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Abstract 

Sickle cell disease (SCD) is a red blood cell disorder that causes many complications 

including life-long pain. Pain is the most common reason for hospitalization in SCD 

patients and is often experienced on a daily basis. Treatment of pain in SCD patients 

remains challenging due to a poor understanding of the mechanisms, especially in the 

brain. Therefore, an in-depth analysis of how chronic pain affects SCD patients is needed 

to provide a foundation for future research and improved treatment options. The goal of 

this research is to use multimodal non-invasive imaging techniques to better understand 

the neural dynamics of SCD patients and how these differ from a normal healthy brain. 

Utilizing both electroencephalography (EEG) and functional magnetic resonance imaging 

(fMRI) allowed spatiotemporal analysis of resting state neural behavior of SCD patients 

and healthy controls. This work includes (1) a simultaneous EEG-fMRI study to 

determine biomarkers of sickle pain and how resting state networks are altered in 

patients, (2) an EEG analysis utilizing EEG power and electrical source imaging analysis 

to classify between patients and controls, and (3) a graph theory study using both EEG 

and fMRI to understand the global impact of sickle pain on the brain and to utilize 

imaging to detect differences not only between patients and controls, but also between 

patients with more severe chronic pain and less severe chronic pain. This study showed 

how imaging parameters found from non-invasive imaging modalities are related to 

chronic pain in SCD patients and will be used in future work to guide new treatment 

options and validate their effectiveness on improving brain dynamics.  
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Chapter 1 Introduction and Motivation 

Sickle cell disease (SCD) is an inherited blood disorder that causes abnormal 

hemoglobin in red blood cells. Affected cells will form a sickle shape and create 

vasoocclusion, where blood vessels are blocked by sickled cells and cause ischemic 

injuries. Sickle hemoglobin is formed from a mutation in the β-globin gene that disrupts 

red blood cell architecture and flexibility which leads to cellular dehydration due to lack 

of oxygen and physical stress (Rees, Williams, and Gladwin 2010). Disease severity has 

been linked to the rate of sickle hemoglobin polymerization. Due to the inflexibility of 

sickled red blood cells, they often burst apart and last for a shorter time period compared 

to normal red blood cells (Steinberg 2011). SCD patients frequently exhibit anemia as a 

result which leads to susceptibility to infections and tissue damage due to ischemia 

(Schnog et al. 2004). 

The young sickle hemoglobin will often stick to capillary walls, which decrease 

blood flow velocity and causes the sickle hemoglobin to become deoxygenated 

prematurely (Ilesanmi 2010). Deoxygenated sickle hemoglobin is less soluble and forms 

a rigid, inflexible shape due to a hydrophobic interaction between the sickle hemoglobin 

β-chains (Ilesanmi 2010; Rees, Williams, and Gladwin 2010). Sickled cells become 

wedged and occlude blood vessels (vasooclusion) which lead to ischemia and necrosis. 

This, in turn, initiates an inflammatory response and neuropeptide release which 

ultimately produce pain (Ilesanmi 2010). 

Sickle vasooclusion can occur in any blood vessel, which makes SCD a 

multisystem disorder because complications can occur in many organs. For example, 
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acute chest syndrome, stroke, osteonecrosis, splenic infarction, and leg ulcers are some of 

the complications that can occur in SCD patients (Rees, Williams, and Gladwin 2010; 

Schnog et al. 2004). While many sequelae occur in SCD, the most common symptom is 

an acute pain crisis (Z. J. Wang, Wilkie, and Molokie 2010). A pain crisis consists of 

severe pain that can either be isolated or spread throughout the body and can last several 

days and often warrants hospitalization for proper treatment (Steinberg 2011). 

Additionally, as patients get older they tend to develop chronic pain that can occur on a 

daily basis. Pain diary studies have shown that most SCD patients have pain on at least 

half of the days reported in the study, which documented pain for up to 6 months (W. R. 

Smith et al. 2008). While there is ample evidence of the prevalence of pain in SCD 

patients, the mechanisms of pain are still poorly understood. The inflammatory response 

involved in SCD produces nociceptive pain. Briefly, inflammatory mediators 

(prostaglandins, histamines, bradykinin, cytokines, substance P, serotonin, and others) are 

generated from tissue damage and activate nociceptors by converting chemical or 

mechanical energy to an electrochemical impulse in afferent nerve fibers (Ilesanmi 2010). 

This produces a painful response that is transferred along Aδ and C nerve fibers to the 

dorsal horn of the spinal cord. The pain stimulus crosses to the contralateral side and 

travels along the spinothalamic tracts to the thalamus where it is relayed to the brain 

(Ilesanmi 2010).  Until recently, sickle pain was thought to be primarily visceral and a 

result of vasoocclusion; however, new studies are showing evidence that sickle pain also 

has a neuropathic component (Cataldo et al. 2015; Kohli et al. 2010; Z. J. Wang, Wilkie, 

and Molokie 2010; Samir K. Ballas, Gupta, and Adams-Graves 2012). Neuropathic pain 
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mechanisms involve deviant somatosensory processing in the peripheral or central 

nervous system (Ilesanmi 2010).   

Nociception is the neural process of processing noxious (painful) stimuli. 

Nociceptors respond to high intensity environmental stimuli through either thermal, 

mechanical, or chemical receptors (Koltzenburg 2000). Nociceptive pain is associated 

with somatic pain, a localized burning sensation or dull ache in muscles, bones or joints, 

or visceral pain, poorly localized cramping or stabbing perception in internal organs 

(Aziz et al. 2000; Cervero and Laird 1999). Nociceptive pain reflects tissue damage, 

inflammation, or noxious stimulation (Koltzenburg 2000). Neuropathic pain results from 

damage to either the peripheral or central nervous system or from abnormal 

communication in the nervous system (Moisset and Bouhassira 2007). Injury to the 

somatosensory system or disease can cause neuropathic pain (Dworkin et al. 2010; 

O’Connor and Dworkin 2009). This type of pain is characterized by being spontaneous 

and/or persistent (Moisset and Bouhassira 2007). Additionally, neuropathic pain patients 

tend to have lower quality of life as well as higher average pain scores compared to 

patients with nociceptive pain (O’Connor and Dworkin 2009). Allodynia, pain elicited 

from a normally innocuous stimulus, and hyperalgesia, an enhanced pain response from a 

noxious stimulus, are often observed in neuropathic pain patients (Moisset and 

Bouhassira 2007). Neuropathic pain is more challenging to treat because patients tend to 

require more medications but report less pain relief (Dworkin et al. 2010).  

Currently, the only known way to cure SCD is a bone marrow transplant from a 

sibling with an identical human leukocyte antigen. However, this procedure involves a lot 

of risk including rejection of the graft and death, and it can only be performed in younger 
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patients with a well-matched sibling (Walters et al. 1996). Hydroxyurea is the only drug 

approved by the FDA for treating sickle cell disease and it has been successful in 

reducing mortality and incidences of pain crisis (Steinberg et al. 2010). Hydroxyurea has 

been shown to increase fetal hemoglobin which helps reduce the frequency of acute pain 

crisis (Charache et al. 1995; Darbari et al. 2015). Blood transfusions are also used to 

reduce sickle hemoglobin levels; however, chronic blood transfusions lead to 

complications including iron overload, alloimmunization (an immune response to foreign 

antigens), and infection; this treatment is also expensive (Steinberg 2011). These 

treatment methods focus on reducing sickle hemoglobin polymerization and do not 

directly help reduce pain. Management of pain in SCD is challenging because opioids are 

the primary way to treat moderate to severe pain; however, due to the risks associated 

with opioids, patients are often undertreated (Tran, Gupta, and Gupta 2017).  

To resolve this lack of effective pain treatment, the mechanisms behind sickle 

pain must be better understood. Work has been done to understand the cellular and 

molecular mechanisms of sickle pain (Tran, Gupta, and Gupta 2017). SCD mouse models 

showed that more iron and less L-DOPA (precursor of dopamine) was found in the 

frontal lobe of the brain, which suggest reduced dopamine levels in SCD (Johnson 2018). 

Additionally, SCD mouse models have shown that glutamate channel phosphorylation 

was reduced in SCD mice compared to normal mice in brain regions related to pain and 

emotional processing (Towne et al. 2016). Central sensitization has been observed in 

mouse models where hyperexcitability was seen in microglial and astrocytic cells in the 

spinal cord (Valverde et al. 2016). Human SCD patients with increased hospitalizations 

were shown to have higher connectivity to pronociceptive areas, indicating that 
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neuropathic pain due to central sensitization plays a role in SCD pain (Darbari et al. 

2015). Specifically, high pain patients showed increased connectivity between the 

anterior cingulate cortex and default mode network structures, where low pain patients 

had increased connectivity to antinociceptive areas such as the perigenual and subgenual 

cingulate; furthermore, a correlation was found between fetal hemoglobin levels and 

connectivity to antinocicetive areas (Darbari et al. 2015). Additionally, opioids behave 

differently in SCD patients, where opioids have faster clearance, contributing to the 

increased opioid amount necessary for effective pain treatment (Darbari et al. 2011). 

Pharmacological treatments targeting leukocytes (to reduce vasoocclusion events) and 

mast cells (to treat inflammation and pain) are potential avenues to improve pain 

treatment in SCD (Ataga et al. 2017; Vincent et al. 2013). However, treating sickle pain 

involves more than pain relief. Due to the central sensitization observed in patients, the 

neural impact of chronic pain has the potential to impact cognitive function of SCD 

patients. A basic understanding of how neural dynamics is affected by sickle pain is 

needed to (1) determine the severity of cognitive dysfunction in SCD patients and (2) 

inform treatment development and validate effectiveness for correcting altered neural 

behavior.  

The goal of this thesis work was to provide a basis for how neural behavior is 

altered in SCD patients by comparing them to healthy controls with no known 

neurological disorders. Advanced non-invasive neuroimaging techniques were used to 

accomplish this by analyzing spatiotemporal aspects of resting state data. 

Electroencephalography (EEG) and functional magnetic resonance imaging (fMRI) were 

used to capture neural activity and imaging results were compared between patients and 
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controls as well as to clinical data to determine if any differences observed were also 

related to sickle pain. EEG and fMRI were selected for their high temporal and spatial 

resolution, respectively. Additionally, these modalities have been used to study other 

types of chronic pain. 

