inbuilt higher sampling rate over fMRI will 

enable fNIRS to spectrally separate LFOs, respiration and cardiac pulsation, and to 
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potentially provide cardiovascular biomarkers of neuropsychiatric diseases 

complementary to RSFC. Future work is warranted to study the network organization of 

physiological pulsations.  

The interpretation of hemodynamic signals in fNIRS and BOLD signals in fMRI 

relies on the relationship which relates the neural activity to the accompanying 

hemodynamic response (Arthurs and Boniface, 2002). Therefore, an understanding of the 

neurovascular coupling process is crucial for the accurate interpretation of functional 

imaging data. When inferring the neural activation from BOLD or hemodynamic signals, 

the impulse response induced by neural activation has been commonly modelled as a 

hemodynamic response function (HRF), which rises shortly after the neural activation 

with a time-to-peak of about 5 s (Friston et al., 1994; Glover, 1999; Huettel et al., 2004). 

This method has therefore assumed that the HRF is consistent across brain regions and 

subjects. However, studies have reported that HRF varies across brain regions (Aguirre 

et al., 1998; Hong, 2014; Jasdzewski et al., 2003b), ages (Huettel et al., 2001; Jacobs et 

al., 2008), and brain pathologies such as stroke (Bonakdarpour et al., 2007; Siegel et al., 

2016), traumatic brain injury (Mayer et al., 2014; Werner and Engelhard, 2007) and 

Alzheimer’s disease (Rombouts et al., 2005; Sperling et al., 2003). Subject-specific and 

voxel-specific HRFs have been proven to provide more accurate detection of epilepsy 

(Kang et al., 2003; Lu et al., 2006). Therefore, the HRF should be estimated with 

variability to account for the effects of the abovementioned conditions. The variant HRF 

can facilitate more accurate interpretations of BOLD signals but also provide biomarkers 

of neurological and psychiatric diseases and facilitate early intervention. Future studies 

are warranted to establish a multimodal data fusion framework for a whole-head 
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simultaneous fNIRS-EEG multimodal imaging, which will provide a full felid of view 

for mapping functional connectivity but also enable studying the neurovascular coupling 

that relates the neural activity with hemodynamic activity. 
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