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ABSTRACT 

Functional near-infrared spectroscopy (fNIRS) is an emerging low-cost noninvasive 

neuroimaging technique that measures cortical blood flow. While fNIRS has gained interest as a 

potential alternative to fMRI for use with clinical and pediatric populations, it remains unclear 

whether fNIRS has the sensitivity to serve as a substitute for fMRI in resolving current 

developmental cognitive neuroscience research questions. In order for this to happen, fNIRS 

must first be validated on a pediatric population that is problematic for fMRI and upon cognitive 

processes that are known to be affected in the pediatric populations of interest. To this end, I 

have selected Autism Spectrum Disorder (ASD) and working memory as the validation 

population and cognitive process, respectively. Current theories of ASD suggest that the 

symptoms are caused by disruptions in communication between brain regions. This is most 

commonly operationalized as functional connectivity, the temporal correlation of brain activity. 

While most studies of have measured functional connectivity at rest, we explore the dynamic 

modulation of functional connectivity across multiple cognitive states. Such modulations are 

thought to reflect the adaptive recruitment of brain networks to meet the processing demands of 

the moment, and prior work suggests this may be key in understanding the neural basis of ASD. 

The present dissertation sets out to 1) establish the sensitivity of fNIRS to working memory load 

and cognitive state in healthy adults, 2) develop methods for improved preprocessing and 

statistical analysis of fNIRS data, and 3) demonstrate that fNIRS can detect activation and 
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functional connectivity differences between ASD children and typically-developing controls as a 

function of working memory load and cognitive state.  
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CHAPTER I: GENERAL INTRODUCTION 

Background 

Functional magnetic resonance imaging (fMRI) is a functional neuroimaging technique 

that makes use of differences in the magnetic permeability of oxygenated and deoxygenated 

hemoglobin species in order to measure fluctuations in blood oxygenation in the brain. This 

information is used to make inferences regarding neural activity on the basis that firing neurons 

have greater metabolic demands than inactive neurons, thereby serving as a proxy for neural 

activity. Due to its impressive spatial resolution and lack of need for contrast injection or 

ionizing radiation, it has rapidly become the dominant neuroimaging modality for cognitive 

neuroscience. However, there are some notable drawbacks to fMRI that limit its utility in 

imaging young children and those with developmental disorders. First, head motion leads to 

substantial artifacts due to its relatively low temporal resolution and minimal constraint on head 

mobility in the scanning apparatus. Offline motion correction algorithms are effective for small 

movements, but larger movements necessitate subject exclusion, requiring oversampling as high 

as 30% in children with disorders such as Autism Spectrum Disorder (ASD) (Yerys, Jankowski, 

et al., 2009). Second, the MR scanning environment is intimidating for many children. The 

enclosed nature of the scanning apparatus often produces feelings of claustrophobia, and the loud 

noise is fear-inducing for young children and ASD children with sensory hypersensitivity. Thus, 

despite its robust properties as a non-invasive neuroimaging modality, fMRI is poorly suited for 

a large subset of pediatric and clinical populations. For these reasons, it is imperative to develop 

alternate neuroimaging modalities for investigating cognitive neuroscience research questions in 

young children and those with developmental disorders. 
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Functional Near-Infrared Spectroscopy as an Alternative to fMRI 

Functional near-infrared spectroscopy (fNIRS) is an emerging non-invasive brain 

imaging modality for recording cortical hemodynamic activity. The method operates by 

projecting two wavelengths of near-infrared light through the scalp and recording intensity 

fluctuations resulting from metabolic changes within the brain. Each wavelength of light is 

differentially absorbed by the oxygenated and deoxygenated species of hemoglobin, allowing 

concentration changes of each to be estimated. Similar to fMRI, cerebral blood flow is used as a 

proxy for neuronal activity. The data collection apparatus consists of fiber optics that are attached 

the head via optodes. The only constraint on movement is that the subject not venture from the 

fNIRS system farther than the length of the fiber optics, making fNIRS a minimally restrictive 

imaging technique. Both the spatial resolution and penetration depth of fNIRS are dependent 

upon the distances between light sources and detectors. The result is that the spatial resolution of 

fNIRS is on the order of 2.5-3 cm and is capable of imaging depths of 1-2 cm (McCormick, 

Stewart, Lewis, Dujovny, & Ausman, 1992), making it well-suited for imaging cortical regions. 

While motion artifacts may still be evident in the fNIRS signal, their effect can be mitigated 

without discarding high-motion time periods or subjects. This is possible thanks to both the high 

temporal resolution of fNIRS and the stationary nature of the optodes relative to the subjects’ 

head, which together allow the artifact time course to be accurately estimated and ensure that 

measurement channels are always coming from the same area of the brain. The silent operation 

and unconfined scanning environment make fNIRS more amenable to subjects that have sensory 

hypersensitivity or claustrophobia. These qualities of fNIRS make it particularly suitable for use 

with pediatric populations, including those with developmental disorders.  
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Motivation for Dissertation 

While fNIRS holds promise in answering questions of disordered neuropsychological 

development, the full extent of its capabilities and limitations have not yet been established. In 

order to determine its potential, it must be validated in the population, cognitive processes, and 

analytic methods that are of greatest utility to developmental cognitive neuroscience. In this 

dissertation, I assess the viability of fNIRS for use in a subset of the developmental populations 

that stand to benefit the most from an alternative to fMRI – namely, Autism Spectrum Disorder, a 

neuropsychiatric condition of intense ongoing research with a large proportion of child subjects 

without intellectual disability that are contraindicated for fMRI. The cognitive process under 

investigation is working memory, a well-studied component of higher cognitive function that has 

known neural locus and is impaired in ASD. To this end, I investigate disturbances in working 

memory load-dependent activation, connectivity at rest, and modulation of connectivity in 

response to changes in cognitive state. The analytic methods used in these investigations improve 

upon the artifact removal, signal localization, and statistical robustness of fNIRS. The remainder 

of this chapter will elaborate on the background and rationale of each of these key points. 

Autism Spectrum Disorder 

Autism Spectrum Disorder is characterized by difficulties with social interaction, 

communication, and restricted interests and repetitive behaviors (American Psychiatric 

Association, 2000). Deficits in social cognition include problems with social orienting, joint 

attention, responses to emotional displays, and face recognition (Dawson et al., 2002). Restricted 

interests involve obsession with highly specific environmental stimuli or a hobby, while 

repetitive behaviors include stereotyped motor patterns and rigid insistence on following a set 
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routine. The common property of restricted interests and repetitive behaviors is that they both 

represent a failure to modify attention and behavior in a way that is both adaptive and goal-

directed. These problems begin manifesting very early in development, often within the first 

year. As its name implies, ASD occurs in a spectrum of symptom severity and intellectual 

function – those with the disorder can range anywhere from extremely high IQ to mental 

retardation. The disorder often also presents with disturbances to mood and perception, such as 

anxiety disorders and sensory hypersensitivity. Sensory hypersensitivity and anxiety are 

especially problematic for fMRI studies as these subjects become extremely uncomfortable by 

the loud noises of the MR environment. Furthermore, low intellectual functioning is often 

prohibitive as the children are unable to comply with the requests of the experimenter.  

The dominant large-scale neurological model of ASD asserts that connectivity is 

disrupted within the brain, though the pattern of disruption is unclear. Evidence from functional 

neuroimaging has come in the form of functional connectivity (FC), the co-activation of brain 

regions over time. Regions that activate synchronously are thought to be cooperating as part of 

an information processing network. A number of studies have found that ASD subjects have 

lower FC between frontal and posterior regions than typically-developing counterparts during 

executive processes such as working memory (Koshino et al., 2005), inhibitory control (Kana, 

Keller, Minshew, & Just, 2007; Solomon et al., 2009), and planning (Just, Cherkassky, Keller, 

Kana, & Minshew, 2007), as well as other domains such as language (Just, Cherkassky, Keller, & 

Minshew, 2004; Kana, Keller, Cherkassky, Minshew, & Just, 2006; Mizuno et al., 2011), theory 

of mind (Kana, Keller, Cherkassky, Minshew, & Just, 2009; Mason, Williams, Kana, Minshew, 

& Just, 2008), motor control (Mostofsky et al., 2009; Villalobos, Mizuno, Dahl, Kemmotsu, & 

Müller, 2005), and perceptual processing (Damarla et al., 2010). The prevalence of fronto-



 

5 

posterior underconnectivity findings has led to the proposal that this is a defining feature of ASD 

(Just, Keller, Malave, Kana, & Varma, 2012). Additional evidence in support of this theory has 

come from electroencephalography (EEG) studies (Coben, Clarke, Hudspeth, & Barry, 2008; 

Murias, Webb, Greenson, & Dawson, 2007) and white-matter tracts as measured by diffusion 

tensor imaging (DTI) (Alexander et al., 2007; Barnea-Goraly et al., 2004; Ben Bashat et al., 

2007; Carper, Moses, Tigue, & Courchesne, 2002; Courchesne et al., 2001; Herbert et al., 2004; 

Keller, Kana, & Just, 2007; J. E. Lee et al., 2007). However, this model is contradicted by 

numerous task-based studies having found either underconnectivity that was not specific to 

fronto-parietal regions (Just et al., 2004; Kleinhans et al., 2008; Koshino et al., 2008; Lombardo 

et al., 2010; Welchew et al., 2005; Wicker et al., 2008), overconnectivity (Keehn, Shih, Brenner, 

Townsend, & Müller, 2013; Koshino et al., 2005; Mizuno, Villalobos, Davies, Dahl, & Müller, 

2006; Noonan, Haist, & Müller, 2009; Shih et al., 2010; Turner, Frost, Linsenbardt, McIlroy, & 

Müller, 2006), or no differences (P. S. Lee et al., 2009). A meta-analysis of task-based functional 

connectivity studies of ASD found that the divergence of results may be related to the methods 

employed in the analyses, such as the use of task regression and low-pass filtering (Müller et al., 

2011). From these data, it is clear that there is an atypical pattern of task-evoked communication 

across the brain in ASD, though the nature of these differences remains contentious. 

Executive Function 

As atypical fronto-posterior connectivity has been implicated as a mechanism of ASD, it 

is necessary to investigate the disorder using a cognitive domain that shares this connectivity 

profile and is impaired in ASD. Executive function is a domain that meets these criteria. Broadly 

speaking, executive function encompasses the effortful planning, execution, and moderation of 

goal-directed behavior. It has been thoroughly documented that children with ASD suffer from 
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impairments in executive function (Hill, 2004; Kenworthy, Yerys, Anthony, & Wallace, 2008; 

O’Hearn, Asato, Ordaz, & Luna, 2008). Impairment in real-world executive functioning 

increases with age in ASD children and adolescents (Rosenthal et al., 2013). It has been shown in 

ASD subjects that early individual differences in executive function predict later ability to 

understand the mental states of others (Pellicano, 2010), suggesting that social difficulties may 

stem from executive dysfunction. Importantly, executive function predicts difficulties adjusting 

to independence in adulthood (Hume, Loftin, & Lantz, 2009). For these reasons, executive 

function is an important facet of cognition for investigation in ASD. Executive function is 

composed of three core cognitive processes: working memory, inhibitory control, and cognitive 

flexibility (Diamond, 2013). Of these component processes, working memory is historically the 

most well-characterized using animal models and human studies in terms of its neuroanatomical 

substrates (Goldman-Rakic, 1987; Jonides et al., 1993), which is why I have selected it as the 

target process for our research to validate fNIRS as a tool for investigating cognitive dysfunction 

in children with ASD. 

Working Memory 

Working memory is a temporary buffer for active maintenance and manipulation of goal-

relevant information. The functioning of working memory depends upon the integrity of the 

prefrontal cortex (PFC) and its connections with posterior brain regions (Miller & Cohen, 2001). 

Studies of brain activation using fMRI have consistently linked working memory to the 

prefrontal cortex and posterior parietal cortex (Owen, McMillan, Laird, & Bullmore, 2005). 

Additionally, prefrontal cortex has been shown to be sensitive to the amount of working memory 

load, increasing in activation as working memory load increases (Braver et al., 1997; Jansma, 

Ramsey, Coppola, & Kahn, 2000; Narayanan et al., 2005; Veltman, Rombouts, & Dolan, 2003). 
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The load-dependent activation of dlPFC implies that it is being recruited in the maintenance of 

the working memory buffer. Typical manipulations of load in verbal working memory tasks 

involve increasing the number of items to be remembered or the duration for which they are 

held. In the n-back task, the most common paradigm for working memory, and the task that was 

used in this dissertation, subjects are presented a sequence of items and instructed to respond on 

trials where the current item matches the one presented n trials ago. The size of the working 

memory buffer maintained by the subject during each task block is determined by the value of n 

for that block. 

Working memory is a useful index of higher cognitive ability, as it has been shown to 

predict general intelligence (Kane, Hambrick, & Conway, 2005; Oberauer, Schulze, Wilhelm, & 

Süß, 2005) and reasoning (Süß, Oberauer, Wittmann, Wilhelm, & Schulze, 2002). Working 

memory capacity increases during development (Gathercole, Pickering, Ambridge, & Wearing, 

2004), with age-related increases linked to the maturation of white-matter tracts between frontal 

and parietal cortices (Nagy, Westerberg, & Klingberg, 2004), as well as frontal and parietal 

activation (Olesen, Nagy, Westerberg, & Klingberg, 2003). Working memory is impaired in 

several developmental disorders (Alloway, Rajendran, & Archibald, 2009) and its training 

improves higher cognition, such as reasoning (Jaeggi, Buschkuehl, Jonides, & Perrig, 2008) and 

attention in ADHD (Klingberg et al., 2005). Further, training-related changes are reflected in 

frontal and parietal activation (Olesen, Westerberg, & Klingberg, 2004). Given its sensitivity to 

developmental pathology and intervention, and dependency upon prefrontal and parietal cortex 

integrity, working memory is an important component process for the study of executive 

function. While individuals with ASD experience poorer spatial working memory in everyday 

life, they are not impaired on the letter n-back task (Williams, Goldstein, Carpenter, & Minshew, 
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2005), allowing for comparisons in brain function to be made without the confound of differing 

behavior. Therefore, the letter n-back is a powerful task for validation of fNIRS as an alternative 

imaging modality for disordered executive function development in ASD.  

fMRI studies of working memory in ASD have reported less activation in PFC and 

greater activation in parietal cortex in both adults (Koshino et al., 2005, 2008; Luna et al., 2002) 

and children (Vogan et al., 2014) with ASD. These atypical brain activations are apparent despite 

equivalent task performance. It has been suggested from these data that ASD subjects may be 

relying more on bottom-up perceptual processing than top-down executive control to complete 

the same working memory tasks. This could be achieved through encoding of visual features of 

the letter stimuli rather than the use of a verbal representation. However, this has not been 

explicitly tested and some studies have either failed to find frontal hypoactivation (Rahko et al., 

2015), or found hyperactivation in some frontal regions (Koshino et al., 2005, 2008). 

Resting-State Functional Connectivity 

While studies of task activation can provide information about the engagement of 

individual brain regions, the amount and pattern of communication between multiple brain 

regions is also of importance. A wealth of evidence suggests that coordination between brain 

regions in the absence of a task, dubbed resting-state functional connectivity (RSFC), may reflect 

an intrinsic property of functional brain architecture, and therefore be useful to the investigation 

of disrupted brain connectivity in ASD. Studies have shown that RSFC patterns are consistent 

across scanning sessions and subjects (Chen et al., 2008; Meindl et al., 2010; Shehzad et al., 

2009; Van Dijk et al., 2010), and are driven by neuronal activity rather than physiological noise 

(Birn, Diamond, Smith, & Bandettini, 2006; Buckner, Andrews-Hanna, & Schacter, 2008; Fox & 
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Raichle, 2007). RSFC has been shown to correlate with white-matter as measured by DTI, 

though not perfectly as indirect connections are also present (Gordon et al., 2011; Greicius, 

Supekar, Menon, & Dougherty, 2009; Hagmann et al., 2008; Heuvel, Mandl, Luigjes, & Pol, 

2008; Honey et al., 2009; Koch, Norris, & Hund-Georgiadis, 2002; Skudlarski et al., 2008). The 

patterns of RSFC correspond to the regional co-activations seen for specific cognitive processes, 

reflecting the functional integration of those regions (Smith et al., 2009), and the relative 

engagement of RSFC components can account for a significant proportion of task activation 

(Gordon, Stollstorff, & Vaidya, 2012). From these data, RSFC can be conceptualized as the 

spontaneous co-activation of regions that share structural connections and a shared history of co-

activation. 