In general, EEG signals are generated by the summation of cortical pyramidal cell 

activity (Baillet, Mosher, and Leahy 2001; Bin He and Liu 2008). The pyramidal neuron 

resides in layer 5 and their dendrites extend throughout most of the cortical layers. 

Dendrites can act as electrical dipoles, and when neurons are activated synchronously the 

dipole activity adds together to produce a large signal through volume conduction that is 

detectable from the scalp. Often brain activity occurs simultaneously in several areas, 

which causes the field distributions on the scalp to overlap. Algorithms have been 

developed to determine the contributions of each source; however, this is a challenging 

problem because it is underdetermined and multiple solutions exist. Utilizing source 

imaging algorithms such as standardized low resolution electromagnetic tomography 

(sLORETA) or minimum norm estimate can yield non-unique source solutions with a 

resolution of one cm, including deep sources (although the precision decreases even 

further) (R. D. Pascual-Marqui 2002; Hämäläinen and Ilmoniemi 1994). While the spatial 

resolution of EEG is limited, the temporal resolution is impressive with recordings that 

can be at the millisecond level. EEG has the advantage of being easy to use as well. The 

equipment is relatively inexpensive compared to fMRI or magnetoencephalograpy, 

allows subjects to move around if necessary, and electrodes can be reliably placed.  

The frequency domain is often studied from EEG data, where the standard 

frequency bands have been defined (delta [2-4 Hz], theta [4-8 Hz], alpha [8-12 Hz], beta 
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[12-30 Hz], and gamma [> 30 Hz]). Several methods, such as the Fourier transform, can 

be used to transform the temporal data to the frequency domain. Studies looking at 

changes in EEG activity in chronic pain patients have shown increased theta power 

(Llinás et al. 1999; Sarnthein et al. 2006; Stern, Jeanmonod, and Sarnthein 2006), alpha 

power (Mo et al. 2013), and beta power (Hargrove et al. 2010; Llinás et al. 1999; 

Sarnthein et al. 2006; Stern, Jeanmonod, and Sarnthein 2006). Additionally, the dominant 

peak observed in frequency power was shifted to lower frequencies in the theta band in 

chronic pain patients (Sarnthein et al. 2006). Pain modulation methods have also been 

tested to see how they altered neural behavior including hypnosis, music, attention, and 

emotional processes (De Pascalis, Cacace, and Massicolle 2004; Valentini et al. 2013; 

Hauck et al. 2013; Hauck, Lorenz, and Engel 2007; Senkowski et al. 2011). The results 

showed that the changes in beta and gamma band imitated the changes in pain perception 

(Hauck, Lorenz, and Engel 2007; Hauck et al. 2013; Senkowski et al. 2011). 

After a region of the brain has been active it needs to be replenished with oxygen 

and this changes the ratio of deoxyhemoglobin and oxyhemoglobin. The concentrations 

of blood deoxyhemoglobin and oxyhemoglobin can be used to detect neuronal activity 

(Ogawa et al. 1990, 1992). The resultant signal, known as blood oxygenation-level-

dependent (BOLD) response, was used to create fMRI. Generally, local neural activity 

will lead to an increased metabolic demand and blood flow to the area, which is detected 

as a BOLD signal by the magnetic resonance imaging (MRI) scanner. An advantage of 

the BOLD response is that it can be detected during responses to stimuli (Logothetis and 

Pfeuffer 2004; Logothetis et al. 2001; Buckner 2003) and well as spontaneous activity 

during a resting, task-free state (B. Biswal et al. 1995). Another distinct advantage of 
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fMRI is high spatial resolution, where functional changes can be detected on a millimeter 

scale. This resolution is improving with the development of high-field MRI scanners 

(Martuzzi et al. 2014). 

There are two main techniques for conducting functional connectivity analyses on 

fMRI data including seed-driven correlation analysis and independent component 

analysis (ICA). For the seed-driven approach, a fMRI time course is found from a pre-

selected brain region (seed) and the temporal correlation is found with all other voxels, 

and voxels with a significantly similar temporal pattern to the seed region are considered 

part of the network (B. Biswal et al. 1995). The ICA approach is data-driven and 

decomposes the fMRI data into spatially independent voxel clusters to find network 

connectivity (Damoiseaux et al. 2006). fMRI has revealed several regions that are active 

during a noxious stimulus, where the most common regions include the primary 

somatosensory cortex, secondary somatosensory cortex, insular cortex, anterior cingulate 

cortex, thalamus, and prefrontal cortex (Moisset and Bouhassira 2007). Chronic back 

pain research utilizing fMRI has shown that sustained pain activated the medial prefrontal 

and rostral cingulate cortex, and increasing pain intensity activated the somatosensory 

and insular cortex (Baliki et al. 2006). A study involving fibromyalgia patients showed 

that the activity within the amygdala and anterior insular cortex was related to symptoms 

of depression (Giesecke et al. 2005). Another study involving several types of chronic 

pain patients including chronic back pain, chronic pelvis pain, osteoarthritis, and post-

herpetic neuralgia, recorded fMRI during spontaneous pain and showed that there were 

no common areas across all conditions, which revealed that each clinical condition has a 

unique chronic pain signature (Apkarian, Hashmi, and Baliki 2011). These results 
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highlight the importance of studying each type of chronic pain in order to understand 

disease-specific pain mechanisms. 

Resting state fMRI has become a popular method for assessing brain connectivity. 

Resting state is a non-task condition where the subject is in a wakeful rest and 

spontaneous neural activity is recorded. Several studies have reported strongly 

functionally linked patterns of activity that form during resting state and these patterns 

are called resting state networks (RSN) (M. H. Lee, Smyser, and Shimony 2013; 

Damoiseaux et al. 2006). RSN are made of anatomically distinct regions that are 

functionally linked and are active during rest (van den Heuvel and Hulshoff Pol 2010). 

Several networks have been identified, where the most commonly studied one is the 

default mode network (DMN) which includes the prefrontal cortex, posterior cingulate 

cortex, and bilateral inferior parietal cortex (Raichle et al. 2001; M. H. Lee, Smyser, and 

Shimony 2013). The study of RSN has been adopted for clinical studies due to its 

robustness and reliability as RSN can be consistently identified across imaging sessions 

and across different patients (Shehzad et al. 2009; Damoiseaux et al. 2006; B. B. Biswal 

et al. 2010). Altered resting state behavior has been seen in several types of chronic pain 

patients. Chronic back pain patients have increased high frequency oscillations mainly 

located within the DMN (Baliki, Baria, and Apkarian 2011) and have shown the DMN 

has abnormal connections to pain processing regions (Tagliazucchi et al. 2010). Patients 

with chronic pain disorder showed the salience network and anterior DMN both fluctuate 

at higher frequencies compared to controls (Otti et al. 2013). A study showed the 

affective pain regions have higher connectivity in chronic migraine patients compared to 
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controls (Schwedt et al. 2013). These results show how resting state analysis is a 

powerful tool to determine how brain activity is altered by chronic pain.  

The discovery of RSN emphasized that the brain operates with functional sub-

networks. Analytical tools have been developed to model network functional connectivity 

within the brain such as graph theory (Bullmore and Sporns 2009). A graph consists of a 

collection of nodes and links between them. This can be applied to neuroscience by 

having the nodes represent anatomical brain regions and the links, or edges, represent 

functional connectivity. Several features can be extracted from the graph to gain an 

understanding of neural dynamics. Some of the most common features include degree, 

the number of edges per node, clustering, the ratio of connections relative to the total 

possible ones, characteristic path length, the average minimal number of links to reach 

any node from a specific node, and efficiency, a measure of how efficiently information 

is exchanged within the network (van den Heuvel and Hulshoff Pol 2010; Bullmore and 

Sporns 2009; J. Wang, Zuo, and He 2010). The presence of chronic pain is known to 

disrupt brain processing (Apkarian, Hashmi, and Baliki 2011). Graph theory analysis on 

chronic back pain patients was able to further explore how and showed that chronic pain 

disrupts the spatiotemporal structure of the DMN and showed altered community 

structures within the orbitofrontal cortex, insular cortex, and the posterior cingulate 

cortex, which indicates that chronic pain must be studied and modeled from network 

interactions (Baliki et al. 2008; Balenzuela et al. 2010). 

EEG and fMRI data both indirectly reflect neural activity. Studies have shown 

that the BOLD response is related to electrophysiological signals, mainly local field 

potentials and EEG signals (Goense and Logothetis 2008; Goldman et al. 2002; Debener 
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et al. 2005; Feige et al. 2005). The advantages of EEG and fMRI complement one 

another with EEG having high temporal resolution with poor spatial resolution and fMRI 

having low temporal resolution with high spatial resolution. As such, methods have been 

developed to integrate the two modalities together to have neuroimaging with both high 

temporal resolution and high spatial resolution. The most common strategy is EEG 

informed fMRI where EEG data is used to create a temporal regressor by convolving 

EEG parameters with the hemodynamic response function; the regressor is used to scan 

the brain and find regions of activation that can be explained by the electrophysiological 

signal (Warbrick et al. 2013; Jorge, van der Zwaag, and Figueiredo 2014; Murta et al. 

2015; Huster et al. 2012; Castelhano et al. 2014). This strategy has been used to study 

RSN and has shown how EEG power and microstates are related to various RSN 

(Mantini et al. 2007; Yuan et al. 2012, 2015). 

An analysis of how chronic pain disrupts sickle cell disease patients was 

conducted for this thesis work, using the available neuroimaging techniques and the 

developed tools to analyze functional imaging data. In Chapter Two, a thorough analysis 

of resting state fMRI was conducted utilizing group ICA techniques to analyze RSN and 

the seed-based technique was used to discover differences in connectivity within the 

cerebellum. Additionally, an EEG informed fMRI study was performed by measuring 

EEG power and EEG microstate time courses. In Chapter Three, an EEG power analysis 

was done to determine changes in frequency power and potential shifts in EEG power. 