Resting-state functional connectivity has also been found to be associated with individual 

differences in executive function. RSFC correlates with performance on executive control, 

including working memory (Hampson, Driesen, Skudlarski, Gore, & Constable, 2006) and set-

switching (Gordon et al., 2011). Further, the strength of connectivity between separate resting-

state networks was found to predict the efficiency of attentional control (Kelly, Uddin, Biswal, 

Castellanos, & Milham, 2008). RSFC has also been shown to be sensitive to disease states that 

negatively impact executive function, such as Alzheimer’s disease (Greicius, 2004), 

schizophrenia (Garrity et al., 2007), and ADHD (Castellanos et al., 2008). Notably, the 

relationship is present regardless of whether the disease is associated with gross structural 

damage. 

A large number of studies have found lower RSFC in ASD subjects than TD counterparts 

(Abrams et al., 2013; Anderson et al., 2011; Assaf et al., 2010; Cherkassky, Kana, Keller, & Just, 

2006; Di Martino et al., 2009, 2014; Dinstein et al., 2011; Gotts et al., 2012; Hagen, Stoyanova, 
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Baron-Cohen, & Calder, 2012; Kennedy & Courchesne, 2008; Monk et al., 2009; Weng et al., 

2010). However, some studies have either found overconnectivity (Di Martino et al., 2011; 

Supekar et al., 2013) or a combination of under- and overconnectivity (Di Martino et al., 2014; 

Keown et al., 2013; Lynch et al., 2013; Nomi & Uddin, 2015). It has been noted that 

underconnectivity has been a more common result in adolescents and adults, while 

overconnectivity has been more common in studies involving children (Rudie & Dapretto, 2013). 

This has led to the hypothesis that the connectivity profile of ASD changes over development, 

with early overconnectivity leading to underconnectivity in adulthood. However, caution must be 

exercised when interpreting fMRI data in children, as head motion is much higher in those with 

ASD, and it has been demonstrated that group differences in head motion can lead to biased 

estimates of functional connectivity (Power, Barnes, Snyder, Schlaggar, & Petersen, 2012; Van 

Dijk, Sabuncu, & Buckner, 2012). While recent studies have employed strategies to mitigate the 

effect of differences in head motion, the effectiveness of these methods has not been proven. For 

this reason, it is vital that an imaging method such as fNIRS, which is relatively insensitive to 

artifacts arising from head motion, is used to validate FC findings in ASD children. 

State-Dependent Functional Connectivity 

In addition to disturbances in connectivity at rest, there may also be disturbances in the 

state-dependent modulation of connectivity. The topology of brain connectivity is highly 

consistent across cognitive states, including sleep (Fukunaga et al., 2006) and light anesthesia 

(Greicius et al., 2008; Vincent et al., 2007); however, the relative engagement of networks is 

sensitive to state. This is evidenced by networks becoming more functionally segregated while 

awake than while unconscious (Heine et al., 2012). Further, within-network connectivity is 

modulated in a task-dependent manner, whereby regions that activate for a given task become 
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more functionally-connected than they are at rest (Arfanakis et al., 2000; Hampson, Olson, 

Leung, Skudlarski, & Gore, 2004; Jiang, He, Zang, & Weng, 2004; Nir, Hasson, Levy, Yeshurun, 

& Malach, 2006). Similarly, connectivity between networks decreases in the presence of task 

constraints (Fransson, 2006; Gordon, Stollstorff, Devaney, Bean, & Vaidya, 2012). Together, 

these findings demonstrate that brain connectivity is dynamically modulated, with individual 

brain networks becoming more or less coherent as necessary to accommodate the changing 

demands of distinct modes of processing. Resting and task states have been shown to differ by 

dopamine transporter genotype and distractibility and impulsivity traits (Gordon, Stollstorff, 

Devaney, et al., 2012). Atypical connectivity in ASD has also been shown to be modified by 

attentional state differences, displaying the opposite pattern of controls when told to direct their 

attention internally versus externally (Barttfeld et al., 2012). ASD subjects have also shown 

atypical modulation of connectivity in transitioning from rest to a sustained attention task, 

demonstrating increasingly diffuse connectivity with regions whose connectivity became more 

focal in controls, with more diffuse connectivity predicting greater inattention in ASD subjects 

(You et al., 2013). It has also been observed that rest and task states are less different from each 

other in ASD than controls, with the degree of state similarity correlating with severity of 

restricted interests and repetitive behaviors (Uddin et al., 2015). These results suggest that in 

addition to disturbances in the intrinsic connectivity observed at rest, there are also abnormalities 

in how connectivity is modulated in response to changes in cognitive state. 

Suitability of fNIRS for Investigating Working Memory and RSFC 

A number of fNIRS studies in healthy adults have examined the effect of varying 

working memory load on activation. These studies have generally found that higher working 

memory load tends to produce greater activation within dlPFC (Ayaz et al., 2012; Hoshi et al., 



 

12 

2003; T. Li, Luo, & Gong, 2010; Molteni et al., 2012). Group differences in activation during 

working memory have been identified in adults for gender (T. Li et al., 2010), ADHD diagnosis 

(Ehlis, Bähne, Jacob, Herrmann, & Fallgatter, 2008), schizophrenia diagnosis (J. Lee, Folley, 

Gore, & Park, 2008), dopamine receptor genotype (Herrmann et al., 2007), and mild cognitive 

impairment in the elderly (H.-J. Niu et al., 2013). Therefore, the sensitivity of fNIRS to 

prefrontal activation during working memory is well-established. 

Functional connectivity as measured by fNIRS is sensitive to changes within PFC on a 

variety of cognitive tasks (Chaudhary, Hall, DeCerce, Rey, & Godavarty, 2011; Hall, Chaudhary, 

Rey, & Godavarty, 2013; Medvedev, Kainerstorfer, Borisov, & VanMeter, 2011), though this has 

not been explicitly tested with working memory. RSFC measurements using fNIRS have shown 

good test-retest reliability (H. Niu et al., 2013; H. Zhang, Duan, et al., 2011; H. Zhang, Zhang, et 

al., 2011). Studies performing simultaneous measurement of fNIRS and fMRI signals have 

shown a high correspondence between the modalities for both task activation (Cui, Bray, Bryant, 

Glover, & Reiss, 2011) and RSFC (Duan, Zhang, & Zhu, 2012; Sasai et al., 2012). RSFC as 

measured by fNIRS has been shown to correlate with individual differences in traits such as 

anxiety (Fukuda et al., 2014; Ishikawa et al., 2014), harm avoidance (Nakao et al., 2013), and 

predictors of psychopathology in toddlers (Fekete, Beacher, Cha, Rubin, & Mujica-Parodi, 

2014). These results demonstrate the potential for fNIRS to be a powerful tool in the 

investigation of the neural substrates involved in ASD. 

Dissertation Goals 

This dissertation includes two studies investigating the suitability of fNIRS as a 

replacement for fMRI in conditions where its use is precluded. The first study examines the 
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sensitivity of fNIRS to cognitive load (e.g., working memory) and state (e.g., resting to task) in 

healthy adults. Prior research suggests that differences between working memory load levels are 

reflected in activation as measured by fNIRS, however it is not clear whether fNIRS has the 

sensitivity to detect linear changes in activation across three or more load levels. Furthermore, it 

is unknown whether functional connectivity measured by fNIRS is sensitive to changes in 

cognitive state, transitioning from a rest state to task. This study tests the general feasibility of 

using fNIRS to measure activation and functional connectivity related to executive function. The 

following chapter details the novel data analytic methods that were developed in the course of 

analyzing data following the first study. These methods include: an algorithm for shrinking 

signal artifacts related to head motion, a method for projecting data from the sparse fNIRS 

channels onto a cortical surface, and an approach for multiple comparisons p-value correction 

when performing statistical tests on the cortical surface activations. Using these methods, the 

second study uses fNIRS to examine activation and functional connectivity related to working 

memory load and cognitive state in ASD children relative to controls. Prior research suggests 

that ASD subjects will have less PFC activation and lower fronto-posterior functional 

connectivity during working memory. Here I also examine whether brain activity correlates with 

real-world measures of executive functioning. Thus, this dissertation sets out to 1) test the 

general sensitivity of fNIRS to cognitive load and state, 2) develop improved methods for data 

analysis, and 3) demonstrate the viability of its application in investigations of brain function in 

children with disordered development.  
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CHAPTER II: SENSITIVITY OF FNIRS TO COGNITIVE STATE AND LOAD 

This chapter has been published as: Fishburn, F.A., Norr, M.E., Medvedev, A.V., & Vaidya, C.J. 

(2014). Sensitivity of fNIRS to cognitive state and load. Frontiers in Human Neuroscience. 8 

(76). 

Introduction 

Unprecedented technical advances in the past 20 years have made functional magnetic 

resonance imaging (fMRI) the primary neuroimaging modality for cognitive neuroscience. 

However, there are some notable drawbacks to fMRI that limit its utility in imaging young 

children and those with developmental disorders. First, head motion leads to substantial artifacts 

due to its relatively low temporal resolution and minimal constraint on head mobility in the 

scanning apparatus. Offline motion correction algorithms are effective for small movements, but 

larger movements necessitate subject exclusion, requiring oversampling as high as 30% in 

children with disorders such as Autism Spectrum Disorders (ASD), Attention Deficit 

Hyperactivity Disorder (ADHD), and Epilepsy (Yerys, Jankowski, et al., 2009). In healthy young 

children (e.g., 4-6 years) who can comply with task instructions, the exclusion rate due to head 

motion was up to 40% (Yerys, Jankowski, et al., 2009). Excessive head motion poses even more 

of a limitation for examining functional connectivity, the temporal co-activation of multiple brain 

regions, because even very small movements (e.g., < 1 mm) introduce a systematic bias toward 

underestimating functional connectivity between distant regions (Power et al., 2012; Van Dijk et 

al., 2012). As the primary working hypothesis of some developmental disorders (e.g., ASD) is 

reduced long-distant functional connectivity, use of fMRI for those populations is particularly 

limiting. Second, the MR scanning environment is intimidating for many children. The enclosed 
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nature of the scanning apparatus often produces feelings of claustrophobia, and the loud noise is 

fear-inducing for young children and autistic children with sensory hypersensitivity. Thus, 

despite its robust properties as a neuroimaging modality, fMRI is poorly suited for a large subset 

of pediatric and clinical populations. Thus, it is imperative to develop alternate neuroimaging 

modalities for investigating task-based and functional connectivity research questions. 

Functional near-infrared spectroscopy (fNIRS) is an emerging non-invasive brain 

imaging modality for recording cortical hemodynamic activity. The method projects near-

infrared light through the scalp and records optical density fluctuations resulting from metabolic 

changes within the brain. Similar to fMRI, cerebral blood flow is used as a proxy for neuronal 

activity. Both the spatial resolution and penetration depth of fNIRS are dependent upon the 

distances between light sources and detectors. The result is that the spatial resolution of fNIRS is 

on the order of 2.5-3cm and is capable of imaging depths of 1-2cm (McCormick et al., 1992), 

making it well-suited for imaging cortical regions. This technique is particularly resilient to 

contamination from head motion since the optodes are affixed to the head and thus move with 

the subject. The silent operation and unenclosed scanning environment make fNIRS more 

amenable to subjects that have sensory hypersensitivity or claustrophobia. These qualities of 

fNIRS make it particularly suitable for use with pediatric populations, including those with 

developmental disorders. While fNIRS has been used in functional neuroimaging for almost 30 

years (Ferrari, Giannini, Sideri, & Zanette, 1985), it remains unclear whether fNIRS has the 

requisite sensitivity to serve as an alternative to fMRI. To that end, it is important that fNIRS be 

validated against cognitive phenomena with known neural bases. While fNIRS has potential for 

use with developmental and clinical populations, it is necessary to first validate its sensitivity for 

cognitive processes in healthy adults. Furthermore, in order for fNIRS to be considered as a 
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viable alternative to fMRI for examining developmental disorders, it is vitally important that its 

sensitivity be validated on cognitive processes commonly affected in those disorders. The present 

study examines the sensitivity of fNIRS to changes in cognitive state (e.g., resting to task) and 

task load during working memory, a component process of higher cognition that is disrupted in 

numerous developmental and psychiatric disorders. 

Working memory is a temporary buffer for active maintenance and manipulation of goal-

relevant information that critically depends upon the integrity of prefrontal cortex and its 

connections with posterior brain regions (Miller & Cohen, 2001). fMRI studies have consistently 

shown activation within the dorsolateral prefrontal cortex (dlPFC) and posterior parietal cortex, 

with significant left-hemisphere lateralization in prefrontal cortex for verbal working memory 

tasks (Owen et al., 2005). More specifically, studies have shown that activation in left dlPFC 

scales linearly with working memory load (Braver et al., 1997; Jansma et al., 2000; Veltman et 

al., 2003), indicating load-dependent recruitment of dlPFC. Common manipulations of load in 

verbal working memory tasks involve linear increases in the size or temporal lag of to-be-

remembered information. For example, on the n-back task, letters are presented serially with 

instructions to detect target letters that repeat, successively (low load, termed 1-back) or with 2 

or 3 intervening trials (higher load, termed 2-back and 3-back, respectively). Working memory 

capacity predicts higher cognitive ability indexed by general intelligence (Kane et al., 2005; 

Oberauer et al., 2005) and reasoning (Süß et al., 2002). It increases during development 

(Gathercole et al., 2004) and those age-related increases relate to frontal-parietal white-matter 

maturation (Nagy et al., 2004) and activation (Olesen et al., 2003). Working memory is impaired 

in several developmental disorders (Alloway et al., 2009) and its training improves higher 

cognition, such as reasoning (Jaeggi et al., 2008) and attention in ADHD (Klingberg et al., 2005). 
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Further, training-related changes are reflected in frontal and parietal activation (Olesen et al., 

2004). Thus, working memory is an optimal candidate for validation of fNIRS as it is crucial for 

higher cognition, sensitive to developmental pathology and intervention, and depends upon 

prefrontal and parietal cortices.  

A number of fNIRS studies have examined the effect of varying working memory load on 

activation. The studies have generally found that higher working memory load tends to produce 

greater activation within dlPFC (Ayaz et al., 2012; Hoshi et al., 2003; T. Li et al., 2010; Molteni 

et al., 2012). Further, fNIRS has demonstrated sensitivity to group differences in activation 

during working memory, based on gender (T. Li et al., 2010), ADHD diagnosis (Ehlis et al., 

2008), schizophrenia diagnosis (J. Lee et al., 2008), dopamine receptor genotype (Herrmann et 

al., 2007), and mild cognitive impairment in the elderly (H.-J. Niu et al., 2013). However, no 

fNIRS study has demonstrated dlPFC activation that scales linearly with working memory load. 

As the utility of fNIRS is contingent upon its robustness as an imaging modality, it is important 

to demonstrate that fNIRS is sensitive enough to detect the linear relationship between prefrontal 

activation and working memory load that has been documented with fMRI (Braver et al., 1997; 

Jansma et al., 2000; Veltman et al., 2003). Additionally, no study has examined functional 

connectivity during working memory with fNIRS. Thus, it is unknown whether fNIRS is capable 

of detecting working memory load-dependent changes in functional connectivity. Task-evoked 

functional connectivity measurement by fNIRS, is itself novel with only a handful of studies to 

date (Chaudhary et al., 2011; Hall et al., 2013; Medvedev et al., 2011). 

It is presently not known whether fNIRS is sensitive to changes in cognitive state. 

Sensitivity to changes in cognitive state from drowsy to wakeful to cognitively engaged can be 

detected reliably with scalp-based electroencephalography (Schomer & Da Silva, 2010). Recent 
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fMRI studies have shown how cortical functional networks change as subjects transition from 

resting/awake to cognitively engaged states (Gordon, Breeden, Bean, & Vaidya, 2012; Gordon, 

Stollstorff, Devaney, et al., 2012). Specifically, functional connectivity was greater during 

working memory than rest between dlPFC and inferior parietal cortex (Gordon, Stollstorff, 

Devaney, et al., 2012). State-dependent changes are important to understand as they depend upon 

genetic factors (Gordon, Stollstorff, Devaney, et al., 2012) and can reflect consolidation 

associated with learning (Lewis, Baldassarre, Committeri, Romani, & Corbetta, 2009). Further, 

task-free resting state, itself, is sensitive to individual variation in a variety of affective and 

behavioral traits (Vaidya & Gordon, 2013). Thus, demonstrating that fNIRS is sensitive to 

cognitive state is important to establish its versatility as a tool that is as suitable for the full 

complement of research questions as other neuroimaging modalities.  

Previous investigations have found that resting-state networks can be detected with 

fNIRS (Lu et al., 2010; Mesquita, Franceschini, & Boas, 2010; White et al., 2009; H. Zhang et 

al., 2010; Y.-J. Zhang et al., 2010), and are stable across testing sessions (H. Zhang, Duan, et al., 

2011). Resting-state networks have been shown to be segregated within different frequency 

bands (Sasai, Homae, Watanabe, & Taga, 2011) and correlate with networks detected by 

simultaneous fMRI (Sasai et al., 2012). Graph theory approaches have also been successfully 

applied to resting-state fNIRS (H. Niu, Wang, Zhao, Shu, & He, 2012), demonstrating its 

sensitivity to the topological organization of resting-state networks and that these measurements 

are stable across testing sessions (H. Niu et al., 2013). However, no studies have used fNIRS to 

investigate functional connectivity differences between the resting state and a cognitive task.  

The present study addressed two questions: First, is fNIRS sensitive to load-dependent 

working memory changes in activation and functional connectivity in prefrontal-parietal regions? 
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Second, is fNIRS sensitive to functional connectivity differences between working memory and 

a task-free resting state? Healthy young adult subjects were imaged during a 10-minute task-free 

resting state followed immediately by a verbal n-back task, with three loads, 1-back, 2-back, and 

3-back. I hypothesized that: 1) activation within prefrontal cortex would scale with n-back load, 

2) fronto-parietal functional connectivity would scale with n-back load, and 3) fronto-parietal 

functional connectivity would be greater during task than rest. 

Methods 

Subjects 

Sixteen Georgetown University undergraduates (6 male; 1 left-handed) ages 18 to 24 

years (Mean ± SD = 20.3 ± 1.7) participated in the study for payment. Participants were not 

using psychotropic medication (e.g., stimulants, anti-depressants, anxiolytics) and had no history 

of neurological injury or disease, seizure disorder, or psychiatric diagnosis. All participants 

provided informed consent according to guidelines of the Georgetown University Institutional 

Review Board, which approved the protocol.  

Task Procedure 

fNIRS sessions consisted of a 10-minute resting-state run in which the subjects were 

instructed to close their eyes and remain awake, followed by a 6.5-minute letter n-back task. 

During the n-back task, participants were presented with a series of individual letters and 

instructed to press a button with their dominant hand when the presented letter was the same as 

the one presented n letters ago. Subjects were tested on three blocks of each of the three load 

conditions: 1-back, 2-back, and 3-back. The load condition order was pseudorandomized using a 
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modified Latin square. Each block consisted of 9 trials, each lasting 3000 ms, with the letter 

exposed for 500ms followed by a lag of 2500ms. Each 27-second block was followed by a 14-

second interval of fixation to allow the hemodynamic response to return to baseline. Subjects 

practiced the n-back task prior to the scanning session. 

Imaging Procedure 

Optical signals were recorded on a two-wavelength (690 and 830 nm) continuous-wave 

CW5 imaging system (TechEn, Inc., Milford, MA). Data were collected from detectors in 

parallel at a sampling rate of 41.7 kHz, with each laser modulated at a different frequency to 

allow subsequent offline demodulation and separation of source-detector pairs (i.e., channels). 

The 40 optical channels were comprised of 12 sources and 29 detectors, arranged into 5 probes, 

covering bilateral parietal, bilateral prefrontal, and medial prefrontal cortex. Participants were 

fitted with a 128-channel HydroCel EEG cap (Electrical Geodesics, Inc., Eugene, OR) prior to 

probe placement. The cap provided a consistent frame of reference for positioning optical probes. 

Optode coordinates in 10-20 reference space were estimated by triangulation with the 

three nearest EEG electrodes, using the electrode coordinates provided by the manufacturer. The 

NFRI software package (Singh, Okamoto, Dan, Jurcak, & Dan, 2005) was then used to generate 

interpolation kernels for projection of channel data onto the brain surface, with interpolation only 

taking place between channels on the same probe (Figure 1).  
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Behavioral Data Analysis 

Behavioral data were lost for 2 subjects due to computer malfunction. Subject accuracy 

was computed for each load condition by taking the mean percentage of correct trials. Reaction 

time was computed by taking the mean across correct trials within each load condition. 

Repeated-measures ANOVAs and paired t-tests were performed for both accuracy and reaction 

time. 

fNIRS Preprocessing 

Data were low-pass filtered with a high-order (400) FIR filter at .8 Hz and downsampled 

to 20 Hz. Raw optical density signals were converted to hemoglobin concentration changes using 

the modified Beer-Lambert law (Cope & Delpy, 1988) with the HOMer software package 

(Huppert, Diamond, Franceschini, & Boas, 2009). In order to eliminate scans with low signal-to-

noise ratio, session data were screened for high variability in correlations between neighboring 

 

Figure 1. NIRS probe configuration. 

Upper left panel shows the right parietal and right frontal probes and the upper right panel shows the 

medial frontal probe. Bottom panel is a rendering of estimated channel positions on a template brain. 

Colors indicate the channel sets used for interpolation. 
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channels. Scans with high signal-to-noise ratio were expected to have consistent physiologically-

driven correlations between neighboring channels, while scans with low signal-to-noise ratio 

were expected to have variable noise-driven correlations. Thus, the mean Pearson’s correlation of 

each channel with its two nearest neighbors was computed and subjects having a task or rest run 

with a standard deviation greater than 0.3 were excluded from further analysis. Three subjects 

were excluded in this manner, thus all reported fNIRS results are from N=13. The oxygenated 

hemoglobin signal (oxy-Hb) has previously been shown to correlate with blood flow better than 

the deoxygenated signal (Hoshi, Kobayashi, & Tamura, 2001), thus interpretations focus on the 

oxygenated signal. Results for deoxygenated data are provided in the supplementary materials. 

fNIRS Analysis – Activation 

Channel timecourses were modeled with a general linear model (GLM) in NIRS-SPM 

(Ye, Tak, Jang, Jung, & Jang, 2009). Regressors were generated by convolving the weighted task 

boxcar function with the canonical hemodynamic response function provided by SPM8 (Friston 

et al., 1994). Data were corrected for low frequency drift by detrending using the wavelet-MDL 

algorithm (Jang et al., 2009) and corrected for serial correlations using HRF precoloring 

(Worsley & Friston, 1995) within NIRS-SPM (Ye et al., 2009), according to the 

recommendations of the NIRS-SPM User’s Guide. In order to separate the effects of load-

dependent and load-independent activation, two regressors were generated: 1) a load-

independent regressor in which all n-back blocks were weighted equally, and 2) a load-dependent 

regressor in which each n-back block was weighted by its load (i.e., 1, 2, or 3). Channel-wise 

beta values were estimated and interpolated into voxel space. T-contrasts were then used to 

generate statistical parametric maps of activation for each regressor. A p-value correction for 

multiple comparisons was applied using the Lipschitz-Killing curvature-based Euler 
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characteristic (EC) approach (H. Li, Tak, & Ye, 2012). Activation maps were thresholded at a 

corrected threshold of p<.05. 

fNIRS Analysis – Functional Connectivity 

Load-Dependent. For each n-back load, the individual block timecourses were 

concatenated and the Pearson correlation coefficient was computed between all channel-pairs. A 

Fisher’s r-to-Z transformation was then applied to normalize the variance of the correlation 

values. For each channel-pair, the transformed correlation values were regressed against the 

corresponding n-back load. The t-statistic of the estimated beta value (i.e., the beta value divided 

by its standard error) was used in a one-sample t-test across subjects. Channels were grouped 

into 7 anatomical regions: left/right parietal (P), left/right inferior frontal gyrus (IFG), left/right 

middle frontal gyrus (MFG), and medial frontal (mF). For each region-pair, a one-sample t-test 

was performed on the channel-wise t-statistic against the null hypothesis that the mean channel-

wise t-statistic was less than the corresponding critical value at p<.05. A Bonferroni correction 

was applied to the region-wise p-values to control for multiple comparisons. The final 

significance threshold was set at p<.05. 

State-Dependent. In order to mitigate the influence of activation on the state-wise 

functional connectivity comparison, activation was regressed from the n-back fNIRS data. A 

GLM was created in NIRS-SPM with each load-level as a separate regressor. This GLM was 

necessary in order to remove non-linear load effects that would not be captured by the stricter 

GLM used in the activation analyses. The residuals from the estimation were then used in the 

connectivity analyses. Resting-state and n-back timecourses were trimmed to equal durations. As 

fMRI studies have primarily found functional resting-state networks in the .01-.10 Hz frequency 
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range, both the resting-state data and n-back data were filtered around this range. This step also 

made the n-back and resting-state datasets comparable by removing the high-frequency task-

evoked effects while retaining the low-frequency changes in intrinsic connectivity induced by the 

switch from rest to task. To this end, a band-pass Fourier filter was applied using the publicly 

available iFilter script for Matlab (Filter parameters: center=23, width=23, shape=4; 

corresponding to a pass-band of approximately .01-.10 Hz). Regression of activation and band-

pass filtering were not applied in the load-dependent functional connectivity analysis, as different 

n-back loads are directly comparable and high-frequency task-evoked effects (including 

activation) make an interpretable contribution to load-dependent changes in functional 

connectivity. The Pearson correlation was computed between all pairs of channels and Fisher’s r-

to-Z transformation was applied. For each channel-pair, a paired t-test (n-back > rest) was 

computed across subjects. For each region-pair, a one-sample t-test was performed on the 

channel-wise t-statistic. A Bonferroni correction was applied to the region-wise p-values to 

control for multiple comparisons. The p-value threshold was set at p<.05. 

Results 

Task Performance 

One-way repeated-measures ANOVA with Greenhouse-Geisser correction revealed a 

main effect of load on accuracy (F(1.768, 17.677) = 4.043, p < .05). Paired t-tests indicated that mean 

accuracy for 1-back (98.7% ± 1.9%) and 2-back (98.3% ± 3.0%) were near ceiling and did not 

differ (Figure 2A). Accuracy for the 3-back (94.6% ± 4.8%) condition was significantly lower 

than the 1-back (t(10) = 2.292, p < 0.05) and the 2-back (t(10) = 2.236, p < 0.05). 
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One-way repeated-measures ANOVA with Greenhouse-Geisser correction revealed a 

main effect of load on reaction time (F(1.272, 12.722) = 7.697, p < .05). Paired t-tests indicated that 

1-back (559 ± 106 ms) was performed faster than the 2-back (665 ± 218 ms), t(10) = 2.423, p < 

0.05, and the 3-back (800 ± 207 ms), t(10) = 4.513, p < 0.005, while the 2-back and 3-back did 

not differ (Figure 2B).   

 

Load-Dependent Activation 

Load-dependent oxy-Hb activation was significant in bilateral dorsolateral prefrontal 

cortex (Figure 3), showing that the engagement of these regions increased linearly as working 

memory load increased from 1-back to 3-back trials on the verbal n-back task. Activation for the 

load-independent regressor, in which all blocks were weighted equally, did not survive 

 

 

Figure 2. Effect of n-back load on performance. 

The effect of n-back load on accuracy (A) and reaction time (B) in shown. The 3-back load condition had 

significantly lower accuracy than 1-back and 2-back conditions (A). Reaction times for the 1-back 

condition were significantly faster than 2-back and 3-back (B). 
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correction. 

 

Load-Dependent Functional Connectivity 

Oxy-Hb functional connectivity increased with increasing n-back loads: 1) between 

hemispheres for parietal cortex, lP-rP, and frontal cortex, lIFG-rIFG, lMFG-rMFG, lMFG-rIFG; 

2) between frontal and parietal regions within the left (lP-lMFG) and right (rP-rMFG) 

hemispheres, across hemispheres (lP-rMFG, rP-lMFG), and between parietal and medial frontal 

cortex (rP-mF, lP-mF); 3) between adjacent regions in frontal cortex, lIFG-lMFG, rIFG-rMFG, 

mF-lMFG, mF-rMFG; and 4) within all regions: lP, rP, lIFG, rIFG, lMFG, rMFG, mF (Figure 4A 

and Figure 4B). 

 

Figure 3. Increases in activation with increasing working memory load. 

Load-dependent activation is seen in bilateral prefrontal cortex, with greater activation in left hemisphere. 

p<.05, EC-corrected. 
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State-Dependent Functional Connectivity 

Oxy-Hb functional connectivity increased from the resting-state run to n-back task: 1) 

between frontal and parietal regions in left, lP-lIFG, and right, rP-rIFG, hemisphere, and across 

hemispheres, lP-rIFG and rP-lIFG; and 2) between adjacent frontal regions, lMFG-mF (Figure 

5). In contrast, Oxy-Hb functional connectivity decreased from the resting-state run to the n-back 

task: 1) between homologous frontal regions: lIFG-rIFG, lMFG-rIFG; 2) within frontal regions: 

mF, rIFG; and 3) between parietal and medial frontal regions: rP-mF. Thus, task-engagement 

increased functional connectivity between frontal and parietal cortex, and between medial and 

left frontal cortex, while reducing functional connectivity bilaterally, within frontal cortex, and 

across right parietal to medial frontal cortex.  

 

Figure 4. Load-dependent functional connectivity matrices. 

Functional connectivity is shown both channel-wise (A) and region-wise (B). Warm colors denote a load-

dependent increase in functional connectivity, while cool colors denote load-dependent decrease in 

functional connectivity. 
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Discussion 

The present study addressed two questions: 1) whether fNIRS is sensitive to load-

dependent working memory changes in activation and functional connectivity in prefrontal-

parietal regions, and 2) whether fNIRS is sensitive to functional connectivity differences between 

a working memory task and a task-free resting state. Activation was found to increase linearly 

with working memory load in bilateral PFC. Functional connectivity increased with working 

memory load between frontal and parietal regions, between hemispheres for homologous frontal 

and parietal regions, and locally (i.e., within regions and between adjacent regions). Change in 

cognitive state, from resting to working memory, changed functional connectivity such that it 

increased in fronto-parietal connections but decreased in inter-hemispheric frontal connections. 

These results collectively demonstrate that fNIRS detected functional neural changes associated 

with modulation of cognitive load and state in frontal and parietal cortices. Working memory 

load-dependent activation increased linearly in bilateral dorsolateral prefrontal cortex, with 

 

Figure 5. State-dependent functional connectivity matrices. 

Functional connectivity matrices are shown both channel-wise (A) and region-wise (B). Warm colors 

denote connections where functional connectivity was greater during the n-back than at rest, while cool 

colors denote greater connectivity at rest. 
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stronger activation in the left hemisphere. This load-dependent prefrontal activation is consistent 

with previous fMRI findings (Braver et al., 1997; Jansma et al., 2000; Veltman et al., 2003). 

Braver et al. (1997) used a verbal n-back with loads of 0-, 1-, 2-, and 3-back and found load-

dependent activation in bilateral MFG and left IFG. Jansma et al. (2000) used a spatial n-back 

task with loads 0-, 1-, 2-, and 3-back and found load-dependent activation in bilateral 

dorsolateral PFC and parietal cortex. Veltman et al. (2003) used a verbal n-back with loads of 0-, 

1-, 2- and 3-back and found load-dependent activation in bilateral dorsolateral PFC, left 

ventrolateral PFC, and left parietal cortex. Although found in previous studies, parietal activation 

did not survive corrected threshold in the present study.  Relative to frontal cortex, parietal 

activation may be weakly detected by fNIRS if it is localized within deep regions of cortex (e.g. 

sulci rather than gyri) or if the scalp-to-cortex distance is higher. Previous fNIRS studies using a 

verbal n-back task examined load effects in a pairwise manner: subtracting the mean signal 

change of 1-, 2-, and 3-back each from 0-back (Hoshi et al., 2003), comparing mean signal 

change of 1-, 2-, and 3-back in an ANOVA (T. Li et al., 2010), and using a GLM to compare 1-, 

2-, 3-back each with 0-back and baseline (Molteni et al., 2012). The present study is the first to 

use fNIRS to test for linear increases of activation spanning multiple working memory loads. As 

optode coverage was limited to prefrontal, parietal, and anterior medial frontal regions, it is 

unknown whether other regions such as visual or temporal cortices were also sensitive to load-

related increase. Establishing the sensitivity of fNIRS to prefrontal load-dependent modulation 

provides a useful tool for detecting both immature and disordered functional anatomy underlying 

higher order cognition. Working memory capacity predicts a variety of higher cognitive 

functions including reading ability (Swanson & Jerman, 2007), reasoning and problem solving 

(Süß et al., 2002), and general intellectual function as indexed by IQ (Kane et al., 2005; 
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Oberauer et al., 2005). Prefrontal response to working memory demands depends upon 

dopaminergic activity (Aalto, Brück, Laine, Någren, & Rinne, 2005; McNab et al., 2009). 

Therefore, a load-dependent working-memory fNIRS probe is likely to be a useful tool in 

detecting disturbances in prefrontal functioning supporting higher cognition. 