An electrical source imaging analysis was used to determine which brain regions relate to 

altered frequency power. In Chapter Four, a graph theory analysis is performed on both 
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EEG and fMRI data to determine how global network connectivity is impacted by 

chronic pain.  
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Chapter 2 Simultaneous EEG-fMRI Analysis of SCD Patients 

Introduction  

Sickle cell disease (SCD) is an inherited blood disorder that can result in life-long 

pain (Platt et al. 1991). This disorder causes red blood cells to deform into sickle shapes 

with poor oxygen carrying ability leading to recurrent ischemia-reperfusion injury, end-

organ damage,  and pain (Rees, Williams, and Gladwin 2010). In SCD, treatment of pain 

is challenging because pain episodes can start in infancy and progressively increase 

throughout life, causing chronic pain. Moreover, recurrent episodes of acute pain requires 

hospitalization and impairs quality of life (Platt et al. 1991). Opioids remain the mainstay 

of analgesic therapy for chronic and acute pain (Samir K. Ballas, Gupta, and Adams-

Graves 2012). However, patients are often recalcitrant to opioid therapy, can be denied 

treatment due to “opioidphobia”, or are over-treated. Recently, some critical peripheral 

and spinal mechanisms underlying pain have been recognized using humanized sickle 

mouse models (Cataldo et al. 2015; Hillery et al. 2011; Kohli et al. 2010; Valverde et al. 

2016; Vincent et al. 2015).  

Recent observations suggest that “central sensitization” may underlie chronic pain 

due to constitutive sensitization of spinal dorsal horn neurons in sickle mice (Cataldo et 

al. 2015). However, the understanding of neural pathways and activities in the brain 

influenced by pain remain an unmet need in SCD. It is a challenge to examine the 

mechanisms in SCD patients due to disease heterogeneity and unpredictable episodes of 

acute pain. We hypothesized that non-invasive imaging methods, such as 

electroencephalography (EEG) and functional magnetic resonance imaging (fMRI) (B. 

He et al. 2011; Bin He and Liu 2008; Bin He and Michel 2011), can be utilized in order 
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to better understand the mechanisms of pain in SCD and develop methods to quantify and 

characterize pain in patients. Non-invasive imaging has been utilized in patients with 

epilepsy to localize seizure onset zones by recording resting state data in either fMRI or 

EEG (Lu et al. 2014; Zhang et al. 2015), and hence these same tools can be applied to 

chronic pain to find alterations in brain activity.  A recent study showed altered neural 

connectivity in the brain of SCD patients using fMRI (Darbari et al. 2015). 

Functional brain imaging studies have suggested that during resting state the brain 

is active and forms patterns of activity called resting state networks (RSN) (Fox et al. 

2005). Certain RSN have been identified using fMRI, including the default mode network 

(DMN), salience, sensory motor, and attention (Farmer, Baliki, and Apkarian 2012; 

Raichle et al. 2001). Altered DMN activity has been observed in a number of 

neurological disorders and chronic pain (Buckner, Andrews-Hanna, and Schacter 2008; 

Kucyi et al. 2014; Loggia et al. 2013). These abnormalities in functional connectivity 

suggest that chronic pain conditions alter resting state activity.  

In our study, we used traditional fMRI methods to assess altered connectivity in 

RSN. These methods included independent component analysis (ICA) and seed-based 

analysis (Nicolle Correa, Adalı, and Calhoun 2007; Greicius et al. 2009; Moeller et al. 

2011; Vollmar et al. 2012). EEG dynamics can be extracted by selecting unique EEG 

features and comparing their time courses to fMRI data (Bin He and Liu 2008; Z. Liu and 

He 2008). EEG-fMRI methods have been developed to study resting state in healthy 

subjects using techniques in frequency, spatial, and time domains. To have a more 

mechanistic understanding of how RSN are linked to neurophysiological manifestations, 

we included concurrent EEG in our study. EEG has high temporal resolution and direct 
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measurement of underlying neurological activity. There have been previous studies 

deploying EEG-fMRI to study DMN in healthy subjects (Hlinka et al. 2010; Laufs, 

Krakow, et al. 2003; Mantini et al. 2007). Our data show that non-invasive EEG-fMRI 

methods are well tolerated by patients with SCD without any adverse events; and that 

comparison with RSN activity in healthy subjects can be used to examine abnormalities 

in RSN activity in patients with SCD. 

Methods 

Healthy subjects  

We recruited 15 healthy volunteers, 8 of which were female. The mean age and 

standard deviation were 28.8 ± 10.7 years, respectively. The healthy subjects’ ethnicity 

included 6 African Americans, 1 Hispanic, 1 Asian, and 7 Caucasian. All subjects met the 

MR safety criteria and gave their written informed consent. None of the subjects reported 

any previous neurological or psychiatric disorders, psychoactive medication or history of 

drug abuse. The study was approved by the Institutional Review Boards of the University 

of Minnesota. 

SCD patients  

A total of 15 patients with SCD were recruited to participate in the study. There 

were 7 female patients, and the mean age and standard deviation was 24.5 ± 6.8 years, 

respectively. There were 2 patients that were under the age of 18 in this study. Patients 

were asked to rate their pain on the day of the study on a scale of 0 to 10 (with 10 being 

the worst pain imaginable) and were allowed to take all of their usual medications, 

including narcotic pain medications. A MR screening form was completed to ensure 

patients could safely participate in the study. All patients participated in this study with 
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written consent according to a protocol approved by the Institutional Review Board of the 

University of Minnesota. For the minor participants, written assent was obtained as well 

as consent from a parent or legal guardian. Patients were also asked if they were willing 

to share their medical records with the research staff. An additional informed consent was 

obtained for all patients willing to share their medical records. One patient was not 

comfortable sharing their medical records. 

EEG recording  

A 64-channel MR-compatible EEG cap was placed on the subject’s scalp. One 

electrode was placed on the subject’s back to record cardiac activity for noise removal 

purposes later on. Electrode impedances were brought below 20 kΩ. The EEG was 

amplified using MR-compatible amplifiers (BrainAmp MR 64 plus, BrainProducts, 

Germany) and recorded at 1000 Hz. Recordings of EEG were done outside the scanner 

for all controls and all patients. EEG was recorded both inside and outside of the scanner 

on the same day of the experiment for 11 patients and 13 controls. For the remaining 

patients and controls, fMRI was obtained separately from EEG recordings. During 

outside scanner recordings, the subject was told to sit still and rest with eyes open in a 

private room. Outside scanner recording lasted twenty minutes. During inside scanner 

recording, subjects were asked to have their eyes open and lie still in the scanner and not 

to fall asleep. Figure 2.1 shows the schematic diagram of the experimental procedure for 

EEG-fMRI. Each recording lasted for eight minutes. We collected at least a total of 

twenty minutes of simultaneous EEG-fMRI for each subject that received this procedure. 
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Figure 2.1 Schematic diagram of data analysis steps conducted on simultaneously recorded EEG 
and fMRI data. Power and microstate analysis were performed on EEG data and the resulting 
time courses were convolved with the hemodynamic response function (HRF) to obtain activation 
maps. Independent component analysis (ICA) and seed based analysis were performed on fMRI 
data to find activation maps. 
 
MRI recording  

We used a 3 T Siemens Magnetom Trio scanner (Erlangen, Germany) with 16 

channel head coil for all but one subject. The last subject’s data was obtained on a 3 T 

Siemens Magnetom Prisma scanner (Erlangen, Germany) with a 20 channel head coil due 

to upgrades being conducted at the Center for Magnetic Resonance Research at the 

University of Minnesota. Individual anatomical MRI data were collected which consisted 

of 240 contiguous sagittal slices with 1 mm slice thickness (matrix size: 256 * 256; FOV: 

256 mm * 256 mm; TR/TE=20 ms/3.3 ms) on a 3T MRI system (Siemens, Erlangen, 

Germany). Additionally, each subject was instructed to lie quietly in the scanner for two 

to three functional scans, each lasting eight minutes. Whole-brain functional images with 

blood-oxygen-level dependent (BOLD) contrast were acquired using gradient echo planar 

imaging sequence (40 axial 3-mm thick sequential slices with 0.3-mm gap; TR/TE = 

2500 ms/30 ms; flip angle = 90°; matrix size: 64 * 64; FOV: 192 mm * 192 mm).  

EEG preprocessing 
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The MR gradient artifact was removed using a principle component analysis 

(PCA)-based optimal basis set (OBS) algorithm (Niazy et al. 2005). ECG recordings 

which were collected from the electrode placed on the subject’s back were used to detect 

and remove the cardioballistic artifact (CBA). The timing of each heartbeat artifact in the 

channel was determined using an R-peak detection algorithm adapted from (Z. Liu et al. 

2012). The final artifact correction procedure is based on a combination of ICA, OBS, 

and an information-theoretic rejection criterion (Z. Liu et al. 2012). In this process the 

signal is decomposed into independent components, which are rejected if the mutual 

information between the component’s time course and the CBA artifact is sufficiently 

high. The remaining components are then divided into epochs around each heartbeat and 

an optimal basis set is obtained across all epochs to fit and remove the artifacts. Detection 

of bad electrodes and data epochs was performed before CBA detection, and again after 

CBA correction. Electrodes were first re-referenced to a common average of electrodes 

connected to the same amplifier, and then to the combined average. Together with EEG 

data obtained from outside of MR scanner, the EEG signal was filtered and down-

sampled to 256 Hz.  

fMRI preprocessing  

All fMRI data were pre-processed for slice scan time correction, 3-D motion 

correction and temporal filtering using SPM8 software (Ashburner et al., others 2012). 

All brains were aligned to the anterior-posterior commissural line and normalized by 

transformation into MNI space (Montreal Neurological Institute). The fMRI data were 

then spatially co-registered to the structural MRI. Smoothing was performed in SPM8 to 

three times the size of the original voxels using full width at half maximum (FWHM). 
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The first 10 images from each fMRI session were removed to ensure all fMRI data had 

reached a steady state of excitation. 