Functional connectivity was found to increase with working memory load between 

frontal and parietal regions, between hemispheres for homologous frontal and parietal regions, 

and locally (i.e., within regions and between adjacent regions). This finding supports the view 

that working memory is supported in a load-dependent manner by communication between 

prefrontal and parietal cortices, as well as between hemispheres. Notably, fronto-parietal 

functional connectivity increased with load for MFG, but not IFG. These findings are in accord 

with previous fMRI research showing load-dependent functional connectivity between 

contralateral and ipsilateral prefrontal and parietal regions, with stronger parietal connectivity 

with dorsolateral PFC than with ventrolateral PFC (Narayanan et al., 2005). This is the first 

demonstration of fNIRS sensitivity to functional connectivity changes related to working 

memory load, establishing the utility of fNIRS for probing task-evoked functional connectivity. 

It is of particular importance that fNIRS be shown to have sensitivity to load-related changes in 

functional connectivity, as this may allow functional connectivity to serve as a proxy for 

structural connectivity in those who cannot be imaged with traditional methods. Structural brain 

connectivity is typically assessed using Diffusion Tensor Imaging (DTI), an MRI technique that 

estimates the integrity of white-matter tracts. The reliance upon MRI precludes its use with a 

large subset of the developmental and clinical populations. This is particularly troublesome for 

developmental disorders such as ASD, which are associated with disruptions in connectivity 

(Courchesne & Pierce, 2005; Just et al., 2012). While fNIRS does not provide structural 
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information directly, functional connectivity may provide indirect structural information. 

Functional connectivity depends, at least in part, upon the quality of structural connections 

between regions, and previous fMRI work has shown that functional connectivity predicts white 

matter integrity (Gordon et al., 2011). By measuring the relative changes of functional 

connectivity across varying task loads, the strength of the underlying structural connections may 

be estimated. In this way, fNIRS could prove to be a valuable tool for assessment of brain 

connectivity in populations that cannot currently be reached by DTI. However, fNIRS must first 

be capable of detecting connectivity differences across workloads. The present demonstration 

that fNIRS is sensitive to changes in functional connectivity resulting from working memory 

load provides further support for the potential of fNIRS in this domain. 

The flexible engagement and disengagement of cognitive resources for serving current 

goals is the hallmark of mature cognition. Set-shifting, the ability to switch between response 

sets, is a form of cognitive flexibility that continues developing through early adulthood (Kalkut, 

Han, Lansing, Holdnack, & Delis, 2009). Furthermore, set-shifting is impaired in developmental 

disorders of executive function such as ASD (Maes, Eling, Wezenberg, Vissers, & Kan, 2011). 

Therefore, this form of flexibility is a vulnerable component of executive function. I reasoned 

that the simplest case of such flexibility is the transition from a resting to a task-performing state 

- the resting state can be thought of as one of unconstrained attention (as subjects are told to not 

think of anything in particular but to stay awake) when contrasted with n-back performance 

where attention has to be constrained to evaluating letters for n-back targets. fMRI studies show 

that fronto-parietal functional connectivity becomes stronger as subjects transition to a task from 

being at rest, and most importantly, individual variation in the magnitude of state-related 

functional connectivity changes predicted attentional function in everyday life (Gordon, Breeden, 
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Bean, et al., 2012; Gordon, Stollstorff, Devaney, et al., 2012). Here, I found that increased 

fronto-parietal functional connectivity was accompanied by reduced interhemispheric frontal 

connectivity, as subjects transitioned from rest to the task. A task-related decrease in functional 

connectivity between homologous prefrontal regions may be the result of a task-related increase 

of functional lateralization. Activation was stronger in the left hemisphere, a common finding in 

verbal working memory paradigms (Owen et al., 2005). It stands to reason that an unconstrained 

resting state may have greater inter-hemispheric connectivity than a task that places demands on 

functions that are strongly lateralized. These changes were not driven by load-related variability 

in functional connectivity, because loads were regressed out. In children with connectivity 

abnormalities, such as those with ASD, state-related changes in functional connectivity 

suggested lack of engagement of task-selective circuitry and predicted variability on inattention 

symptoms among school-aged children (You et al., 2013). Thus, the availability of an accessible 

imaging modality that is sensitive to state-related changes in functional communication will be 

useful for investigation of both normal and disordered cognition. This demonstration of the 

sensitivity of fNIRS to cognitive state is an important step toward measuring cognitive 

flexibility. 

The present findings need to be considered in the context of the following 

methodological issues: First, while fNIRS has excellent temporal resolution and resilience to 

artifacts arising from head motion, the spatial resolution is inferior to fMRI. Although fitted EEG 

caps were used to position NIRS probes in reference to standard 10-20 coordinates, the location 

of channels with respect to underlying brain regions could not be independently verified. These 

factors make precise localization of fNIRS signals particularly difficult. However, the spatial 

resolution of fNIRS is low enough (2-3 cm) that these relatively small imprecisions should have 
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only a minimal impact on the results. Second, while the medial frontal channels are likely to 

overlap with frontopolar cortex, there is some difficulty in interpretation due to greater depth of 

cortex as it approaches the medial longitudinal fissure. Thus, medial frontal channels may have 

covered regions where cortex was further from the scalp, potentially weakening the signal 

relative to lateral prefrontal cortices. Third, while the deoxygenated hemoglobin signal tended to 

show similar patterns of activation (Supplementary Figure 1) and functional connectivity 

(Supplementary Figures 2 and 3) to the oxygenated signal, the patterns were not identical. The 

most pronounced difference was that the deoxygenated signal did not show load-dependent and 

state-dependent fronto-parietal functional connectivity. Given that task-evoked influx of 

oxygenated hemoglobin far outpaces oxygen metabolism, it is not surprising that the oxygenated 

hemoglobin signal is more robust than the deoxygenated signal. Further, deoxygenated 

hemoglobin signal tends to have lower signal-to-noise ratio than oxygenated, due in part to lesser 

tissue penetration of the short-wavelength light associated with deoxygenated signal. However, it 

is not clear why this difference between oxygenated and deoxygenated is qualitatively different 

for fronto-parietal functional connectivity. One possibility is that the deoxygenated signal is 

more sensitive to the aforementioned difficulties of imaging the parietal cortex. Despite these 

limitations, our findings show some useful attributes of prefrontal-parietal functioning, 

specifically sensitivity to working memory load and cognitive state. This sensitivity makes 

fNIRS a useful imaging modality for a large segment of children and adults who cannot be 

reached by fMRI. As this field matures, some consensus will emerge regarding data processing 

steps and parameter choices that ought to make it possible to compare results across studies more 

reliably.  



 

34 

In sum, this study demonstrates the utility of fNIRS for detection of activation and 

functional connectivity related to cognitive load and state. These findings are particularly 

important as they provide a basis for the use of fNIRS as an alternative to fMRI in studies of 

executive function, particularly in pediatric and clinical populations that are not amenable to 

fMRI. Working memory is an important domain in this regard, as it develops over the course of 

childhood and adolescence and is subverted in developmental disorders. This study is the first to 

show that fNIRS has the requisite sensitivity to detect activation and functional connectivity that 

increase linearly with increasing working memory load, and one of the first to demonstrate that 

fNIRS can reliably detect differences related to cognitive state (e.g., rest versus task). In order for 

fNIRS to be adopted for widespread use, it is vital to first demonstrate its sensitivity to activation 

and functional connectivity during cognitive processes of interest.   
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CHAPTER III. METHODOLOGICAL DEVELOPMENTS 

Introduction 

In preparation for the ASD study, I shifted focus from signal quality to subject comfort, 

as these children are generally much more sensitive to tactile input. With this restriction in mind, 

I acquired soft fabric caps to replace the hard plastic probes I had been using to attach the 

optodes to the heads of the adult subjects. While this resulted in a marked increase in comfort 

and reduction in set-up time, it also dramatically reduced the signal-to-noise ratio of the collected 

data, due to poor contact between scalp and optode. Additionally, subject head motion became an 

issue when previously it had not been a factor. Children exhibit more head motion than adults, 

and ASD children exhibit more than TD (Yerys, Jankowski, et al., 2009), and the differences 

have been shown to have an impact on functional connectivity results (Power et al., 2012; Van 

Dijk et al., 2012). Compounding this problem was that the newly acquired caps were attached 

less tightly to the head, thereby increasing the likelihood of the caps slipping and the optodes not 

maintaining contact with the same location. For these reasons, an overhaul of the processing 

pipeline became necessary, resulting in three major methodological developments involving 

artifact correction, channel-to-cortex interpolation, and correction for multiple comparisons. 

Motion Artifact Correction 

During the course of analyzing these data, deficiencies in the common artifact-correction 

methods became apparent. There are two main types of artifacts: spikes and baseline shifts 

(Figure 6). Spikes consist of relatively slow but transient increase and decrease, lasting no longer 

than a few seconds. Spikes generally reflect motion of the subject’s head and most artifact-

correction algorithms do reasonably well with removing them. Additionally, filtering and 
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activation analyses tend to be relatively insensitive to their presence. Baseline shifts are rapid (< 

20 ms) changes in the mean signal, which may either be permanent or eventually return with an 

opposite shift. This type of artifact is related to a semi-permanent change in the amount of light 

received by the detector, which may be caused by a change such as hair displacement or optode 

shifting that alters the angle of incidence – and thus path length – of the light. Baseline shifts are 

particularly troubling as most motion-correction methods do not cope with them well. 

Additionally, filters will smear the shift across a long length of time, and their presence has a 

profound effect on the result of activation analyses. 

 

Of the extant artifact-correction methods, only the Movement Artifact Reduction 

Algorithm (MARA) technique (Scholkmann, Spichtig, Muehlemann, & Wolf, 2010) is capable 

of dealing with baseline shifts reasonably well. Specifically, this method evaluates the temporal 

derivative of short (typically 0.5 s) time windows for changes in amplitude or standard deviation 

that exceed a specified threshold. Regions of time surrounding a detected artifact (typically 1.0 s) 

are masked and the artifact is approximated with a smoothing spline, which is subtracted out to 

give the motion-corrected signal. While this method often performs well, it has two major 

shortcomings: 1) the use of a fixed threshold does not take into account subject- and channel-

specific differences in signal quality, and 2) the fixed threshold can sometimes detect only one 

 

Figure 6. Examples of the two main types of artifacts. 

Shown above are a spike (A) and baseline shift (B). 
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half of a spike as being artifact, such that correcting one half of the spike introduces a baseline 

shift.  

With these limitations in mind, I developed an artifact-correction method that adjusts 

values based on their magnitude rather than employing a hard cutoff. The procedure works as 

follows: 1) Compute the temporal derivative of the signal. 2) Determine the desired distribution 

of the artifact-corrected derivative. Artifacts create heavy tails, which bias the distribution 

estimation towards larger variance (Figure 7A). To compensate, extreme values are capped by 

performing 90% winsorization (setting the smallest and largest 5% of values equal to the 

smallest and largest remaining value, respectively), giving a better estimate of the distribution 

(Figure 7B). The target distribution of the corrected derivative is then estimated by fitting a 

normal distribution to these winsorized derivative values. 3) Generate the corrected derivative 

based on the target distribution (Figure 8A).  To do so, the original non-winsorized derivative 

values are ranked by magnitude, and their corresponding output values are determined based on 

the expectation from the inverse cumulative density function of the distribution (Figure 7C). 4) 

Integrate the corrected derivative to yield the corrected signal (Figure 8B). This method reduces 

artifacts in a way that is proportional to their magnitude, thus avoiding the pitfalls resulting from 

the use of a fixed threshold. 

While this method is effective at removing artifacts, it comes with a few limitations. 

First, the presence of high-frequency noise dramatically reduces the effectiveness of the 

procedure. High-frequency oscillations increase the average magnitude of the temporal 

derivative, biasing the distribution estimate such that artifacts are much closer to the mean and 

therefore subject to smaller correction. Second, the procedure is prone to introducing low-

frequency drifts. Artifacts are often asymmetric, with larger effect in either the positive or 
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negative direction. This asymmetry is not preserved in the correction, causing one direction to be 

corrected more than the other, thereby introducing a drift toward whichever side was corrected 

more. The third and final problem is that this procedure is only effective for fast changes. This 

makes it very effective for baseline shifts and fast spikes, however slower spikes may remain. 

Fortunately, the first two problems are easily addressed. To compensate for the presence 

of high-frequency noise, I separate the signal into a low-frequency (< 1 Hz) and high-frequency 

(> 1 Hz) components. While artifacts occur over very short time-scales, they nonetheless reside 

in low frequency bands. For instance, a signal that contains a baseline shift consists of an “up” 

and “down” state, which can be approximated with a sine wave that has a period around double 

the length of the time series. Thus, baseline shifts are very low-frequency phenomenon, and the 

motion correction can be applied exclusively to the low-frequency portion of the signal. To 

address the introduction of drift during correction, I apply a high-pass filter to the artifact-

corrected signal. In my specific implementation, the procedure is as follows: 1) Obtain low-

frequency component by applying a low-pass Butterworth filter with cutoff of 1 Hz and filter 

order of 3. 2) Calculate the high-frequency component by subtracting the low frequency 

component from the original signal. 3) Apply artifact correction to the low-frequency 

component. 4) Remove drift from the artifact-corrected low-frequency component by applying a 

high-pass filter (a Butterworth filter with cutoff of .01 Hz and filter order of 5 is sufficient to 

remove drift without affecting hemodynamic signals). 5) Add the artifact-corrected low-

frequency component back to the high-frequency component to get the corrected signal. The 

final problem of slow spikes not being removed can be addressed by a following up with a spike-

focused method, such as wavelet-based motion artifact removal (Molavi & Dumont, 2012). 
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Figure 7. Procedure for calculating the target distribution for the corrected derivative. 

Uncorrected derivatives have heavy tails leading to poor fitting of normal distribution (A). Winsorization of 

the values improves the fit (B). Corrected derivative values are generated according to the target 

distribution (C). 

 

Figure 8. The result of artifact correction. 

The effect is shown for both the temporal derivative (A) and integrated signal (B). 
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Channel-to-Cortex Interpolation 

The common procedure employed by both NIRS-SPM (Ye et al., 2009) and the SPM for 

fNIRS Toolbox (Tak, Uga, Flandin, Dan, & Penny, 2016) for interpolating channel-wise 

activation values and projecting them onto the brain surface has several major limitations. The 

method independently evaluates 6 separate views of the brain (frontal, occipital, left, right, 

dorsal, and ventral), performing linear interpolation between the channels shown in that view. 

This method is problematic in a number of ways: First, linear interpolation is not robust against 

low-signal channels. If an area of activation contains a bad channel, linear interpolation will 

preserve the bad channel, simply creating steep gradients between the bad channel and good 

channels. Second, the activation patterns are prone to biologically-implausible visual artifacts 

such as sharp angles and lines. Third, since the interpolation is performed independently for each 

view, there is often disagreement regarding the presence and shape of activation shown in 

different views (Figure 10A).  

The method I developed works around these issues by projecting channel data onto a 

single 3-dimensional cortical surface template. Specifically, channel locations are registered to 

the Colin brain template (Figure 9A) using the AtlasViewer application provided in the Homer 2 

package (Huppert et al., 2009). All voxels in the head volume are then assigned the value of the 

nearest channel (Figure 9B). A 3-dimensional Gaussian smoothing filter is then applied (Figure 

9C). Finally, only the values of vertices within the cortical mesh, which were less than 2 cm from 

a channel are estimated through linear interpolation of the smoothed voxel values. Since this 

process is relatively computationally intensive, an interpolation kernel with dimensions (# of 

channels) x (# of vertices) is produced by iteratively calculating each row by running the above 

procedure with one channel set to 1 and all others set to 0. In this way, the resulting matrix can 
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efficiently be multiplied by a vector of channel values to yield the vector interpolated vertex 

values. With this procedure, the shortcomings of the extant method are avoided. The smoothing 

filter mitigates the effect of bad channels by washing out sharp discontinuities. Similarly, 

individual differences in channel placement relative to brain features are also smoothed out –

requiring only that activation patterns have some overlap, not necessarily a direct mapping. The 

resulting activation patterns are naturally always continuous and since the values are being 

estimated only once in 3-dimensional space, there is always agreement regardless of the view of 

the brain (Figure 10B). 

 

 

Figure 9. Visualization of the interpolation procedure. 

Channel locations were estimated relative to the cortex (A), cortical mesh vertices were assigned the 

value of the nearest channel (B), then a spatial smoothing filter was applied (C). 
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This approach comes with a limitation worthy of consideration. Namely, that smoothing 

data in this way will reduce the magnitude of activation, as non-activating regions (either due to 

bad channels or truly not activating) are mixed with those that are activating. However, in our 

testing this does not appear to have a detrimental effect on group-level statistics, possibly due to 

the smoothing of inconsistencies across channels – thereby reducing the variance across subjects. 

Correction for Multiple Comparisons 

The final challenge was the lack of a suitable p-value correction for multiple comparisons 

in the SPM for fNIRS toolbox. Such correction is important because after interpolation, there are 

over 10,000 vertices being evaluated in every statistical test. However, these vertices are highly 

correlated due to 1) the sparse sampling provided by our optodes, 2) the smoothing step during 

 

Figure 10. Comparison of interpolation methods. 