BOLD signal comparison 

A major concern of this study was whether the fMRI data from patients would 

accurately reflect neurological activity due to the nature of their disease. The BOLD 

signal measures changes in blood oxygenation. SCD directly affects red blood cells and 

this could induce changes in BOLD signals that do not reflect neural activity. In order to 

determine if alterations observed in fMRI reflect true neural activity or abnormalities in 

blood flow caused by SCD we compared the hemodynamic response function (HRF) of 

patients and controls. The spontaneous HRF was obtained from resting state data using a 

previously described method (G. R. Wu et al. 2015; G.-R. Wu et al. 2013). The raw 

BOLD signal was obtained from several brain regions using MarsBaR (Matthew Brett et 

al. 2002). The percent signal change was calculated for each BOLD time course across all 

subjects. The spontaneous HRF was found by setting a peak threshold to at least 0.6 

percent signal change. The average HRF were found for both controls and patients and 

are plotted in figure 2.2. The peak widths and peak prominence for each region were 

recorded and displayed in table 2.1. No significant differences between controls and 

patients were found in any of the regions studied. Since the HRF seems stable in patients, 

we believe this suggests that fMRI data reflects neural activity rather than abnormalities 

in vasculature in patients. It should also be noted that many patients were in no to little 

pain during our experiments, meaning they were in a relatively stable condition. Recent 

studies have also shown that during resting state, SCD patients have increased cerebral 

blood flow compared to healthy controls to compensate for decreased oxygen levels so 
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that oxygen delivery at rest is normal (A. M. Bush et al. 2016; Jordan et al. 2016). This 

suggests fMRI measurements should be normal during rest in SCD patients. 

Table 2.1 
      Characteristics of hemodynamic response function (HRF) for patients and controls in 

different brain regions 

HRF Characteristic Peak Width (s) Peak Prominence (% Change) 
ROI Patients Controls p-value Patients Controls  p-value 

Cuneus 5.111293 5.655936 0.255852 1.157787 1.436841 0.137429 
Fusiform 5.899524 5.229846 0.195902 0.996871 1.246177 0.070719 
Inferior Parietal 5.633893 5.763587 0.713935 0.906336 1.086704 0.253439 
Mid Cingulate 5.746368 5.947603 0.592804 0.988434 1.236614 0.105184 
Mid Occipital 5.825247 5.762134 0.891424 0.865477 1.271622 0.061947 
Cerebellum 5.295872 5.170938 0.770602 1.112825 1.165956 0.735398 
Insula 5.188698 5.566975 0.318844 0.949436 1.112952 0.115258 
Supramarginal gyrus 5.634376 5.578053 0.903875 0.960899 1.121443 0.175291 

Summary of BOLD analysis results showing the average peak width and average peak 
prominence of the hemodynamic response function (HRF) of patients and controls. Eight 
randomly selected regions in the brain were chosen to detect if there was any significant 
differences in the HRF characteristics. The peak width is measured in seconds, and the peak 
prominence is measured in percent change. 
  
Independent component analysis of fMRI data 

ICA in the spatial domain was performed using the Group ICA of fMRI toolbox 

(GIFT) (Rachakonda et al. 2007). Detailed methodological principles of ICA 

decomposition using blind source separation, the method implemented in GIFT, were 

previously described (Nicolle Correa, Adalı, and Calhoun 2007; N. Correa et al. 2005). 

First, PCA was applied to data from each subject to reduce the computational cost of the 

analysis. Thirty independent components were computed using the infomax algorithm. 

Back reconstruction computed spatial maps and time courses for each component for all 

subjects. The voxel intensities of each independent component mean group maps were 

converted to z-scores. A higher z-score represents a higher correlation coefficient. The 
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ratio of low frequency power to high frequency power was calculated for each 

component. This ratio was used to help determine if the component was noise. The higher 

the ratio value, the more likely the component is an acceptable signal. A threshold of p = 

0.05 corrected for false discovery rate (FDR) was applied to group average maps. 

 

Figure 2.2 Blood-oxygen-level dependent (BOLD) responses in terms of percent signal change 
across time for both patients and controls. A. Average BOLD responses located in the right 
cuneus region. B. Average BOLD responses located in the right cerebellum. C. Average BOLD 
responses located in the left inferior parietal cortex. D. Average BOLD responses located in the 
right supramarginal gyrus. Responses from four of the eight regions tested are shown here. No 
region showed significant differences between patients and controls. 

The “spectral group compare” toolbox in GIFT was used to calculate the power 

density to evaluate the frequency distribution of the time courses for each RSN. The 

frequency range was spaced into three equally spaced bins between 0 and 0.25 Hz at 0.8 
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Hz intervals. Control and patient comparison was done using one-sample t-tests for each 

frequency bin. 

Seed based analysis  

Connectivity was assessed using the CONN functional connectivity toolbox 

(Whitfield-Gabrieli and Nieto-Castanon 2012). Functional and anatomical data for each 

subject was loaded into the toolbox. First-level analysis was done using all regions of 

interest (ROIs) listed in the CONN toolbox to perform individual ROI to ROI and ROI to 

voxel analysis for all subjects. Second-level analysis was done for control and patient 

groups. Connectivity ROI to ROI maps were plotted showing connection strength and 

polarity, and a p-value of 0.05 (FDR corrected) was used to threshold the maps. ROI to 

ROI maps were used to identify important seeds that showed altered connectivity 

between control and patient groups. The right cerebellum Crus I seed was identified as 

having significant negative connectivity differences between patients and controls and 

this seed was used in a ROI to voxel analysis. The ROI to voxel analysis used a p-value 

of 0.05 (FDR corrected) to threshold the significant clusters with negative connectivity to 

the seed region in patients. The connectivity to these regions was obtained in both 

controls and patients to validate significant differences between the two groups. The 

connectivity values of the patients were also compared to the clinical data to find any 

correlations between connectivity and disease severity. 

EEG-informed fMRI 

Spontaneous power fluctuations over different frequency bands were calculated 

from EEG data. Frequency bands include delta (2-4 Hz), theta (5-7 Hz), alpha (8 -12 Hz), 

beta1 (13-21 Hz), and beta2 (22-30 Hz). The method for obtaining power fluctuations 
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was previously discussed (Laufs, Krakow, et al. 2003; Laufs, Kleinschmidt, et al. 2003). 

An averaged time course was obtained from the occipital electrodes, which best reflects 

alpha activity. Enhancing alpha activity was done because the DMN has been linked to 

this frequency band (Knyazev et al. 2011; Laufs, Kleinschmidt, et al. 2003; Mantini et al. 

2007). The average time course was used to build a spectrogram. The calculated power 

values were averaged across the specified frequency bands within the spectrogram and 

mean-scaled to standardize the range of each frequency band to get the final power 

fluctuation time courses; this method is shown in the bottom path of figure 2.3. An EEG 

microstate analysis was also performed using methods previously described (Yuan et al. 

2012). A total of 30 microstates were calculated for the entire group by finding the peaks 

in the global field power, and the noisy ones were eliminated from further analysis. The 

analysis was performed by concatenating the group data together to get the final 

microstates. The normalized microstate time course, where only one microstate is 

dominant at any specific time point, was used for EEG-fMRI analysis. The top path of 

figure 2.3 displays the major steps of the microstate analysis method. 

EEG time courses were convolved with the HRF in order to correlate the EEG 

data to the fMRI results; the time courses for both methods are shown before and after 

HRF convolution in figure 2.4. Correlations were determined by using a general linear 

model (GLM). The GLM was implemented using SPM8 software. The design matrix was 

formed by using the convolved EEG time courses from the methods described above as 

well as the six rigid-body motion correction parameters as regressors. The model was 

estimated using the classical method in SPM8. First level analysis was used to generate 

single subject activation maps. For the power analysis, both a positive and negative 
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contrast was applied to each frequency band regressor. Only a positive contrast was 

applied to each microstate regressor. Group analysis was performed using a second level 

factorial design analysis in SPM. Contrast images were obtained to compare differences 

between controls and patients.  The total number of healthy controls was 13 and the total 

number of patients was 11 for group analysis. A FDR correction was applied to the group 

images. The p-value was set to 0.05 and these are the only voxels reported as statistically 

significant. Statistical maps were imported into MRIcron software for display (Rorden 

and Brett 2000).  

 

Figure 2.3 Graphic diagram of data analysis steps for simultaneous EEG-fMRI methods. The 
preprocessed EEG data were analyzed using two methods. The top chart shows the microstate 
analysis method. The peak points of the global field power were concatenated together to identify 
thirty independent components using ICA. After eliminating noisy components, nine group 
microstates were identified for further analysis. The time course for each microstate was 
normalized so that only one microstate would be active for any given time point. The bottom 
chart shows the basic steps for spontaneous power analysis. An average time course was 
determined from a specific brain region. The averaged time course was used to construct a 
spectrogram so that the average time course for EEG frequency bands could be found. The 
frequency band time courses were mean-scaled so that their ranges would be comparable to each 
other. Finally, the normalized time courses were convolved with the hemodynamic response 
function to be used as regressors in a general linear model with fMRI data. 
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Figure 2.4 EEG time course transitions to regressors. A. Mean-scaled EEG power waveform time 
courses for two selected frequency bands, alpha and beta1. B. Effect of hemodynamic response 
function (HRF) convolution with EEG power time courses. C. Absolute intensity time course for 
one selected microstate. D. Effect of HRF convolution with normalized microstate time course. 
HRF convolved time courses (B, D) are used as the final regressors for EEG informed fMRI 
analysis. 
 

A ROI analysis was performed on the EEG-fMRI beta1 power results, where a 

significant cluster was observed in the “patients > controls” contrast image. The z-score 

of the ROI was obtained from back-projected RSN maps from our previous GIFT 

analysis. The salience network was chosen for the RSN due to the nature of the group 

activation for the beta1 band. The z-scores were obtained from both controls and patients, 

and compared to our clinical variables to find correlations that reflect disease severity. 

The average activation time of each microstate was calculated for both controls and 
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patients by finding the total times a microstate was dominant and dividing it by the total 

time points within the EEG recording. A two-sample t-test was used to compare average 

activation time of each microstate between controls and patients. The average activation 

time was also used to find correlations with the clinical variables. 

Results   

Patient Summary 

We had 15 patients participate in our study with ages ranging from 16 to 38 years. 