Activation from a typically-developing child for the 2-back > 0-back contrast, rendered using both the SPM 

for fNIRS toolbox (A) and our method (B). Only the former produces inconsistencies between views, 

sharp activation angles, and line artifacts. 
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interpolation, and 3) the natural smoothness of the underlying activation. Thus, traditional 

family-wise error rate (FWER) and false discovery rate (FDR) methods are both overly 

conservative. By default, SPM estimates the smoothness of the data to use in a FWER correction. 

However, I find that this correction is overly conservative for fNIRS data. Our testing revealed 

that the FWE correction in SPM resulted in the numeric equivalent of a Bonferroni correction 

factor of >100, which is far greater than the total number of channels in the dataset. 

The most obvious solution is to reduce the dimension of the interpolated activation maps 

(Figure 11) and perform statistical tests on each component – rather than each vertex – leading to 

far fewer tests and therefore, less conservative p-value corrections. However, direct application 

of that approach is problematic due to the mixing of the test statistics during projection back to 

the original space (e.g., test statistics from significant and insignificant components are mixed 

together) and the loss of precision from the dimension reduction process itself. To work around 

these issues, I estimate the intrinsic dimension of the data (equivalent to the number of 

components, labelled “C” in Figure 11) and simply use this value as the correction factor in 

existing FWER and FDR correction methods. 

 

 

Figure 11. Dimension reduction of activation maps. 

The input matrix consisting of activation maps is decomposed to a set of reduced maps and a mapping 

matrix for projecting the reduced maps back to the original space. 
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Specifically, the individual interpolated contrast beta maps are concatenated end-to-end 

to produce a matrix with dimensions: (# of subjects & contrasts) x (# of vertices). I then use the 

Maximum Likelihood Estimation (MLE) method to estimate the intrinsic dimensionality (Levina 

& Bickel, 2005) of the activation maps, as implemented in the Matlab Toolbox for 

Dimensionality Reduction (van der Maaten, Postma, & van den Herik, 2009). The MLE method 

computes the distance between each dimension and a small number of its nearest neighbors, and 

uses this information to derive the intrinsic dimension. This estimated intrinsic dimension can 

then be used as a scaling factor in FWER and FDR procedures, in place of where the total 

number of tests would typically be used. In the Bonferroni correction, the null hypothesis is 

rejected when 𝑃 ≤  
∝

𝑚
 , where m would typically be total number of tests being performed (e.g., 

the number of vertices). Here, I use the intrinsic dimension of the data for m to achieve a more 

reasonable correction. This can be reformulated as applying a correction factor of  
𝑑

𝑣
 to m, where 

d is the intrinsic dimension of the data and v is the number of vertices. In other words, the 

correction can be expressed as 𝑃 ≤  
∝

𝑑
. For FDR correction, the p-values are sorted and the null 

hypothesis is rejected when 𝑃𝑘 ≤  
∝

𝑚−𝑘+1
 , where k is the index of the p-value and both m and k  

are scaled by  
𝑑

𝑣
. The variable m is scaled for the same reasons as in the Bonferroni correction. 

The variable k is correspondingly scaled keep the denominator in the range of 1 to m. Therefore 

the FDR correction can be reformulated as 𝑃𝑘 ≤  
∝

𝑑−𝑘(𝑑/𝑣)+1
. Thus, I apply standard p-value 

correction procedures but simply rescale them to correct for the number of independent 

activation regions rather than the total number of tests.  

The accuracy of this method depends on the success of estimating the intrinsic dimension 

of the data. I find that our activation data interpolated from 60 channels typically produces 
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correction factors in the range of 9-13. In all cases, this was a few times greater than the number 

of separate activating regions and thus seems to be a reasonable correction factor. 

In conclusion, I developed 3 methods in the preprocessing and analysis of fNIRS data: an 

algorithm for shrinking artifacts arising from head motion, a procedure for smoothing and 

projecting channel values onto a template cortical surface, and method for correcting p-values for 

multiple comparisons. With these 3 methods, I can improve the quality of preprocessed data and 

achieve greater power in statistical analyses than was previously possible. I used these methods 

in the following study examining working memory load-dependent activation and cognitive 

state-dependent functional connectivity in children with and without ASD.  
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CHAPTER IV: ATYPICAL WORKING MEMORY LOAD-DEPENDENT ACTIVATION AND STATE-

DEPENDENT FUNCTIONAL CONNECTIVITY IN CHILDREN WITH AUTISM SPECTRUM DISORDER 

Introduction 

Due in part to its high spatial resolution and lack of need for contrast injection or ionizing 

radiation, functional magnetic resonance imaging (fMRI) has become the primary neuroimaging 

modality for cognitive neuroscience. However, fMRI has several limitations that limit its use in 

imaging young children and those with developmental disorders. The first problem is that subject 

head motion leads to imaging artifacts. This problem is exacerbated by the relatively low 

temporal resolution fMRI and the minimal constraint on head mobility in the scanning apparatus. 

Offline motion correction algorithms are effective for small movements, but larger movements 

necessitate subject exclusion, requiring oversampling as high as 30% in children with disorders 

such as Autism Spectrum Disorders (ASD), Attention Deficit Hyperactivity Disorder (ADHD), 

and Epilepsy (Yerys, Jankowski, et al., 2009). Even in healthy young children (e.g., 4-6 years) 

who can comply with task instructions, the exclusion rate due to head motion was up to 40% 

(Yerys, Jankowski, et al., 2009). Excessive head motion is even more problematic for examining 

functional connectivity, the temporal co-activation of multiple brain regions, because even very 

small movements (e.g., < 1 mm) introduce a systematic bias toward underestimating functional 

connectivity between distant regions (Power et al., 2012; Van Dijk et al., 2012). This is 

particularly limiting for investigations of disorders that are believed to be the result of disrupted 

long-range connectivity (e.g., ASD). The second major issue is that the MR scanning 

environment is intimidating for many children. The enclosed nature of the scanning apparatus 

often produces feelings of claustrophobia, and the loud noise is fear-inducing for young children 

and autistic children with sensory hypersensitivity and/or comorbid anxiety. Thus, despite its 
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robust properties as a neuroimaging modality, fMRI is poorly suited for a large subset of 

pediatric and clinical populations. Additionally, the cost of fMRI makes it impractical to use in a 

clinical setting as a diagnostic tool. If investigation of these populations is to move forward, it is 

necessary to develop alternate neuroimaging modalities for activation and functional 

connectivity research questions. 

Functional near-infrared spectroscopy (fNIRS) is an emerging non-invasive brain 

imaging modality for recording cortical hemodynamic activity. The method projects near-

infrared light through the scalp and records optical density fluctuations resulting from metabolic 

changes within the brain. Similar to fMRI, cerebral blood flow is used as a proxy for neuronal 

activity. Both the spatial resolution and penetration depth of fNIRS are dependent upon the 

distances between light sources and detectors. The result is that the spatial resolution of fNIRS is 

on the order of 2.5-3cm and is capable of imaging depths of 1-2cm (McCormick et al., 1992), 

making it well-suited for imaging cortical regions. This technique is particularly resilient to 

contamination from head motion since the optodes are affixed to the head and thus move with 

the subject. The silent operation and unenclosed scanning environment make fNIRS more 

amenable to subjects that have sensory hypersensitivity or claustrophobia. These qualities of 

fNIRS make it particularly suitable for use with pediatric populations, including those with 

developmental disorders. While fNIRS has been used in functional neuroimaging for over 30 

years (Ferrari et al., 1985), it remains unclear whether it is sensitive and robust enough to serve 

as a viable alternative to fMRI in pediatric populations with developmental disorders. To that 

end, it is important that fNIRS be validated within the populations for which the use of fMRI is 

problematic. Furthermore, in order for fNIRS to be considered as a viable alternative to fMRI for 
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examining developmental disorders, it is vitally important that its sensitivity be validated on 

cognitive processes commonly affected in those disorders. 

Current theories of ASD posit that cognitive deficits are mediated by atypical 

communication between brain regions. Investigations of ASD have traditionally focused on 

hallmark symptoms such as impairments in social interaction, communication, and restricted 

interests or repetitive behaviors. However, ASD has also been linked with deficits in executive 

function (EF), which is the planning and execution of goal-directed behavior (Hill, 2004; 

Kenworthy et al., 2008; O’Hearn et al., 2008). Importantly, executive dysfunction correlates with 

restricted interests and repetitive behaviors (Lopez, Lincoln, Ozonoff, & Lai, 2005; Mosconi et 

al., 2009; Yerys, Wallace, et al., 2009) and is predictive of independent functioning outcomes in 

adulthood (Hume et al., 2009). An emerging theory of ASD is that frontal and parietal regions are 

communicating inadequately during social and executive functions (Just et al., 2012). This theory 

is supported by a large number of fMRI studies measuring inter-regional co-activation, or 

functional connectivity, during cognitive tasks (Damarla et al., 2010; Just et al., 2007, 2004, 

Kana et al., 2006, 2009, 2007; Koshino et al., 2005; Mason et al., 2008; Mizuno et al., 2011; 

Mostofsky et al., 2009; Solomon et al., 2009; Villalobos et al., 2005). Studies that have measured 

FC during the absence of a task (i.e., resting-state) have similarly observed reduced frontal-

parietal connectivity (Abrams et al., 2013; Anderson et al., 2011; Assaf et al., 2010; Cherkassky 

et al., 2006; Di Martino et al., 2009, 2014; Dinstein et al., 2011; Gotts et al., 2012; Hagen et al., 

2012; Kennedy & Courchesne, 2008; Monk et al., 2009; Weng et al., 2010). However, there is 

not a consensus on this finding, as several studies have found over-connectivity for both task 

(Keehn et al., 2013; Koshino et al., 2005; Mizuno et al., 2006; Noonan et al., 2009; Shih et al., 
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2010; Turner et al., 2006) and rest (Di Martino et al., 2011, 2014; Keown et al., 2013; Lynch et 

al., 2013; Supekar et al., 2013) states.  

While relatively few studies have compared rest and task states directly, important 

relationships between these states have been identified. The topology of resting-state networks 

has been found to resemble that of various task activations (Smith et al., 2009). Further, regions 

that activate for a given task become more connected to each other during task performance 

(Arfanakis et al., 2000; Hampson et al., 2004; Jiang et al., 2004; Nir et al., 2006), while regions 

in different networks become less connected (Fransson, 2006; Gordon, Stollstorff, Devaney, et 

al., 2012). The evidence suggests that behavior is facilitated by task-specific modulation of 

connectivity between regions within the task-appropriate networks. State-dependent changes in 

inter-network FC have also been shown to correlate with dopamine transporter genotype and trait 

distractibility and impulsivity (Gordon, Stollstorff, Devaney, et al., 2012), demonstrating the 

sensitivity of state-dependent FC in predicting individual differences. Recent evidence has 

suggested that ASD subjects may exhibit atypical modulation of FC with changes in cognitive 

state (Barttfeld et al., 2012; Uddin et al., 2014; You et al., 2013). However, the pattern and extent 

to which ASD subjects may be exhibiting maladaptive recruitment of networks when 

transitioning from a rest to task state remains unclear. 

While functional near-infrared spectroscopy (fNIRS) has great potential as an imaging 

modality for use in developmental subject populations that cannot be reached by fMRI, the 

capability of fNIRS to answer questions in these populations has not been fully established. 

Specifically, it is currently unknown whether fNIRS has sufficient sensitivity to detect 

differences between ASD and TD children in working memory load dependent activation. 

Further, it has not been confirmed that fNIRS can be used to probe cognitive state-dependent FC 
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differences in these populations. To answer these questions, I used working memory as a target 

cognitive process for validation of the sensitivity of fNIRS. 

The present study seeks to answer whether fNIRS is sensitive to differences between 

ASD and TD counterparts in brain activation during working memory, and functional 

connectivity changes between working memory and rest. In addition, I address whether 

differences in brain function correspond with real-world measures of executive functioning, as 

measured by the Behavior Rating Inventory of Executive Function (BRIEF) (Gioia, Isquith, Guy, 

& Kenworthy, 2000). Subjects were imaged during a 10-minute resting scan and a 7-minute 

letter n-back task with three loads: 0-back, 1-back, and 2-back. For activation, I hypothesized 

that: 1) activation within prefrontal cortex would scale with n-back load for both groups, 2) 

prefrontal activation increases would be lower for ASD than TD subjects, and 3) less activation 

would correspond with poorer executive functioning. For functional connectivity, I hypothesized 

that 1) frontal-posterior functional connectivity during rest would be less for ASD subjects than 

TD, and 2) that ASD subjects would be less able to modulate functional connectivity in response 

to the change from rest to task. 

Methods 

Subjects 

Forty-one participants aged 7-15 years (Mean = 11.72, SD = 2.13), 17 with a diagnosis of 

ASD and 24 TD children, participated in the study after complying with consenting guidelines of 

the Georgetown University and Children's National Medical Center (CNMC) Institutional 

Review Boards. Groups were matched for gender (χ2 = 2.51, p < .113), age (t(39) = 0.98, p 

< .331), and full-scale IQ (t(39) = 0.70, p < .491). ASD children were recruited through the 
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Center for ASD at CNMC and TD children were recruited from the Washington, DC area 

through advertisements at public venues and pediatrician offices. See Table 1 for demographic 

information. 

Exclusion criteria included: (1) Full-scale IQ below 80 as measured by the Wechsler 

Intelligence Scale for Children (WISC-IV) or Wechsler Abbreviated Scale of Intelligence 

(WASI); (2) Other neurological diagnosis (e.g., epilepsy) based on parent report; (3) Psychiatric 

diagnosis based on Child and Adolescent Symptom Inventory-4R (Gadow & Sprafkin, 2005) for 

TD children. 5 ASD children were prescribed stimulant medication, which was withheld for at 

least 24 hours before the study. 4 ASD children were prescribed SSRIs. 

ASD classification followed diagnosis by a clinician (Lauren Kenworthy) from 

Children’s National Medical Center based on DSM-V criteria and was confirmed with the 

Autism Diagnostic Observation Schedule, Module 3 (ADOS) (Lord et al., 2000) and Autism 

Diagnostic Interview—Revised (ADI-R) (Lord, Rutter, & Couteur, 1994) following the criteria 

established by the NICHD/NIDCD Collaborative Programs for Excellence in Autism (Lainhart et 

al., 2006). These criteria require that the child meet ADI-R cutoff for autism in the social domain 

and at least one other domain (communication and/or repetitive behaviors and restricted 

interests), or meet the ADOS cutoff for the combines social and communication score.   

Executive Function Parent Questionnaire 

Parents were administered the Behavior Rating Inventory of Executive Function 

(BRIEF), a questionnaire that assesses the child’s executive function in daily life (Gioia et al., 

2000). The BRIEF provides two composite scores, the Metacognition Index (MI) and Behavioral 

Regulation Index (BRI). The MI (consisting of the initiate, working-memory, plan/organize, 
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organization of materials, and monitor sub-scales) indexes the child’s ability to attend to task-

oriented output, plan and organize problem-solving approaches, and sustain working memory, 

whereas the BRI (consisting of the inhibit, shift, and emotional control sub-scales) indexes the 

ability to modulate emotion and behavior through appropriate inhibitory control and shifting 

between task sets, in everyday behavior. On both composites, higher scores index worse abilities. 

Group differences on these indices were assessed using 2-sample t-tests.  

Task Procedure 

fNIRS sessions consisted of a 10-minute resting-state scan followed by a 7-minute n-back 

task. During the resting-state scan, subjects were instructed to stare at a fixation crosshair and to 

Table 1. Participant demographics 

 TD Mean (SD) ASD Mean (SD) P-value 

Gender (M:F) 16:8 15:2 .113 

Age (years) 11.44 (2.23) 12.11 (1.99) .331 

Full-scale IQ 116.16 (12.79) 112.81 (17.74) .491 

BRIEF – Behavior Regulation 43.92 (9.63) 65.65 (9.82) 1.78 x 10-8 

BRIEF – Metacognition 45.46 (10.24) 66.53 (6.40) 4.54 x 10-9 

ADOS – Social – 8.92 (4.41) – 

ADOS – Communication – 2.50 (1.29) – 

ADOS – Restricted/Repetitive Interests – 2.77 (1.54) – 

ADI – Social – 18.45 (5.61) – 

ADI – Communication – 15.73 (4.92) – 

ADI – Restricted/Repetitive Interests – 5.82 (4.28) – 
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try not to think about anything in particular. During the n-back task, participants were presented 

with a series of single consonant letters and instructed to press a button with their dominant hand 

when the presented letter was the same as the one presented n letters ago. Subjects were tested on 

three blocks of each of the three load conditions defined by n=0, 1, and 2 trials, 0-back, 1-back, 

and 2-back blocks, respectively. The load condition order was pseudorandomized using a 

modified Latin square. Each block consisted of 9 trials, each lasting 3000 ms, with the letter 

exposed for 500ms followed by a lag of 2500ms. Each 27-second block was followed by a 14-

second interval of fixation to allow the hemodynamic response to return to baseline, followed by 

a 5-second warning that the next block was about to begin. Subjects practiced two sample blocks 

of each task condition prior to the scanning session. 