The relevant clinical variables are listed in table 2.2. One patient did not wish to disclose 

their medical records. Most patients had no pain on the day of the experiment and so the 

average pain score is fairly low. Due to the lack of variability, we did not find any 

correlations with our neural data to this parameter. Clinical parameters reflecting pain 

history and disease severity were used for all clinical correlation analyses. The 

medications used by the patients recruited for the study are listed in table 2.3. The most 

common medications used included folate, hydroxyurea, ibuprofen, and oxycodone. 
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Table 2.2 

Patient summary of demographics and characteristics of 
clinical variables 
Clinical Variables Value   
Age (years) 24.5 (±6.8) (N = 15 ) 
Female (%) 47 (N = 15) 
Pain Score 0.73 (±1.6) (N = 15) 
Hydroxyurea therapy (%) 57 (N = 14) 
Systolic blood pressure (mm Hg) 122 (±14) (N = 14) 
Diastolic blood pressure (mm Hg) 70 (±10) (N = 14) 
Hemoglobin (g/dL) 10 (±2) (N = 14) 
Hemoglobin F (%) 6 (±6) (N = 14) 
Reticulocyte count (k/uL) 283 (±174) (N = 14) 
White blood cell count (k/uL) 10 (±3) (N = 14) 
Platelet count (k/uL) 295 (±90) (N = 14) 
Chronic red cell transfusion (%) 14 (N = 14) 
Emergency room visits in past 2 years 11 (±14) (N = 14) 
Hospitalizations in past 2 years 7 (±7) (N = 14) 
Sickle Cell Type % N 
Hemoglobin SS 57 8 
Hemoglobin SC 21 3 
Hemoglobin SB+ Thalassemia 7 1 
Hemoglobin SB0 Thalassemia 14 2 

Summary of recruited patients’ demographic and clinical variable information. Values are mean ± 
standard deviation unless specified otherwise. N indicates the number of patients included for the 
summary. 
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Table 2.3 

Summary of all medications used by 
recruited patients 
Medications % N 
Albuterol Inhaler 21 3 
Aspirin 7 1 
Benztropine 7 1 
Celebrex 7 1 
Clozapine 7 1 
Deferasirox 14 2 
Desyrel 7 1 
Diphenhydramine 14 2 
Escitalopram 7 1 
Folate 57 8 
Fondaparinux 7 1 
Gabapentin 21 3 
Haldol 7 1 
Hydroxyurea 57 8 
Ibuprofen 57 8 
Meloxicam 14 2 
Topiramate 7 1 
Zolpidem 7 1 
Narcotic Pain Medications % N 
Dilaudid 7 1 
Methadone 7 1 
Morphine 7 1 
MScontin 14 2 
Oxycodone 57 8 
Tramadol 14 2 

Summary of recruited patients’ medication. N indicates the number of patients using the type of 
medication.  Several patients were taking more than one type of medication. 

Resting State Networks using ICA  

Figure 2.5 displays nine identified RSN detected by the ICA approach in controls 

and patients. The RSN found in our subjects are similar to RSN identified in past studies 

(Di and Biswal 2014; Heine et al. 2012; M. H. Lee, Smyser, and Shimony 2013; van den 

Heuvel and Hulshoff Pol 2010). RSN1 corresponds to the cerebellum network with 
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activity mainly in the cerebellum. RSN2 and RSN3 relate to the posterior and anterior 

DMN, respectively. The DMN activity is found in precuneus/posterior cingulate cortex 

(PCC), medial frontal cortex, and inferior parietal regions, with either posterior or 

anterior localization. The visual network with activation in the occipital cortex is RSN4. 

RSN5 has activity in the primary motor cortex (precentral gyrus), primary somatosensory 

cortex (postcentral gyrus), and supplementary motor area (SMA), which corresponds to 

the sensory motor network. The right and left executive control network (ECN) are 

shown in RSN6 and RSN7, respectively. The superior parietal and superior frontal 

regions, either right or left lateralized, were active for the ECN. RSN8 was identified as 

the dorsal attention network with activity mainly in the intraparietal sulcus. Finally, 

RSN9 is related to the salience network with activity in bilateral insular cortex. 

The contrast images of RSN1, RSN2, RSN3, RSN6 and RSN9 are shown in 

figure 2.6. The group result of patients’ RSN is subtracted from the group result of 

controls’ RSN, where orange shows regions where controls have greater connectivity and 

blue shows regions where patients have greater connectivity. For RSN1, the controls have 

greater connectivity to the cerebellum, but patients have more connectivity to the 

periaqueductal gray (PAG), a major node in the descending pain pathway (M. C. Lee and 

Tracey 2013; Vanegas and Schaible 2004). The contrast images show that controls have 

stronger connectivity to DMN regions for both RSN2 and RSN3, with greater 

connectivity in the PCC and the medial frontal cortex, respectively. Patients had greater 

connectivity in the supramarginal gyrus  for the posterior DMN and greater connectivity 

in the paracentral lobule for the anterior DMN. Controls had greater connectivity in 

precuneus, and right posterior parietal cortex for RSN6, where patients had greater 
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connectivity to the basal ganglia. For RSN9, only the patients showed greater 

connectivity in the right insula cortex.  

 

Figure 2.5 Resting state networks (RSN) identified using ICA for healthy controls and SCD 
patients. RSN1 is the cerebellum network. RSN2 is the posterior DMN. RSN3 is the anterior 
DMN. RSN4 is the visual processing network. RSN5 is the sensory motor network. RSN6 is the 
right executive control network. RSN7 is the left executive control network. RSN8 is the dorsal 
attention network. RSN9 is the salience network. 
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Figure 2.6 Contrast images of resting state networks (RSN) showing patients subtracted from the 
healthy controls. The blue color shows activation areas where patients have more connectivity, 
and the yellow color shows activation areas where controls have more connectivity. Contrast 
image of RSN1 shows significant differences observed in the cerebellum for controls, and in the 
periaqueductal gray matter for patients. Contrast image of RSN2shows significant differences 
observed in posterior cingulate cortex for controls, and in supramarginal gyrus for patients. 
Contrast image of RSN3 showssignificant differences observed in medial frontal cortex for 
controls, and in the paracentral lobule for patients. Contrast image of RSN6 shows significant 
differences observed in posterior parietal cortex for controls, and in basal ganglia for patients. 
Contrast image of RSN9 shows significant differences observed in right insula cortex for patients. 
 

The average number of significant voxels was computed for all RSN activation 

maps for both control and patient groups, shown in figure 2.7A. Overall, controls tended 

to have more active voxels than patients, where patients had more voxels than controls 
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only in RSN1 and RSN9. The only significant differences were found to be in RSN3 (p-

value = 0.007), RSN6 (p-value = 0.038), and RSN7 (p-value = 0.020). A negative 

correlation was found between the number of active voxels in RSN6 and the amount of 

transfused red blood cells, shown in figure 2.7B. A greater amount of red blood cell units 

indicates a worse disease severity. The executive control had significantly reduced 

activity in SCD patients, and this deficit was linked to disease severity. 

 

Figure 2.7 Statistical analysis of voxel count for identified resting state networks (RSN).  A. Bar 
plot of the average number of active voxels for healthy controls and patients across all resting 
state networks identified from ICA. The * shows significance where p < 0.05, and the ** shows 
significance where p <0.01. Standard deviation is displayed using error bars. B. Scatter plot 
showing relationship of number of active voxels for RSN6 and the amount of transfused red 
blood cells. The linear trend line is plotted and the significance of the relationship is shown to be 
p < 0.05. The less amount of voxels active in RSN6 correlates to greater transfused red blood 
cells which indicates increased disease severity. 
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Frequency Analysis of RSN 

A frequency analysis of the RSN using GIFT is shown in figure 2.8. The power 

spectra between the two groups were assessed at 3 equally spaced frequency bins (0 - 

0.08 Hz; 0.08 - 0.16 Hz; 0.16 – 0.25 Hz). Bar plots have a T-value contrast showing 

patients subtracted from controls. It was observed that patients’ RSN1, RSN2, RSN6, 

RSN7, and RSN8 tend to modulate at a higher frequency compared to controls. For these 

networks, the frequency bin ranging from 0.16 – 0.25 Hz had the most power for patients. 

Controls had more power in the lowest frequency bin ranging from 0 – 0.08 Hz for all 

RSN except RSN9. Only intermittent points were found to be significant (p < 0.01) with 

the RSN2 having the only significant point showing patients having higher fluctuations.  

 

Figure 2.8 Bar plots showing spectral power analysis result for each RSN. Frequency comparison 
was done by subtracting patients from controls. The T-value of this result is displayed in the bar 
plots. A negative T-value represents greater power observed in patients. The frequency was 
compared across three equally spaced bins with the ranges of 0 – 0.08 Hz, 0.08 – 0.16 Hz, and 
0.16 – 0.25 Hz. 
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Connectivity in Cerebellum 

CONN functional connectivity toolbox was used to perform an ROI to voxel 

group level analysis with the seed placed in the right cerebellum Crus I. This seed 

location was chosen to further explore the cerebellum’s influence on resting state in SCD 

patients and based on significant differences observed in ROI to ROI maps. The 

statistically significant clusters that showed negative connectivity in the patient group are 

shown in figure 2.9A, where each cluster was named ROI1-ROI3. The cluster size, MNI 

coordinates of the primary peak location, and the regions within the ROI for all ROIs are 

shown in table 2.4. The negative connectivity values showed a significant positive 

correlation with the number of units of red blood cells transfused over the past two years 

for both ROI1 (R² = 0.6215, p-value = 0.0008) and ROI2 (R² = 0.5566, p-value = 0.002); 

seen in figure 2.9B. The amount of red blood cell transfusions is indicative of disease 

severity in SCD; where a zero indicates no transfusions were needed for the patient. The 

connectivity values to each of these three regions were also obtained for the controls. A 

box plot showing the differences between connectivity values between controls and 

patients to all ROIs is displayed in figure 2.9C. Significant differences were observed in 

all ROIs, where patients had greater negative connectivity in all of the regions (ROI1 p-

value = 0.003, ROI2 p-value = 0.03, ROI3 p-value = 0.007). 
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Table 2.4 
   Description of significant regions with negative connectivity to the right cerebellum crus I 

in patients 
Region of 
Interest ROI 1 ROI 2 ROI 3 
Cluster Size 
(voxels) 1714 648 435 
MNI 
Coordinates 
(x,y,z) (49,-11,21) (-42,-24,23) (-4,-7,53) 
Included  Central Opercular Cortex Parietal Operculum Cortex Supplementary  
Regions  Postcentral Gyrus Central Opercular Cortex Motor Cortex 
  Precentral Gyrus Postcentral Gyrus Precentral Gyrus 
  Parietal Operculum Insular Cortex 

   Supramarginal Gyrus Precentral Gyrus   
  Insular Cortex Planum Temporale   
  Heschl's Gyrus Heschl's Gyrus   
  Planum Temporale Suparmarginal Gyrus   
  Planum Polare     

Significant clusters in patients with functional negative connectivity to the right cerebellum crus 
I. The cluster size is measured in number of voxels, and the primary peak location MNI 
coordinates are listed. Any regions within the cluster are also listed. 