Behavioral Data Analysis 

To account for the greater prevalence of non-target trials than targets, balanced accuracy 

(BAC) was used to gauge performance. Balanced accuracy was computed for each load 

condition as the mean of sensitivity and specificity, where sensitivity is 
# 𝑜𝑓 ℎ𝑖𝑡𝑠

# 𝑜𝑓 𝑡𝑎𝑟𝑔𝑒𝑡𝑠
 and 

specificity is 
# 𝑜𝑓 𝑟𝑒𝑗𝑒𝑐𝑡𝑖𝑜𝑛𝑠

# 𝑜𝑓 𝑛𝑜𝑛𝑡𝑎𝑟𝑔𝑒𝑡𝑠
. Reaction time was computed by taking the mean across correct trials 

within each load condition. Repeated-measures ANOVAs and Tukey-Kramer post-hoc tests were 

performed for both accuracy and reaction time. 

Imaging Procedure 

Optical signals were recorded on a two-wavelength (690 and 830 nm) continuous-wave 

CW6 (TechEn, Inc., Milford, MA) imaging system (Figure 12). Data were collected from 

detectors in parallel at a sampling rate of 50 Hz. The 56 optical channels were comprised of 16 



 

54 

sources and 29 detectors that were mounted to elastic fabric caps. The caps were placed on a 

model head phantom alongside an EEG system to determine optode coordinates in standard 10-

20 space. The AtlasViewer program supplied with Homer2 (Huppert et al., 2009) was then used 

to register optode and channel locations to the Colin brain template (Figure 13). Channel values 

were interpolated onto the template cortical mesh by taking vertices of the mesh within 2 cm of a 

channel and assigning it the value of the nearest channel, then applying a 25 mm FWHM 

Gaussian smoothing kernel as outlined in Chapter III. 

  

 

 

Figure 12. Optical system on head phantom. 

 

Figure 13. Optode and channel positions rendered on template brain. 
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fNIRS Preprocessing 

Raw intensity signals were converted to optical density. Spikes and baseline shifts were 

corrected using the Statistical Artifact Correction technique described in Chapter III. Spikes were 

further removed using the wavelet motion correction method (Molavi & Dumont, 2012) with the 

∝𝐼𝑄𝑅 correction factor set to 1.5. To remove high-frequency noise and low-frequency drifts, the 

data were low-pass filtered with a 3rd-order Butterworth filter with cutoff of 0.5 Hz and a 5th-

order high-pass Butterworth filter with cutoff at .01 Hz, then downsampled to 5 Hz. The 

processed optical density signals were then converted to oxygenated hemoglobin concentration 

according to the modified Beer-Lambert law (Cope & Delpy, 1988). The differential path length 

factor (DPF) used in the modified Beer-Lambert Law is known to reflect age-dependent 

differences in the scattering of light by the tissue. Therefore, subject age was used when 

computing the DPF for each wavelength, according to the age-DPF relationship that has been 

previously estimated (Duncan et al., 1996). One subject was excluded due to a software error 

causing stimulus onsets to not be recorded.  

Signal Quality Assessment 

To determine what effect the signal quality may have had on the activation and functional 

connectivity results, signal quality was assessed and compared between groups. Subsequent to 

artifact correction, optical density signals were converted back to intensity and the signal quality 

was estimated. Signal quality was defined for each channel and wavelength as 𝑄 = ln (
𝜇

𝜎
+ 1), 

where ln is the natural logarithm, µ is the mean signal intensity, and σ is the sample standard 

deviation of the signal. Group differences were then evaluated by 2-sample t-test at each channel 

and wavelength. An uncorrected threshold of p < .01 was set for channel exclusion. 
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In order to determine whether the groups contained different levels of head motion, the 

proportion of variance removed by the artifact correction algorithms was quantified. This was 

operationalized as the original uncorrected signal’s variance expressed as the sum of the 

corrected signal variance and the removed artifactual variance: 𝜎𝑢𝑛𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑
2 =  𝜎𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑

2 +

𝜎𝑎𝑟𝑡𝑖𝑓𝑎𝑐𝑡
2 . The proportion of variance removed by the motion correction process was estimated as 

the complement of the ratio of corrected to uncorrected variances, 𝑃 = 1 −  
𝜎𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑

2

𝜎𝑢𝑛𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑
2 . The 

mean was taken across all channels within each wavelength and the group means were compared 

by 2-sample t-test. 

Mean signal quality for each group and the result of the 2-sample t-tests are presented in 

Figure 14. The 830 nm wavelength was generally stronger than 690 nm, especially in posterior 

regions. This was expected, as 690 nm is known to have greater absorbance by hemoglobin 

species than longer wavelengths. No channel differed between groups for either wavelength. 

No difference was found between ASD and TD subjects on the proportion of variance 

removed by motion correction for the 690 nm wavelength (t(38) = -0.992; p < .327) or the 830 

nm wavelength (t(38) = -0.885, p < .382). 
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Load-Dependent Activation 

Task activation was quantified using a general linear model (GLM) approach as 

implemented in SPM12 (Friston et al., 1994) with the SPM for fNIRS toolbox (Tak et al., 2016). 

Regressors were created for each of the task conditions by convolving the condition boxcar 

function with the canonical hemodynamic response function (HRF). Temporal and dispersion 

derivatives of each regressor were included in the model to account for variability in activation 

onset and duration. As there was high inter-subject variability regarding which HRF component 

 

Figure 14. Signal strength at each channel. 

Shown for TD (left), ASD (right) at both the 690 nm (top) and 830 nm (bottom) wavelengths. Group 

differences were found at two channels, though neither was a significant source of activation. T-statistic 

maps were thresholded at p < .05. 
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(e.g., canonical, temporal, dispersion) best captured the response, all components were included 

in each t-contrast. Channel betas for each regressor were then estimated, using HRF precoloring 

(Worsley & Friston, 1995) to correct for serial correlations. Beta values for each contrast were 

interpolated onto the cortical surface by assigning each vertex of the cortical mesh the value of 

the nearest channel, then applying a 3-D Gaussian smoothing filter (as described in Chapter III). 

Interpolated contrast beta maps were then entered into the 2nd-level analysis. In order to assess 

the effect of ASD diagnosis and working memory load on brain activation, a mixed-effects group 

x load ANCOVA was employed using the 1-back and 2-back activation maps, with gender and 

age included as covariates. The 0-back condition was not included, as a 2 (TD, ASD) x 3 (0-, 1-, 

2-back) ANCOVA design was found to be underpowered for these sample sizes. The 0-back 

condition was excluded rather than 1-back or 2-back as it was found to produce the least 

activation. 

There was large variability between subjects in their relative performance on each task 

load. For instance, some subjects would perform well on 0-back and 1-back, but lower on 2-

back, while others would perform well only on 0-back, and still yet others would have 

monotonically decreasing performance with increasing load. To account for this variability in 

task performance profiles, a separate analysis was conducted to assess activation as a function of 

performance. To this end, reaction time was used as an index of cognitive load for the creation of 

subject-specific load-dependent regressors. Specifically, for each subject a load-dependent 

regressor was created by weighting each condition (0-, 1-, and 2-back) by its mean reaction time 

before convolving with the HRF. As only a single contrast was estimated, there was no loss of 

power for including all task conditions, thus 0-back was included along with 1-back and 2-back 

in this analysis. Load dependent activation was estimated for each group and compared between 
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groups by submitting the individual interpolated contrast beta maps to 1-sample and 2-sample t-

tests, respectively. 

To correct for the number of tests being performed across the cortical surface, the 

intrinsic dimensionality estimation method described in Chapter III was employed. Computed t-

maps were thresholded at a FDR-corrected threshold of p<.05. 

Activation-EF Correlations 

To determine the relationship between brain activity as measured by fNIRS, and 

executive functioning in daily life, an activation-EF correlation was calculated. The vertex of 

peak group difference in the activation ANCOVA was identified and the corresponding values 

were extracted from each individual’s t-contrast for the 1-back and 2-back conditions. The 

activation values were then regressed on the Behavioral Regulation Index and the Metacognition 

Index of the BRIEF. To identify outliers, the Cook’s Distance (Cook, 1977) was calculated and 

data points with a Cook’s distance three times greater than the mean were rejected. The Pearson 

correlation coefficient was then computed between the remaining values. This process was first 

performed independently within each group. Then, to assess the relationship across both groups 

while preventing inter-group differences from driving the correlation, the activation and BRIEF 

scores were z-scored within each group before collapsing the groups and examining the 

correlation. 

Load-Dependent Functional Connectivity 

The vertex of the cortical mesh that had the greatest group difference was used as a seed 

for FC analysis. Task effects were removed by taking the residuals from the activation GLM. A 

band-pass FIR filter with an order of 400 and passband of .02-.08 Hz was then applied. The 
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Pearson correlation was computed between the time series extracted from the seed and that from 

all other vertices. Fisher’s r-to-Z transform was applied to the resulting maps. Group differences 

were assessed by 2-sample t-test across all vertices of the cortical mesh. Correction for multiple 

comparisons was performed in the same way as in activation, by treating the transformed 

correlation maps equivalently to activation maps. 

Resting-State Functional Connectivity 

 Resting-state time series were preprocessed as above, then filtered with a band-pass FIR 

filter with an order of 400 and passband of .02-.08 Hz. Previous studies have established that 

the .01-.10 Hz frequency range contains the signals of interest, and this filter follows that 

convention with a small narrowing of the pass-band to account for filter roll-off. Filtered signals 

were then interpolated at each time step onto the cortical mesh as described in Chapter III, 

yielding a [time x vertex] matrix for each subject. Brain regions were identified by temporally 

concatenating all subjects’ z-scored interpolated resting-state time series and performing 

segmentation using a sequential k-means clustering process. Each iteration involved: 1) 

application of k-means clustering to the interpolated group resting-state data, 2) subjective 

assessment of clustering using the criteria of hemispheric symmetry and biologically-plausible 

region boundaries, 3) cluster definitions that were acceptable for any regions were retained and 

the corresponding vertices were removed from consideration in the next round. The process was 

repeated until all vertices of the cortical mesh had been assigned a region. Ultimately, 21 brain 

regions were identified in this way. The resulting region mapping is shown in Figure 15. 

A functional connectivity matrix was then created for each subject by computing the 

Pearson correlation between all pairs of vertices of the cortex surface. Using the region 
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definitions, the region-to-region correlation matrices were estimated by taking the mean 

correlation of all vertex-pairs within the region-pair. Fisher’s r-to-Z transform was then applied 

to the FC from each region-pair. Group differences in resting-state FC were then assessed by a 2-

sample t-test at each region-pair. Region-wise FC matrices were corrected for multiple 

comparisons by taking the lower triangular half of the FC matrix for all subjects and performing 

intrinsic dimension estimation – equivalent to what was done for activation. The estimated 

intrinsic dimension was then used as the scaling parameter in the modified FDR correction. 

 

State-Dependent Functional Connectivity 

In order to prevent task activation from influencing the results of the functional 

connectivity analysis, the residuals from the activation analysis were used in the FC analysis. 

The task residuals were filtered with the band-pass FIR filter (order=400) with passband of .02-

.08 Hz. The vertex-to-vertex and region-to-region FC matrices were then generated in the same 

way as was done for the resting-state data, using the region definitions generated from the 

 

Figure 15. Mapping of regions on to the cortical surface. 

Occ = occipital cortex; pIPS = posterior intraparietal sulcus; pTPC = posterior temporo-parietal cortex; 

aIPS = anterior intraparietial sulcus; aTPC = anterior temporo-parietal cortex; PCL = paracentral lobule; 

vlPFC = ventrolateral prefrontal cortex; dlPFC = dorsolateral prefrontal cortex; aPFC = anterior prefrontal 

cortex; FP = frontal pole; aSPL = anterior superior parietal lobule; pSPL = posterior superior parietal 

lobule. 
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resting-state cluster analysis. Fisher’s r-to-Z transform was applied to both the rest and task 

region-wise FC matrices, which were then submitted to a group (ASD, TD) x state (Rest, N-

back) ANCOVA with age and gender as covariates of no interest. Correction for multiple 

comparisons was performed using the intrinsic dimension as an FDR-correction, as was done for 

the resting-state FC analysis. 

Results 

Executive Function Parent Questionnaire 

ASD subjects had significantly lower scores than TD on both the Behavior Regulation 

Index (t(39) = 7.06, p < 1.78 x 10-8) and Metacognition Index (t(39) = 7.49, p < 4.54 x 10-9) of 

the BRIEF. Group comparisons revealed significant higher (i.e., poorer EF) scores for the ASD 

group on all BRIEF subscales at an FDR-corrected threshold of p < .01, indicating that the 

poorer executive functioning in daily life was not specific to a single subdomain (Table 2). 

Table 2. BRIEF scores 

 TD ASD P-value (FDR-corrected) 

Behavior Regulation Index 43.92 (9.63) 65.65 (9.82) 3.55 x 10-8 

Inhibit 44.00 (11.56) 63.47 (8.91) 1.15 x 10-6 

Shift 44.21 (7.36) 68.24 (12.40) 9.50 x 10-9 

Emotional control 45.33 (9.71) 60.18 (11.34) 6.68 x 10-5 

Metacognition Index 45.46 (10.24) 66.53 (6.40) 1.51 x 10-8 

Initiate 45.88 (9.35) 68.82 (6.79) 1.43 x 10-9 

Working memory 47.46 (10.49) 65.82 (7.20) 3.40 x 10-7 
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Planning 45.38 (10.43) 65.59 (6.23) 3.56 x 10-8 

Organization 48.88 (11.89) 58.24 (8.95) .00924 

Monitoring 42.75 (9.67) 62.00 (7.31) 4.66 x 10-8 

Task Performance 

A Group (ASD, TD) x Load (0-, 1-, 2-back) mixed-effects ANOVA revealed a main effect 

of Load (F(2,76) = 9.479, p < .0003) on accuracy (Figure 16A). A post-hoc Tukey-Kramer test 

showed that 0-back differed from 1-back (p < .03) and 2-back (p < .0008), but 1-back did not 

differ from 2-back (p < .165). No effect of Group was observed (F(1,38) = 2.886, p < .096), but 

there was a trend towards a Group x Load interaction (F(2,76) = 2.832, p < .065). Post-hoc 

analysis revealed that ASD subjects had lower accuracy than TD on the 1-back (t(38) = 2.73, p 

< .010), but not 0-back (t(38) = 0.93, p < .357) or 2-back (t(38) = 0.46, p < .650). Means and SD 

are presented in Table 3. 

A Group (ASD, TD) x Load (0-, 1-, 2-back) mixed-effects ANOVA revealed a main effect 

of Load F(2,74) = 8.117, p < .0007) on reaction time (Figure 16B). A post-hoc Tukey-Kramer 

test showed only a difference between 0-back and 2-back (p < .0004). No effect of Group 

(F(1,37) = 0.038, p < .847), and no Group x Load interaction (F(2,74) = 0.013, p < .987) were 

observed.  
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Load-Dependent Activation 

A main effect of group was found in right MFG (Figure 17A). A main effect of load was 

found in left IFG and right parietal cortex (Figure 17B). No regions showed a group x load 

interaction or significant effect of either the age or gender covariates. Post-hoc analysis collapsed 

across loads revealed that ASD subjects had less activation in right MFG than TD subjects 

(Figure 18A). Comparison between loads revealed that 2-back had greater left IFG and less right 

Table 3. Accuracy and reaction time 

 Accuracy (balanced % correct)  Reaction time (ms) 

 TD 

Mean (SD) 

ASD 

Mean (SD) 

P-value  TD 

Mean (SD) 

ASD 

Mean (SD) 

P-value 

0-back 97.6 (4.29) 96.3 (4.55) .357  556 (116) 581 (138) .555 

1-back 97.2 (5.16) 87.3 (16.27) .010  615 (178) 619 (180) .948 

2-back 89.4 (13.42) 87.4 (15.43) .650  674 (249) 687 (182) .861 

 

Figure 16. N-back performance by group. 

Both groups were significantly less accurate (A) and slower to respond (B) in 2-back than 0-back. 

Asterisks signify significance at p < .01. 
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parietal activation compared to 1-back (Figure 18B). Maps of mean activation for each group 

and condition are shown in Figure 19. 

 

  

 

Figure 17. Activation maps of the group x load ANCOVA. 

A main effect of group was found in right MFG (A). A main effect of load was found in left IFG and right 

parietal cortex (B). No interaction or age and gender covariate effects were found. Maps are thresholded 

at p < .05, FDR-corrected. 

 

Figure 18. Post-hoc comparisons of activation. 

ASD subjects had less activation in right MFG than TD subjects (A). The 2-back had greater left IFG 

activation and less right parietal activation than the 1-back (B). Maps are thresholded at p < .05, FDR-

corrected. 
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Activation that scaled with cognitive load, as indexed by reaction time, was found in 

bilateral IFG in TD subjects (Figure 20A) and left IFG in ASD subjects (Figure 20B). ASD 

subjects had less load-dependent activation than TD in right MFG (Figure 20C). 

 

Figure 19. Activation means for both groups and loads. 

Mean activation is presented for TD (A, B) and ASD (C, D) subjects during the 1-back (A, C) and 2-back 

(B, D) conditions.  Maps are thresholded at p < .05, uncorrected. 
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Activation-EF Correlations 

A correlation was found between right MFG load-dependent activation and the Behavior 

Regulation Index  in TD subjects (r = -.5727, p < .0067; Figure 21A), but not ASD (r = -.1563, p 

< .5632; Figure 21B) or both groups combined (r = -.2804, p < .0928; Figure 21C).  The 

correlation between rMFG activation and the Metacognition Index was significant in TD subjects 

(r = -.5809, p < .0058; Figure 21D), but only trending in ASD subjects (r = -.4691, p < .0668; 

Figure 21E). However, it was significant when the groups were combined (r = -.4830, p < .0022; 

Figure 21F). Both the BRI and MI are indices of executive dysfunction, meaning that higher 

values correspond to poorer executive function. Therefore, lower activation was associated with 

poorer metacognition. 

 

Figure 20. Load-dependent activation. 

Shown for TD subjects (A), ASD subjects (B), and the group difference (C). Group means were 

thresholded at p < .05, uncorrected; group difference thresholded at p < .05, FDR-corrected. 
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Load-Dependent Functional Connectivity 

The change in FC from 1-back to 2-back for the rMFG seed differed between the groups 

in its connection to the right frontopolar (FP) cortex (Figure 22). Examination of FC between 

right MFG and FP by group and load revealed that ASD subjects had FC that was high during the 

1-back and low during the 2-back, while TD subjects had FC that was low during the 1-back and 

high during the 2-back (Figure 23). 

 

Figure 21. Activation-EF correlations. 

The relationship between right MFG activation for the 2-back > 1-back contrast and the Behavioral 

Regulation Index (top) and Metacognition Index (bottom) of the BRIEF for TD subjects (left), ASD subjects 

(middle), and both groups combined (right). 
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Resting-State Functional Connectivity 

No region-pair significantly differed between groups after correcting for multiple 

comparisons. 

State-Dependent Functional Connectivity 

The region-wise mixed-effects group x state ANOVA revealed: main effects of group 

between 1) right vlPFC and left occipital cortex, 2) left aSPL and FP (Figure 25A); main effects 

of state between 1) between left vlPFC and right aIPS, 2) right aIPS and right pTPC, and 3) 

 

Figure 22. Group difference in load-related rMFG FC. 

The load-related (2-back - 1-back) change in FC to the right MFG seed was lower for ASD than TD 

subjects to the right frontopolar cortex. The seed vertex is indicated by green sphere. 

 

Figure 23. Comparison of rMFG-rFP group and load means. 

TD subjects had rMFG-rFP FC that increased from 1-back to 2-

back, while ASD subjects exhibited a decrease from 1-back to 2-

back. 
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within left dlPFC (Figure 25B); and a group x state interaction between 1) right pTPC and right 

occipital cortex (Figure 25C). Post-hoc tests revealed that 1) the main effect of group was driven 

by greater FC in ASD subjects than TD subjects (Figure 25D); 2) the main effects of state 

resulted from increased FC from rest to n-back within left dlPFC and between right aIPS and 

right pTPC, and decreased FC rest to n-back between left vlPFC and right aIPS (Figure 25E); 

and 3) the group x state interaction in FC between right pTPC and right occipital cortex resulted 

from decreased FC from rest to task in ASD and increased FC from rest to task in TD (Figure 

26). 
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Figure 24. Mean FC matrices for group and load. 

Vertex-to-vertex FC for both TD (left) and ASD (right) groups, and the resting (top) and n-back (bottom) 

states. 
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Figure 25. Group x State ANOVA on FC. 

Main effects of group (A) and state (B) were found, as well as an interaction (C). Post-hoc analysis 

revealed the direction of effects for group (D) and state (E).  



 

73 

 

Discussion 

The results of the present study demonstrate the viability of fNIRS in detecting 

differences between ASD and TD children in task-evoked activation and functional connectivity, 

as well as state-dependent modulation of functional connectivity. I found hypoactivation of the 

right middle frontal gyrus in ASD subjects, with the degree of hypoactivation predictive of 

executive dysfunction. The right middle frontal gyrus also exhibited an atypical pattern of 

connectivity with the frontal pole in ASD – decreasing with load rather than increasing as it did 

in TD subjects. ASD subjects exhibited fronto-parietal over-connectivity for both rest and n-back 

and no under-connectivity. FC between right occipital and temporo-parietal cortex was over-

connected at rest and under-connected during the n-back in ASD relative to TD children. These 

differences in activation and FC demonstrate the viability of fNIRS for probing cognitive load-

dependent activation and state-dependent functional connectivity in pediatric disorders. 

 

Figure 26. Post-hoc analysis of group and state FC means. 

Displayed for FC between right pTPC and right occipital cortex revealed that ASD subjects had high FC 

during rest which decreased during the n-back, while TD subjects had low FC which increased during n-

back. 
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Activation as a Function of Working Memory Load 

As hypothesized, the n-back task engaged left IFG in both subject groups, with activation 

increasing as a function of both working memory load and task difficulty. Thus demonstrating 

the sensitivity of fNIRS to prefrontal activation related to working memory load in children with 

and without ASD. Notably, IFG activation was observed bilaterally in TD subjects, but was 

restricted to the left hemisphere in ASD subjects. Activation in right parietal cortex was greater 

for 1-back than 2-back. Due to this dissociation between parietal activation and task load, no 

activation was detected in parietal cortex with the performance-weighted analysis. The lack of 

parietal activation in the 2-back condition was not hypothesized, however there is some 

precedent in the literature. While fMRI studies have generally shown parietal cortex activation 

during working memory, some have shown that parietal activation decreases at high loads 

(Linden et al., 2003). Others have suggested that parietal cortex may specifically be related to the 

use of specific encoding strategies (Jonides et al., 1998). Therefore, it is possible that the 

decrease in parietal activation could be related to approaching the limits of subjects’ working 

memory capacity or a change in the codes used. 

Atypical Activation During Working Memory in ASD Subjects 

While there are no past fNIRS studies of working memory in ASD, a number of fMRI 

studies have been conducted, which have found group differences that are inconsistent in the 

direction, location, and load-dependence of activation. 

Luna et al. (2002) reported working memory-related hypoactivation in ASD adults in 

bilateral dlPFC and posterior cingulate cortex. This result was obtained by comparing activation 

during an oculomotor delayed response task to that of a visually-guided saccade task, meaning 
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that there was no experimental manipulation of working memory load. Koshino et al. (2005) 

found group x load interactions when comparing the activation from ASD and TD adults during 

the 0-back, 1-back, and 2-back conditions of a letter n-back task. The interactions were driven by 

group differences in activation to the 2-back condition: specifically, ASD subjects had 

hypoactivation in the left hemisphere within dlPFC, inferior frontal gyrus, posterior precentral 

sulcus, and inferior parietal lobe, as well as hyperactivation in the right hemisphere within 

inferior frontal gyrus and parietal lobe. Additionally, they found hyperactivation in bilateral 

temporal lobe and left extrastriate cortex. Koshino et al. (2008) found both hypoactivation and 

hyperactivation for ASD adults during an n-back task that used face stimuli. These differences 

between ASD and TD subjects were consistent across all load levels (0-back, 1-back, and 2-

back). ASD subjects exhibited hyperactivation in the right hemisphere within the middle frontal 

gyrus, lateral premotor area, and superior parietal lobule. Hypoactivation was observed 

bilaterally within inferior frontal gyrus, middle frontal gyrus, inferior parietal lobule, and anterior 

cingulate; right temporal cortex; and left fusiform and parahippocampal gyri, as well as several 

subcortical regions. Vogan et al. (2014) found hypoactivation in ASD children during a color-

matching task with 6 load levels. While no differences were observed for any individual load, 

there was a group difference in the load-dependent increase of activation. Load-dependent 

hypoactivation was observed in bilateral precuneus, right dlPFC, and left dorsomedial premotor 

cortex. No hyperactivation was observed. Rahko et al. (2016) found hypoactivation for ASD 

adolescents in right-hemisphere temporal, auditory, somatosensory, motor, and insula regions for 

the 2-back > 0-back contrast of a visuospatial n-back task. 

Broadly speaking, the most consistent result from these studies is prefrontal 

hypoactivation, which was found either bilaterally (Koshino et al., 2008; Luna et al., 2002), 
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limited to the left hemisphere (Koshino et al., 2005), or limited to the right hemisphere (Vogan et 

al., 2014). In the present study, I found that activation in right MFG was lower in ASD subjects 

than TD during the 1-back and 2-back conditions. Similarly, I found that activation that was 

dependent on reaction time was lower in ASD subjects than TD in right MFG. Thus the pattern 

of atypical activation in ASD subjects bears some similarity to that of previous studies. 

In addition to frontal hypoactivation, many studies have found posterior hyperactivation, 

leading to the hypothesis that ASD subjects rely more on perceptual processing and less on top-

down executive processing. While I did not find any group differences in posterior activation, it 

is possible that our configuration did not have the sensitivity in posterior regions to detect such 

differences or that the differences are too far below the scalp to be resolvable by fNIRS. 

The present study found that lower activation within the right MFG was associated with 

poorer executive functioning in daily-life. This association was specific to task management and 

monitoring processes, as the correlation held for the metacognition index of the BRIEF, but not 

the behavioral regulation index. This effect was significant in TD subjects but only trending in 

ASD subjects; however, when the groups were combined to increase statistical power, the 

relationship was highly significant. The direction of the correlation was such that subjects in both 

groups with poorer executive function also had lower activation. Thus, TD subjects with 

executive functioning closer to that of ASD subjects tended to also have right MFG activation 

similarly low as that of ASD subjects. This suggests that the difference between ASD and TD in 

right MFG activation during the n-back may be driven by deficits in executive function. The 

absence of a difference in task performance is suggestive that behavioral measures of 

performance on this task are less sensitive to group differences in executive function than brain 

activation. 
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Task-Related Functional Connectivity Abnormalities in ASD 

The present study found that the right MFG had reduced functional connectivity with the 

frontal polar cortex in ASD subjects, as compared to TD. The frontal pole is known to be 

involved in working memory (Gilbert, Bird, Brindley, Frith, & Burgess, 2008), so disconnection 

between it and the right MFG could indicate a failure to recruit cognitive resources typically 

required for working memory tasks. As the overall performance was matched across groups, this 

could either indicate that ASD subjects are using an alternate processing strategy that is tapping 

resources that cannot be probed with our imaging system, or that the working memory load 

imposed by the task below the point that would be required to observe deficits. 

Resting-State Functional Connectivity in ASD 

 While a large number of fMRI studies have found atypical resting-state functional 

connectivity in ASD subjects, the results have been inconsistent. The most common finding has 

been underconnectivity (Abrams et al., 2013; Anderson et al., 2011; Assaf et al., 2010; 

Cherkassky et al., 2006; Di Martino et al., 2009, 2014; Dinstein et al., 2011; Gotts et al., 2012; 

Hagen et al., 2012; Kennedy & Courchesne, 2008; Monk et al., 2009; Weng et al., 2010), 

however others have either found overconnectivity (Di Martino et al., 2011; Supekar et al., 2013) 

or a combination of under- and overconnectivity (Di Martino et al., 2014; Keown et al., 2013; 

Lynch et al., 2013). Some have suggested that the connectivity profile of ASD changes over 

development, with childhood overconnectivity leading to underconnectivity in adulthood (Rudie 

& Dapretto, 2013). However, this account does not fully reconcile the discrepancies between 

studies, and there also remain unresolved inconsistencies in the reported spatial patterns of 

connectivity. In the present study, no difference between groups was observed for resting-state 
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functional connectivity. One possibility for the lack of a group difference could be that regional 

and inter-subject heterogeneity of FC strength inflated the variance, which in turn reduced the 

test statistic. The state-dependent FC analysis would not suffer from this problem as there is a 

within-subject comparison, removing the effect of mean FC. Another possibility is that there was 

truly no difference between groups. One of the major motivations for developing fNIRS as an 

imaging modality is that subtle head movements during an fMRI scan can create biased estimates 

of functional connectivity. Therefore, results from fMRI studies of populations with high head 

movement (e.g., children) with sub-populations that have differing levels of head movement 

(e.g., ASD and TD) must be scrutinized. Further studies are needed to determine which of these 

possibilities is true. 

State-Dependent Functional Connectivity in ASD 

ASD subjects were found to have greater state-dependent FC between frontal and 

posterior regions than TD. Specifically, these FC differences were found between vlPFC and 

occipital cortex, and between frontal pole and anterior superior parietal lobule. This result 

supports recent evidence of over-connectivity in ASD, though it is restricted to certain fronto-

posterior connections rather than general diffuse overconnectivity that has been reported by 

some. ASD subjects were also found to have an atypical pattern of FC between right temporo-

parietal cortex and occipital cortex. The pattern in ASD was such that FC was high at rest and 

low during the n-back, which is the opposite pattern as that found in TD subjects. Right temporo-

parietal cortex is known to be involved in attention and there is evidence implicating it in the 

social perception deficits found in ASD (Pantelis, Byrge, Tyszka, Adolphs, & Kennedy, 2015). 

These findings support recent evidence of fronto-posterior over-connectivity in ASD children, 

while emphasizing the importance of examining cognitive state. The atypical connectivity profile 



 

79 

observed in ASD may depend on the broader context of the cognitive state of the subject, 

wherein task networks are not statically under- or over-connected but the subject of maladaptive 

modulation. 

Limitations 

This study must be interpreted within the context of its limitations. First, optode location 

measurements and registration to the template brain were performed only once using a head 

phantom, with the results applied to data collected from all participants. Since no optode 

localization equipment was available for our configuration, the only option for optode 

localization was physical measurement of optode positions. However, it would have been too 

time-consuming and cumbersome to measure the locations by hand for such a large number of 

optodes in this subject population. For this reason, I cannot be certain that the estimated optode 

positions accurately reflect their true position in relation to the underlying brain structures. There 

was also no measurement or correction for inter-subject morphological variation. This issue is 

partially mitigated by the filtering employed in our channel-to-cortex projection. The relatively 

large filter kernel smooths the channel data such that values within the cortical mesh are a linear 

combination of nearby channels. The result is that deviations in optode placement have less 

impact since activating channels will be spread over a larger area, increasing the likelihood of 

activation overlap across subjects. However, this comes at the expense of statistical power, as 

activating channels are mixed with non-activating, thereby reducing the magnitude of the effect. 

Further, the spatial resolution of fNIRS is 2.5-3 cm, which is likely low enough that small 

variations in optode placement should not substantially change the path of light through brain 

tissue. The second limitation is the possibility that group differences in head motion may have 

caused subtle perturbations in the data, which influenced our results while remaining undetected. 
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While increased head motion is a well-known trait of ASD children, most discussions center on 

small <1 mm movements. As fNIRS optodes are affixed to the head, it is less likely that such 

small movements could disturb the path of light enough to create an artifact or distortion, though 

it cannot be completely ruled out. Larger movements that are capable of moving optodes could 

readily be detected and removed by our correction procedures. 

While repeated-measures ANOVAs did not reveal a significant main effect of group or 

group x load interaction for either accuracy or reaction time, the interaction was trending for 

accuracy and direct comparison revealed that 1-back accuracy differed significantly between 

groups. In order to rule out performance differences as a driving factor of activation differences, 

the Group x Load ANOVA was repeated with a subset of subjects that were matched on 

performance for all conditions. Right MFG activation remained significantly different between 

groups, indicating that the activation differences could not be attributed to performance 

differences (Supplementary Figure 6). Signal strength analysis revealed no group differences. 

This suggests that the activation and FC differences between ASD and TD subjects were not the 

result of any difference in optode contact with the scalp. There was also no difference between 

groups in the average amount of signal change resulting from the artifact correction procedures, 

indicating that the groups were not differentially impacted in the correction process. 