EEG-fMRI power analysis 

Figure 2.10 compares spontaneous power analysis images of healthy controls and 

SCD patients. The medial prefrontal and frontal cortex was positively correlated with the 

alpha band in healthy controls. A positive correlation means that this region activates 

when alpha power increases. The dorsolateral prefrontal cortex (PFC), orbitofrontal PFC, 

and PCC activity was seen in this frequency band for SCD patients. However, no contrast 

image between patients and controls showed significant clusters (figure 2.10A).  The 

beta1 power band had a positive correlation with bilateral insula cortex activation in SCD 

patients; this was not seen in healthy controls.  A contrast image showed that the left 

insula had significantly greater activity in the beta1 band in patients (figure 2.10B). The 

left insula activation was taken as a ROI to extract z-scores from back-projected salience 
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network maps from all subjects, please see Methods 2.10 for more details. There was a 

significant negative correlation between z-scores and age in controls (R² = 0.5927, p-

value = 0.002), shown in figure 2.10C, and a significant positive correlation between z-

scores and age in patients (R² = 0.6337, p-value = 0.003), shown in figure 2.10D. 

 

Figure 2.9 Cerebellum connectivity analysis. Seed location placed in cerebellum crus I.  A. 
Significant clusters that have negative connectivity to seed region in patients. Three different 
views are shown. Regions of interest (ROI) are labeled 1 – 3. ROI1 included parts of the central 
opercular cortex, postcentral gyrus, precentral gyrus, parietal operculum, supramarginal gyrus, 
insular cortex, Heschl’s gyrus, planum tempolare, and planum polare. ROI2 included parts of 
parietal and central operculum cortex, postcentral gyrus, precentral gyrus, insular cortex, planum 
tempolare, Heschl’s gyrus, and supramarginal gyrus. ROI3 included parts of the supplementary 
motor cortex and precentral gyrus. B. Scatter plots of significant correlations with clinical 
variable red blood cell units. The linear trend line of ROI1 had p < 0.001 and the linear trend line 
of ROI2 had p < 0.005. Both relationships showed reduced magnitude of negative connectivity 
related to increased red blood cell units. C. Box plot showing differences of negative connectivity 
values between patients and controls. Patients all showed significant negative connectivity in 
each region compared to controls. The * shows significance where p < 0.05, and the ** shows 
significance where p < 0.005. 
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Figure 2.10 EEG-fMRI spontaneous power results. A. Power analysis group results for positive 
correlation to the alpha power band. Positive correlation clusters seen in prefrontal and frontal 
cortex in controls, and in prefrontal cortex, inferior parietal cortex, and dorsolateral prefrontal 
cortex in patients. Contrast images revealed there were no significant clusters in alpha band 
where either controls showed more connectivity or patients showed more connectivity. B. Power 
analysis group results for positive correlation to the beta1 power band. Positive correlation 
clusters seen in precentral gyrus in controls, and bilateral insula cortex in patients. Contrast 
images revealed that patients showed greater connectivity in the left insula. C. Scatter plot of how 
z-scores from left insula cluster in controls relate to age. A negative correlation was observed 
with p < 0.005. D. Scatter plot of how z-scores from left insula cluster in patients relate to age. A 
positive correlation was observed with p < 0.005. Disease severity increases with age in patients. 
 
EEG-fMRI microstate analysis  

Group microstate results are shown in figure 2.11. A total of nine microstates 

were found for this group of subjects. Two microstates had significantly greater average 

activation time in patients compared to controls, these included microstate 4 (p-value = 
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0.04) and microstate 5 (p-value = 0.02), shown in figure 2.11A. The average activation 

time was compared to the clinical variables, and two significant relationships were found 

(figure 2.11B). Microstate 5 had a positive correlation between activation time and the 

unit of red blood cells transfused in the past 2 years (R² = 0.5952, p-value = 0.03). 

Microstate 8 had a positive correlation between activation time and the number of 

hospitalizations in the past 2 years (R² = 0.402, p-value = 0.04). These two microstates 

were further examined by analyzing contrast images displayed in figure 2.11C-D. The 

controls had significant clusters in the left inferior parietal cortex and precuneus for 

microstate 5, where the patients had significant clusters in left insula, left putamen, 

amygdala, left superior temporal gyrus, hippocampus, and the brainstem (figure 2.11C). 

Microstate 8 had no significant clusters for greater connectivity in controls; however, 

patients showed significant clusters in the supplementary motor area, left precentral 

gyrus, left primary somatosensory cortex, dorsolateral PFC, precuneus, and midcingulate 

cortex (figure 2.11D).   

Discussion  

The multimodal non-invasive imaging utilizing simultaneous EEG and fMRI was 

feasible in patients with SCD, without causing any discomfort or adverse events due to 

the procedure. To our knowledge, this is the first multimodal fMRI-EEG study on resting 

state alterations in patients with SCD. We assessed RSN connectivity using fMRI 

analysis techniques and EEG-informed fMRI analysis methods. In particular, EEG 

dynamics enhanced our results by identifying additional pain processing areas active in 

patients, and detecting enriched temporal information regarding RSN fluctuations due to 

the high temporal resolution of EEG.  
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Figure 2.11 EEG-fMRI microstate analysis.  A. Bar plot of the average activation time of each 
microstate or independent component (IC) for controls and patients. The * shows significance 
where p < 0.05, and the standard deviation is displayed using error bars. B. Scatter plots of 
significant correlations with clinical variables. The average activation time of microstate 5 (IC5) 
was positively correlated with red blood cell (RBC) units with p < 0.01; the linear trend line is 
also plotted. The average activation time of microstate 8 (IC8) was positively correlated with the 
number of past hospital visits with p < 0.05; the linear trend line is also plotted. C. The contrast 
image of microstate 5. The yellow color indicates clusters where controls had greater connectivity 
and the blue color indicates clusters where patients had greater connectivity. Controls had greater 
connectivity in the left parietal cortex, and patients had greater connectivity in midbrain, insular 
cortex, amygdala, superior temporal gyrus, hippocampus and putamen. The topography of the 
microstate is shown in the lower right hand corner. D. The contrast image of microstate 8. 
Patients had greater connectivity in the supplementary motor area, precentral gyrus, postcentral 
gyrus, dorsolateral prefrontal cortex, precuneus, and midcingulate cortex. The topography of the 
microstate is shown in the lower right hand corner. 
 
Imaging modalities 

Chronic pain has been studied using fMRI and EEG as functional imaging 

modalities. fMRI studies have indicated that chronic pain patients have altered frequency 

activity in PFC, thalamus, and DMN (Apkarian et al. 2005; M. C. Lee and Tracey 2013). 

In SCD patients, fMRI has demonstrated decreased BOLD signal magnitude and greater 

connectivity to nociceptive regions for patients with high pain (Darbari et al. 2015; Zou 
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et al. 2011). The high spatial resolution of fMRI allows accurate localization of 

functional areas; however, due to limited temporal resolution, fMRI results are limited 

because they cannot describe the intricate temporal patterns of activation areas (B. He et 

al. 2011). EEG studies in chronic pain patients and SCD patients have shown altered 

responses to evoked stimuli (Colombatti et al. 2015a; Flor, Diers, and Birbaumer 2004). 

EEG can better describe temporal dynamics of the pain response, but has limited spatial 

resolution, so determining functional areas related to the response can be challenging (B. 

He et al. 2011). However, by combining EEG and fMRI we can better recover “where” 

and “when” a functional area was active. EEG-fMRI was studied in acute pain, where 

EEG regressors helped explain additional variance (Christmann et al. 2007; Mobascher et 

al. 2009). In our study, we used EEG-fMRI to analyze chronic pain. Our EEG-fMRI 

analysis revealed additional frequency information about DMN and saliency network, as 

well as show additional activation in pain processing areas in patients. These results 

indicate that combining these two modalities reveals more information about neural 

signals than using either method alone.  

Pain areas  

The most consistent regions associated with nociception across studies include the 

primary somatosensory cortex, secondary somatosensory cortex, anterior cingulate 

cortex, insular cortex, PFC, thalamus , basal ganglia, PAG, and cerebellum (Apkarian, 

Hashmi, and Baliki 2011; Apkarian et al. 2005; M. C. Lee and Tracey 2013; Shao et al. 

2012; Tracey et al. 2002). Different types of chronic pain patients have shown abnormal 

activity in the striatum, insular cortex, basal ganglia, and PFC when compared to controls 

(Casey, Lorenz, and Minoshima 2003; Jääskeläinen et al. 2001; Napadow et al. 2010; 
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Wood et al. 2007). SCD patients associated with high pain intensity were found to have 

greater connectivity to pronociceptive areas such as anterior cingulate cortex, primary 

somatosensory cortex, secondary somatosensory cortex, midcingulate cortex, and insula 

(Darbari et al. 2015). The dorsolateral PFC has also been implicated in pain processing 

and has been shown to reflect pain characteristics in chronic back pain patients (Apkarian 

et al. 2004; Graff-Guerrero et al. 2005; Lorenz, Minoshima, and Casey 2003). Our fMRI 

analysis showed that SCD patients have increased connectivity in the insular cortex, basal 

ganglia, and PAG regions to various RSN. Furthermore, our EEG-fMRI analysis revealed 

additional areas of connectivity for pain processing including the primary somatosensory 

cortex and dorsolateral PFC. The increased connectivity in these regions could be a result 

of the chronic pain caused by SCD and supports the theory that central mechanisms are 

involved in sickle pain (Darbari et al. 2015). 

Resting state network connectivity  

We were able to identify nine RSN in patients and controls using ICA, many of 

which were similar to a previous study using resting state fMRI with SCD patients 

(Darbari et al. 2015). Differences within these RSN were found using both traditional 

fMRI methods as well as using EEG-fMRI analysis. Several RSN with altered 

connectivity were also shown to have some relationship with clinical measures of chronic 

pain history or disease severity. 