Conclusions 

The results demonstrate that fNIRS has the sensitivity to detect differences between ASD 

and TD children in the patterns of activation elicited by working memory processes, even to the 

point of detecting the relationship between intra-group variation in activation and executive 

functioning in daily life. The load-dependent activation correlated with executive function, such 
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that TD subjects with poorer working memory exhibited right MFG activation that more closely 

paralleled the activation seen in ASD subjects. Further, the results provide support for recent 

evidence of fronto-posterior over-connectivity in ASD children. This study is the first to 

demonstrate the sensitivity of fNIRS to functional connectivity differences between TD and ASD 

children across cognitive states.   
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CHAPTER V: GENERAL CONCLUSIONS 

Overview 

The utility of fMRI in pediatric populations with developmental disorders is limited by its 

noise, movement restriction, and susceptibility to artifacts arising from head motion. It is 

therefore necessary that alternative imaging modalities be developed for use in these populations. 

While fNIRS is a prime candidate for this purpose, it is unknown whether fNIRS is robust 

enough to detect differences across cognitive loads and between distinct cognitive states and 

pediatric populations. The two studies presented here demonstrate both the sensitivity of fNIRS 

to cognitive state and load, as well as the viability of fNIRS as an alternative imaging modality to 

fMRI for use in pediatric populations with developmental disorders. Study I demonstrated that 

fNIRS has sufficient sensitivity to measure the effects of task load and cognitive state on 

activation and functional connectivity in healthy adults. Study II demonstrated that fNIRS is 

capable of detecting differences between ASD children and TD controls in working memory 

load-dependent activation and state-dependent FC. In order for these goals to be realized, three 

methodological improvements first had to be developed: 1) an algorithm for correcting artifacts 

arising from head motion, 2) a method for projecting and smoothing data from optical channels 

onto the cortical surface, and 3) a p-value correction for multiple comparisons that was not 

overly conservative. 

Probing Cognitive Load and State with fNIRS 

Prior to the studies presented here, it has been known for some time that fNIRS can 

detect task-evoked changes in brain activity. However, the extent to which fNIRS is sensitive to 

monotonic changes in task load had not been established. In order for fNIRS to serve as a viable 
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tool for probing the neural bases of cognition, it was absolutely necessary to determine whether it 

has the requisite sensitivity to resolve small changes in the magnitude of brain activation – such 

as that from arising from manipulations of cognitive load. Furthermore, it was necessary to 

determine whether fNIRS could detect qualitative changes in brain state, such as the transition 

from an idle rest state to a demanding task. Functional connectivity at rest has become 

particularly important, as it has been linked to a structural connectivity, genotype, traits, and 

mental disorders. More recently, the state-dependent modulation of functional connectivity has 

become a subject of interest, as the ability to shift between states on-demand is an important 

component to adaptive behavior. In demonstrating the sensitivity of fNIRS to cognitive load and 

state in healthy adults, I have extended the known capabilities of fNIRS such that future studies 

can proceed with the knowledge that fNIRS has the capability to probe the neural substrates of 

the phenomena. 

Feasibility of fNIRS for Probing Activation and Functional Connectivity in ASD Children  

It was previously unknown whether fNIRS is capable of detecting differences between 

ASD and TD children in task-evoked activation and state-dependent modulation of functional 

connectivity. As the greatest potential of fNIRS is to image pediatric populations with 

developmental disorders, it was essential that the feasibility of doing so be demonstrated in such 

a population. Further, it was necessary to probe cognitive processes that are commonly affected 

in these disorders and to do so with the methodological rigor meeting the standard set by fMRI. 

By finding prefrontal hypoactivation and fronto-posterior overconnectivity in ASD children, I 

have demonstrated the feasibility of fNIRS for this purpose. This validation of fNIRS for 

investigations of the neural underpinnings of disordered cognitive development will stimulate 

future research in this field. 
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Implications for Future Studies 

Methodological Improvements in fNIRS Analysis 

 As fNIRS is a relatively nascent imaging modality, the standards for preprocessing and 

statistical analysis are still under active development. In order to overcome the methodological 

limitations of current fNIRS software, I developed three novel methodological contributions.  

First, in order to mitigate the effect of artifacts arising from head motion, a correction 

method was developed in which the need for an absolute threshold for artifact detection was 

avoided. Given the variability in signal quality and amount of artifacts, usage of a common 

threshold is problematic in practice. This was achieved by scaling the moment-to-moment signal 

fluctuations proportionally to their magnitude. The effect is that large and abrupt changes in 

signal are shrunk dramatically, while gradual signal changes are virtually unaffected.  

The second improvement was development of a channel-to-cortex interpolation method. 

As measurement channels are a property of the instrumentation and not the underlying 

physiology that I wish to measure, it is necessary to convert channel-wise measurements into a 

brain-based representation. This has traditionally been accomplished by performing linear 

interpolation between visible channels over a 2-dimensional manifold independently for each 

view of the brain. However, this approach is prone discrepancies between views, visual artifacts, 

and provides no protection against bad channels. As an alternative, I developed a method 

whereby channel values are projected onto a 3-dimensional cortex surface template and spatially 

smoothed with a Gaussian filter. The result is a single unified representation that is free of major 

artifacts and due to smoothing is more robust to the presence of bad channels. 
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The third improvement was development of an appropriate p-value correction for 

multiple comparisons. When performing a large number of statistical tests, the probability of a 

false positive increases with the number of tests. It is therefore necessary to perform some 

correction to account for this inflation of Type I error. The way this is implemented in SPM is 

overly conservative, often resulting in correction factors far exceeding the original number of 

measurement channels from which the data are interpolated. To address this problem, I 

developed a method whereby a more reasonable correction factor is selected by estimating the 

number of independent regions across all subjects. This is done using off-the-shelf software for 

intrinsic dimensionality estimation. The intrinsic dimension of the data is then used as a 

correction factor in False Discovery Rate (FDR) correction. Therefore, the correction factor is 

based on the number of independent tests being performed, rather than the total number of tests. 

Further research should validate this method by measuring the rate of false positives in 

simulations of brain activation and in null datasets (e.g., resting-state). 

Together these methodological contributions raise the bar for the analysis of fNIRS data 

by improving: resilience to motion artifacts, representation of signals in brain space, and the 

threshold for achieving statistical significance. The development of these methods and 

forthcoming publication and distribution of software implementing them will pave the way for 

future studies using fNIRS. However, there current methods as presented here have some 

limitations. First, there is no process for accounting for differences in head morphology. I 

currently work around this by smoothing the data to blur the differences, but ideally I would use 

photogrammetry to measure optode positions for each subject and normalize to a common 

template. Second, it remains to be seen whether a NIRS configuration with high density and 

coverage such as ours can be scaled down to infant size. Given that fNIRS requires a distance of 
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2-3 cm between sources and detectors, usage with smaller infant heads may necessitate using 

fewer optodes, further reducing the already limited spatial resolution. Third, with younger and 

lower-functioning subjects, head motion will be a greater problem than ever. While the method 

presented here performed well on these data, it will be beneficial to employ improved algorithms 

in the future. The method presented here has difficulty detecting small baseline shifts and slow 

spikes, is sensitive to high-frequency noise, and introduces low-frequency drifts in the data. 

These issues are mitigated with a pre- and post-correction filtering regimen, and follow-up with a 

spike removal algorithm; however, it would be preferable to have a method that does not have 

these weaknesses at all. It will also be useful to modify the optical system to prevent artifacts 

from occurring in the first place. If optode-to-scalp contact can be increased without sacrificing 

subject comfort or setup time, or the weight of the fibers pulling on the cap can be minimized, 

motion artifacts would see a sizeable reduction. 

Atypical Patterns of Activation and Functional Connectivity in ASD 

While the finding of frontal hypoactivation in ASD has been commonly observed in 

previous fMRI studies, prior functional connectivity findings in ASD have been less consistent. 

While most fMRI studies have found some difference in resting-state FC, none were found here. 

It will be important to see whether this finding is replicated in future studies, and given the past 

conflicting data, it is especially important that the developmental trajectory of functional 

connectivity disturbances be determined via longitudinal studies. It is also imperative that future 

studies move beyond static differences in intrinsic connectivity, and investigate functional 

connectivity as a dynamic feature that reflects ongoing processes occurring within the brain. The 

results presented here suggest that ASD subjects have intrinsic fronto-posterior overconnectivity, 

as well as an inverted pattern of state-dependent temporo-occipital connectivity. This type of 
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atypical connectivity modulation in response to changing state could reflect maladaptive 

recruitment or suppression of brain networks. Determining how the autistic brain reconfigures 

itself across cognitive states could be key in understanding the neural mechanisms for the core 

deficits of the disorder. 

Studies in Low-Functioning ASD 

Due to the limitations of fMRI in pediatric population, previous neuroimaging studies 

have been limited to the subset of the ASD population that are high-functioning (IQ>80). For this 

reason, current neuroimaging information may not be representative of the ASD population as a 

whole. Further, the underlying neural phenotype differentiating low- and high-functioning 

subgroups remains almost entirely uninvestigated. With the advances of the present studies, there 

is a sound basis for future studies to begin exploring functional connectivity differences in these 

populations. While many low-functioning ASD subjects cannot reasonably be expected to 

perform a task while being scanned, information may still be obtained through resting-state scans 

and possibly passive exposure to audio or video stimuli. Future fNIRS research of brain 

connectivity in ASD will hopefully yield insights into the protective factors that allow some 

individuals with ASD to be relatively spared in cognitive ability, and ultimately lead to the 

development of targeted interventions. 

Towards a Neural Biomarker for ASD 

 Currently, the best outcomes for ASD are achieved through early diagnosis of the 

disorder. However, symptoms start before 1 year of age and very often go unnoticed due to their 

subtlety. Many have suggested that a diagnostic tool based on brain function could ultimately 

solve this problem. While ASD research using fNIRS is still in its infancy, it may be the imaging 
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technique that is best suited to the task. In addition to the previously-described fNIRS strengths: 

motion resilience, near-silent operation, and an unrestrictive apparatus, fNIRS is low-cost and its 

use in infants is already well-established (Gervain et al., 2011). However, while I have 

demonstrated that fNIRS is sensitive enough to detect differences between ASD and TD groups 

in activation and FC patterns, the sensitivity necessary for single-subject discrimination is 

substantially greater. Detection of a group difference only requires that the group means differ 

and that the within-group variances are relatively small, whereas accurate classification of 

individual subjects requires that the groups not have overlapping ranges of values – a much 

stricter criterion. Biomarker research may benefit from the use of multivariate pattern analysis to 

derive complex FC patterns that are more predictive than the sum of their components, or 

complex network analysis to extract global network properties from the FC data. 

Conclusions 

 The results presented here demonstrate that fNIRS is a robust and versatile functional 

neuroimaging technique that is well-suited for use in pediatric populations with disorders that 

preclude them for use in fMRI. The sensitivity of fNIRS to cognitive load and state, particularly 

in prefrontal regions, permit it to be used to investigate higher cognitive abilities and 

dysfunction. It has a demonstrated capacity for resolving differences in brain activation and 

connectivity between ASD children and TD counterparts. With these capabilities now verified, 

research can continue on to bring neuroimaging to pediatric populations that have not been 

reached by traditional neuroimaging methods and potentially develop neural biomarkers for early 

childhood diagnosis of neuropsychiatric disorders. 
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APPENDIX 

Supplementary Materials from Chapter II 

Load-Dependent Deoxy-Hb Activation 

Load-dependent activation for the deoxy-Hb signal did not survive correction, but was 

patterned similarly to oxy-Hb with bilateral frontal activation (Supplementary Figure 1). Load-

independent activation was not observed.  

 

Load-Dependent Deoxy-Hb Functional Connectivity 

Load-dependent deoxy-Hb functional connectivity reached corrected threshold in frontal 

cortex only, increasing with greater n-back loads: for 1) fronto-parietal connections (FP-lP, FP-

rP); 2) frontal interhemispheric connections (lvlPFC-rvlPFC); 3) parieto-parietal connections (lP-

rP); and local connections (rvlPFC-rdlPFC, lP, lvlPFC, ldlPFC, FP, rdlPFC, rvlPFC, rP; 

Supplementary Figure 2). 

 

Supplementary Figure 1. Load-dependent activation from deoxygenated hemoglobin signal. 

Deoxygenated activation shared a similar pattern with the oxygenated signal, but did not reach significance. 

p<0.05, uncorrected. 
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State-Dependent Deoxy-Hb Functional Connectivity 

Deoxy-Hb functional connectivity was greater during the n-back run than the resting state 

run between (Supplementary Figure 3): 1) frontal and parietal regions (FP-lP, rdlPFC-lP, rvlPFC-

lP, rdlPFC-rP); 2) between parietal regions (lP-rP); and within regions (rP, lP, rdlPFC). 

Functional connectivity was greater for resting-state than n-back: 1) for all significant 

connections with left frontal regions (lvlPFC-ldlPFC, lvlPFC-FP, ldlPFC-FP, ldlPFC-rdlPFC, 

lvlPFC-rvlPFC, ldlPFC-rvlPFC); 2) between frontal and parietal regions: rP-lvlPFC; and 3) 

within frontal regions (ldlPFC, rvlPFC, FP). 

 

Supplementary Figure 2. Deoxygenated load-dependent functional connectivity matrices. 

Channel-wise (A) and region-wise (B) matrices for the deoxygenated signal. Warm colors denote a load-

dependent increase in functional connectivity, while cool colors denote load-dependent decrease in 

functional connectivity. Abbreviations: Par = Parietal; vlPFC = ventrolateral prefrontal cortex; dlPFC = 

dorsolateral prefrontal cortex, FP = frontal pole. 
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State-Dependent Functional Connectivity Without Task Regression 

Oxy-Hb signal showed task-related functional connectivity was much more prominent 

than in the task-regression case for: 1) fronto-parietal connections (lvlPFC-lP, ldlPFC-lP, rdlPFC-

lP, lvlPFC-rP, ldlPFC-rP, FP-rP, rdlPFC-rP); 2) between hemispheres for parietal (lP-rP); and 3) 

between bilateral dlPFC and FP (ldlPFC-rdlPFC, ldlPFC-FP, rdlPFC-FP; Supplementary Figure 

4). Similarly, the deoxygenated signal showed greater fronto-parietal (lvlPFC-lP, ldlPFC-lP, FP-

lP, rdlPFC-lP, FP-rP, rdlPFC-rP), parieto-parietal (lP-rP, lP-lP, rP-rP), and fronto-frontal (vlPFC-

FP, dlPFC-FP) task-related functional connectivity (Supplementary Figure 5) relative to the task-

regressed results. The increase in task-related functional connectivity is interpreted as the result 

of bias from the presence of task-related activation. 

 

Supplementary Figure 3. Deoxygenated state-dependent FC matrices. 

Channel-wise (A) and region-wise (B) state-dependent functional connectivity matrices from 

deoxygenated hemoglobin signal. Warm colors denote connections where functional connectivity was 

greater during the n-back than at rest, while cool colors denote greater connectivity at rest. Abbreviations: 

Par = Parietal; vlPFC = ventrolateral prefrontal cortex; dlPFC = dorsolateral prefrontal cortex, FP = frontal 

pole. 
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Supplementary Figure 4. State-dependent FC without performing task regression (oxy). 

Channel-wise (A) and region-wise (B) state-dependent functional connectivity matrices without performing 

regression on the task data (oxygenated hemoglobin signal). Warm colors denote connections where 

functional connectivity was greater during the n-back than at rest, while cool colors denote greater 

connectivity at rest. Abbreviations: Par = Parietal; vlPFC = ventrolateral prefrontal cortex; dlPFC = 

dorsolateral prefrontal cortex, FP = frontal pole. 

 

Supplementary Figure 5. State-dependent FC without performing task regression (deoxy). 

Channel-wise (A) and region-wise (B) state-dependent functional connectivity matrices without performing 

regression on the task data (deoxygenated hemoglobin signal). Warm colors denote connections where 

functional connectivity was greater during the n-back than at rest, while cool colors denote greater connectivity 

at rest. Abbreviations: Par = Parietal; vlPFC = ventrolateral prefrontal cortex; dlPFC = dorsolateral prefrontal 

cortex, FP = frontal pole. 
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Supplementary Materials from Chapter IV 

Main Effect of Group Within Performance-Matched Subset 

In order to ensure that group differences in activation were not driven by differing 

performance on the 1-back, the Group x Load ANOVA was repeated in a subset of subjects (NTD 

= 14, NASD = 13) that were matched on performance for all task conditions (0-back: t(25) = -

1.06, p < .299; 1-back: t(25) = -0.74, p < .463; 2-back: t(25) = -0.14, p < .889). The right MFG 

group difference remained significant within the performance-matched subset (Supplementary 

Figure 6). 

 

  

 

Supplementary Figure 6. Main effect of group in performance-matched subset. 

Map is thresholded at p < .05, FDR-corrected. 
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