Default Mode Network 

The DMN function relates to internal processes including mind-wandering, social 

cognition, emotional processing, and other stimulus-independent thoughts (Heine et al. 

2012; M. H. Lee, Smyser, and Shimony 2013; van den Heuvel and Hulshoff Pol 2010). 
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The anterior DMN had significantly reduced active voxels in patients compared to 

controls. Additionally, both DMN components showed increased connectivity to sensory 

related regions in patients. This has been observed in other chronic pain patients (Baliki 

et al. 2014; Loggia et al. 2013). EEG-fMRI analysis also showed the DMN had increased 

connectivity to sensory regions. While the results for alpha band showed reduced DMN 

activity, activity was also shown in dorsolateral PFC. Microstate 5 had increased 

connectivity in inferior parietal cortex, a DMN node, where patients had increased 

connectivity to several regions associated with pain processing. Additionally, the 

activation time of microstate 5 positively correlated with the amount of red blood cell 

transfusions. Microstate 8 showed the precuneus was connected to the primary 

somatosensory cortex, dorsolateral PFC, and other sensory regions in patients. Activation 

time of microstate 8 had a positive correlation to the number of hospitalizations. These 

results could indicate that the DMN in patients do have increased connectivity to 

sensory/pain related areas and that the activation time of the altered DMN microstates 

reflect the disease severity of the patient. These findings in reduced DMN activity in both 

our fMRI analyses and EEG-fMRI analyses are in agreement with other studies of 

chronic back pain using fMRI (Baliki et al. 2008). Additionally, we found the DMN had 

increased connectivity to sensory related areas such as supramarginal gyrus, paracentral 

lobule, dorsolateral PFC, and primary somatosensory cortex. We believe the increased 

connectivity is caused by patient’s chronic pain, as increased connectivity between DMN 

regions and sensory areas have been seen in SCD patients with high pain (Darbari et al. 

2015). Chronic pain in SCD patients is suitable to be studied from the angle of DMN as 
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the spontaneous painful sensation may produce salient percepts in the absence of 

exogenous input (Baliki et al. 2008; Foss, Apkarian, and Chialvo 2006).  

Executive Control Network 

The right and left ECN involve external processing such as perception, 

nociception, and decision-making (Heine et al. 2012; M. H. Lee, Smyser, and Shimony 

2013). The right and left ECN showed significantly reduced active voxels in our study. 

Chronic pain patients as well as SCD patients have been shown to have poor cognitive 

performance (Colombatti et al. 2015a; Karp et al. 2006; Moriarty, McGuire, and Finn 

2011; Nes, Roach, and Segerstrom 2009; Novelli et al. 2015; Zou et al. 2011). Delayed 

evoked potentials and altered cortical sources in SCD subjects have been observed, 

indicating a disease-specific alteration that may modify neural networks (Colombatti et 

al. 2015a). One rationale theorized for reduced ECN activity in chronic pain patients is 

that increased pain processing is taking away resources from the ECN, which results in 

poor performance in executive function tasks (Glass et al. 2011). Our results support this 

theory because we found increased connectivity to pain processing areas, such as basal 

ganglia, in the ECN. Moreover, we saw a correlation to the number of active voxels in 

the ECN to the amount of transfused red blood cells in SCD patients. 

Salience Network 

The salience network is involved processing noticeable stimuli, including pain 

related processing, as well as being known as the switching network, where the salience 

network chooses to enact either the DMN or ECN based on external input (Di and Biswal 

2014; Heine et al. 2012). The salience network was shown to have stronger connectivity 

within patients, where both our fMRI ICA analysis and EEG-fMRI power analysis in 
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beta1 band showed increased connectivity in the insula cortex. Functional neuroimaging 

studies have documented insular cortex activation is associated with different functional 

roles including modulation of affective-emotional processing, cognitive and affective 

processes during learning, and aversive pain processing (Paulus and Stein 2006). 

Emotional processing could have activated insular cortex in SCD patients because mild to 

severe depression is frequently (44%) seen in SCD patients (Hasan et al. 2003), and 

insula cortex is an important structure involved in depression (Sprengelmeyer et al. 

2011). Chronic pain is another candidate for insular cortex activation. Patients with 

chronic pain have been shown to have increased connectivity to insula cortex either 

between other RSN such as DMN, or between other pain processing regions (Baliki et al. 

2006; Cifre et al. 2012; Darbari et al. 2015; Loggia et al. 2013; Napadow et al. 2010). We 

observed a relationship between age and the z-score of the left insula to the salience 

network in both controls and patients. The controls had a negative correlation, indicating 

the left insula’s role in the salience network decreases with age. This most likely reflects 

how normal aging impairs the functional connectivity within the salience network (X. He 

et al. 2014). However, the opposite trend was seen in patients, where the left insula’s role 

in the salience network increased with age. It is known as SCD patients age, their chronic 

pain increases and their disease severity worsens (Darbari et al. 2012; Platt et al. 1994, 

1991). This means the increased involvement of left insula in salience network could be a 

result of increased pain severity. This is why we believe the increased connectivity 

observed in the salience network is reflective of chronic pain in SCD patients. 

Altered frequency behavior in SCD 
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Frequency analysis of BOLD signals have shown that RSN are characterized by 

low frequency oscillations (<0.1 Hz) in healthy patients (Broyd et al. 2009; Farmer, 

Baliki, and Apkarian 2012; Garrity et al. 2007; Hlinka et al. 2010). The DMN has been 

shown to shift to higher frequencies in the BOLD signal for patients with neural 

dysfunctions, such as schizophrenia and chronic back pain (Farmer, Baliki, and Apkarian 

2012; Garrity et al. 2007; Otti et al. 2013). The posterior DMN in our SCD patient 

population showed a similar shift to higher frequencies. The cause of the frequency shift 

is unknown, but it could result from the altered RSN connectivity (Garrity et al. 2007). In 

addition to our findings, altered RSN connectivity has been observed in SCD patients for 

the DMN and salience network previously (Darbari et al. 2015).  

 Resting state EEG data have revealed that DMN is linked to traditional EEG 

frequency bands including alpha, delta, beta, and theta (Hlinka et al. 2010; Knyazev et al. 

2012; Laufs et al. 2006; Laufs, Kleinschmidt, et al. 2003, 200; Scheeringa et al. 2008). In 

our study, the DMN of healthy controls and SCD patients positively correlated with the 

alpha power band; however, the DMN of patients had reduced activity. The salient 

network positively correlated with beta1 power for SCD patients, but not for controls. 

These observed differences in EEG frequency bands could reflect a similar trend in low 

frequency oscillations, where patients have altered frequency behavior compared to 

controls.  

Cerebellum connectivity 

 The cerebellum is known to be active during pain processing, but its actual 

function is not well understood (Apkarian et al. 2005; A. C. N. Chen 2001; M. C. Lee and 

Tracey 2013). Recent studies have tried to explore how or if the cerebellum contributes to 
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nociception. It has been theorized certain regions within the cerebellum are related to 

sensory processing, while others are related to other aspects of pain such as emotional 

processing (Diano et al. 2016; Dimitrova et al. 2003). Our study found altered activity 

within the cerebellum. Patients showed increased connectivity to PAG in the cerebellum 

RSN. Additionally, there was significant negative connectivity differences observed in 

our seed based analysis, where the seed location was the right cerebellum crus I. SCD 

patients had greater negative connectivity compared to controls and negative connectivity 

had a positive correlation to the amount of transfused red blood cells. Differences in 

negative connectivity in cerebellum crus I have been observed in other disorders such as 

schizophrenia and major depressive disorder (L. Liu et al. 2012; Shinn et al. 2015). These 

differences are thought to reflect impairment in emotional processing. The relationship 

observed in SCD patients could reflect how negative connectivity to each ROI, all related 

to sensory or emotional processing, is acting in an antinociceptive manner and reducing 

chronic pain and disease severity by impairing emotional and sensory processing. Disease 

severity increases as the magnitude of negative connectivity reduces. Irritable bowel 

syndrome patients have shown crus II is related to anxiety scores from these chronic pain 

patients (Rosenberger et al. 2012), which shows cerebellum regions can reflect emotional 

processing disruptions in chronic pain patients. Recently, different regions of the 

cerebellum have been shown to be linked to several RSN. In particular, crus I have been 

shown to be linked to the salience network and ECN (Borsook et al. 2008; Caulfield et al. 

2015). Our study showed that both the salience network and ECN have altered 

connectivity in SCD patients, and so this might also explain the negative connectivity in 

the patients. Negative connectivity is theorized to correlate to the shortest path length, 
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where accumulated phase delays along a pathway cause the negative functional 

connectivity (G. Chen et al. 2011). The negative connectivity observed could also be 

caused by the path length between the ROIs and the cerebellum. Overall, the cerebellum 

seems to have altered connectivity in patients that reflects disease severity. 

Study limitations  

One confounding factor in our findings of changes in network connectivity that 

may influence its specificity to pain is the role of medication. It is possible that 

medications for pain management are causing the altered connectivity and frequency 

behavior of RSN. However, we did not restrict patient from using their medications in 

order to maximize our patient population. Another limitation of our study is the small 

number of subjects, which lowers our statistical power and limits what conclusions we 

can draw due to the risk of false positives. However, recruitment is challenging in this 

patient population due to the irregularity of their symptoms as well as compliance. A 

national study of pain treatment in SCD involving 31 sties was closed early due to 

recruitment challenges, where only 38 patients were recruited after 6 months (Dampier et 

al. 2013). Another concern for our study is using healthy subjects as controls. Due to how 

fMRI is measured, SCD patients may have weaker BOLD signal compared to a non-SCD 

subject (Zou et al. 2011). However, we did not observe significant differences in the HRF 

between our two groups and most RSN had comparable activity; the RSN with 

significant differences were most likely caused by neural alterations due to SCD. Another 

study was able to identify similar RSN in SCD patients using ICA, showing that fMRI 

data can detect RSN activity in SCD patients (Darbari et al. 2015). Considering all of 

these limitations, our results should be interpreted with caution. However, we propose 
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that despite these limitations EEG-fMRI offers a unique and improved approach to 

further explore functional brain connectivity of SCD patients. The increased temporal and 

spatial resolution of this method makes it desirable to further probe for markers of disease 

severity and potentially chronic pain that can be used to improve treatment strategies. 

Non-invasive imaging studies have shown it is possible to use biomarkers to objectively 

rate acute pain in healthy controls (Huishi Zhang et al. 2016; Wager et al. 2013). Similar 

techniques could be applied to chronic pain patients so that pain can be objectively 

measured to improve treatment and reduce the risk of opioid therapy.  

Conclusion 

Resting state alterations can lead to biomarkers that can be used to help better 

understand the neural pathophysiology of sickle pain. The current study identified nine 

RSN in SCD patients and showed that several of them have altered connectivity and 

temporal characteristics in the patient population. In particular, the DMN and ECN were 

shown to have reduced activity, while the salience network had greater connectivity in 

patients. Utilizing EEG-fMRI techniques enhanced our analysis because the EEG 

informed fMRI methods were able to describe additional temporal characteristics of the 

RSN as well as correlate to several clinical variables that are related to disease severity 

and chronic pain history. Connectivity, spatial and temporal information can all be 

gathered from EEG-fMRI and may be used to identify biomarkers that reflect SCD 

intensity to help improve pain treatment techniques. 

This work was published in NeuroImage: Clinical (Case, Zhang, et al. 2017) 
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Chapter 3 EEG Analysis of Resting State Data of SCD Patients 

Introduction 

Chronic pain is a health condition that costs $635 billion annually in the United 

States alone (Gaskin and Richard 2012). Treatment remains sub-par for chronic pain 

conditions, because chronic pain and its reciprocal effects on the brain are not well 

understood. Several studies have shown that chronic pain is associated with structural, 

functional, and chemical changes in the brain (Apkarian, Baliki, and Geha 2009; Ceko et 

al. 2013; Gustin et al. 2012; M. C. Lee and Tracey 2013; Maeda et al. 2013). Subtle 

differences have been observed in different chronic pain conditions (Apkarian et al. 2004; 

Baliki et al. 2014; Geha et al. 2008; May 2008), and disease specific models of chronic 

pain are needed to explain the variance observed and to understand the specific 

neurophysiological changes from each disease type. Following this rationale, we are 

examining how chronic pain affects electrophysiological signals in sickle cell disease 

(SCD). 

SCD is a debilitating multisystem disorder in which the hemoglobin gene has a 

mutation that causes abnormal polymerization and solubility of hemoglobin, which leads 

to sickle-shaped red blood cells. Sickle red blood cells occlude blood vessels causing 

vasoocclusive crises impairing oxygen supply resulting in hypoxia, reperfusion injury, 

inflammation, end-organ damage and pain (Minniti, Lu, and Groninger 2013; Platt et al. 

1991; W. R. Smith et al. 2008). Recurrent acute and chronic pain are the most common 

symptoms in SCD (Samir K. Ballas, Gupta, and Adams-Graves 2012; Benjamin, 

Swinson, and Nagel 2000; W. R. Smith et al. 2008). Efforts have been made in an 

attempt to find the best way to rate pain in SCD (Brandow and Panepinto 2016; 
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Campbell, Carroll, et al. 2016; Keller et al. 2014; McClish et al. 2006; Treadwell et al. 

2014). Characterizing the pain accurately is imperative as treatments for chronic pain in 

SCD are limited and often unsuccessful. Opioids are the most common treatment for pain 

in SCD (Samir K. Ballas, Gupta, and Adams-Graves 2012; Dampier et al. 2013), but their 

kinetics vary in SCD patients; therefore, finding the right dose to effectively treat pain in 

SCD is challenging (Samir K Ballas 2001). Often, patients will receive suboptimal 

treatment, which causes SCD patients to suffer and potentially develop even more pain 

(Benjamin, Swinson, and Nagel 2000). Additional research is needed to better understand 

chronic pain in SCD, and address the health care disparities for this often overlooked and 

under-served patient population in the United States.  

Electroencephalography (EEG) is a non-invasive technique that records 

electrophysiological responses of the brain over the scalp in a relatively inexpensive and 

convenient manner compared to other imaging modalities. EEG has been used to monitor 

several types of chronic pain patients. An increase in spectral power in the lower 

frequencies has been observed in many studies for patients with neuropathic chronic pain 

(Boord et al. 2007; van den Broeke et al. 2013; Jensen et al. 2013; Sarnthein et al. 2006; 

Vries et al. 2013). Additionally, a trend for the dominant peak in spectral power to shift 

to lower frequencies was seen in some of these studies (Sarnthein et al. 2006; Vries et al. 

2013). However, not all chronic pain patients have observable changes in EEG spectral 

power. A study of chronic back pain patients showed no significant differences in 

spectral peak power or peak frequency (Schmidt et al. 2012). The authors suggested that 

one possibility for the results may be caused by chronic back pain mainly involving 

nociceptive mechanisms, rather than neuropathic pain mechanisms (Schmidt et al. 2012). 
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It has been shown that chronic pain does alter neurophysiological dynamics of SCD 

patients using fMRI and multimodal imaging (Case, Zhang, et al. 2017; Darbari et al. 

2015). Moreover, chronic pain in SCD is complex, and studies have shown that sickle 

pain likely involves nociceptive and neuropathic mechanisms (Z. J. Wang, Wilkie, and 

Molokie 2010; Wilkie et al. 2010). Given these findings, we hypothesized that SCD 

patients will have altered EEG spectral power. 

The goal of the present study was to investigate how resting state EEG is altered 

in SCD patients compared to healthy controls. ESI and EEG spectral power were used to 

assess differences between healthy controls and SCD patients, and test how clinical 

parameters related to chronic pain history and disease severity are related to EEG power 

and ESI imaging results. These relationships can be used to evaluate what factors in the 

EEG data have the potential to rate or predict chronic pain intensity. 

Methods 

Patients 

This study was registered at clinicaltrials.gov as “Functional Neuroimaging of Pain Using 

EEG and fMRI” with the registration number of NCT02212691. The patient group 

consisted of 24 patients that were recruited by local hematologists. The study was 

approved by the Institutional Review Board at the University of Minnesota, and all 

patients gave written informed consent before participating. As part of the study, patients 

were also asked if they would give permission to share certain clinical parameters from 

their medical history with researchers. All but one participant, who did not wish to share 

his health information with anyone besides his doctor, consented to provide this 

additional information to the research team. Participants under 18 years of age gave 
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assent and their parent or legal guardian gave written informed consent as well. Of the 

initial patient group, three patients were excluded due to high impedance levels at the 

time of EEG recording during the experiment. The recruitment flow chart is shown in 

figure 3.1. A summary of the clinical parameters of the patient group (n = 20, 8 female, 

12 male, mean age 23 ± 7 years) included in the study is shown in table 3.1 and a list of 

medications used by the patients is shown in table 3.2. On the day of the study, the 

patients verbally reported their pain, rated on a scale from 0 to 10, with 0 being no pain 

and 10 being the worst pain imaginable. The pain score reported was for the current pain 

felt on the day of study, and it did not reflect previous pain experiences.  

Controls  

The control group was made up of 14 (7 female, 7 male, mean age 26 ± 4 years) 

healthy controls who volunteered for the study. The ethnicity of the healthy subjects 

included 6 African Americans, 5 Caucasian, 1 Hispanic, and 2 Asian.  The healthy 

controls had no neurological or psychiatric disease history and no pain or chronic pain 

conditions.  All healthy subjects gave written consents to participate in the present study. 

 

 

Figure 3.1 Diagram of subject recruitment. Healthy controls were recruited through fliers and 
patients were recruited through local hematologists. Four patients were removed from the study 
because of poor quality of EEG recordings or they declined to participate. A total of fourteen 
healthy controls and twenty patients were analyzed in this study. 
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Table 3.1 
Group statistics of clinical characteristics for the sickle cell disease patients 

 
Summary of the clinical characteristics of the patients recruited for the studies that were willing 
to disclose their medical information. The mean value is listed and the standard deviation is 
within the parenthesis unless specified otherwise. A total of 19 patients are included in this 
summary. 
 
EEG recording and preprocessing 

The EEG sessions were conducted in a private room where subjects were seated 

and asked to let their mind wander naturally, but to remain alert and awake. Participants 

had their eyes open during ten minute sessions. All subjects had a minimum of two 

sessions of resting state recorded. Patients were allowed to continue taking their regular 

medications at the time of the study. The EEG data were measured using a 64-channel 

EEG system (BrainAmp MR 64 plus, BrainProducts, Germany). A summary of our 

analysis protocol is displayed in figure 3.2. The EEG data were processed offline using 

the EEGLAB toolbox (Delorme and Makeig 2004). Independent component analysis 
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(ICA) was used to decompose the EEG to remove artifacts. The EEG data were down 

sampled to 256 Hz and re-referenced to averaged reference. At least 5 minutes of artifact 

free EEG was required for participants to be included in the final data analysis.  

Table 3.2 
Group summary of all medications used by patients 

 
Summary of all the medications used by the patients recruited for the study. The percentage and 
the number of patients using a specific medication are listed, where N indicates the number of 
patients. Many patients were taking more than one kind of medicine. The medications are also 
separated to show which ones are narcotic pain medications. 
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Figure 3.2 Diagram of analysis protocols. The EEG data were preprocessed to remove artifacts 
and then filtered into different frequency bands to perform power spectral analysis and 
electrophysiological source imaging. A boundary element method realistic-shaped generic head 
model was used to image sources using the standardized low-resolution electromagnetic 
tomography (sLORETA) algorithm. Group contrast images were found from comparing source 
maps of the control and patient groups. 
 
EEG power spectrum analysis 

The preprocessed EEG data were bandpass filtered between 1 and 50 Hz and 

segmented into 10 second epochs. The power spectral density (PSD) was calculated for 

each epoch. The PSD was estimated using the Welch’s method with a Hamming window 

that was 2 seconds long and 50% overlap. The PSD results were averaged across the 

epochs in each subject. The group results were obtained by averaging the PSD results of 

all the subjects in the group. The PSD results were separated into different frequency 

bands of interest, including, delta (2-4 Hz), theta (4-8 Hz), alpha (8-12 Hz), beta1 (12-16 

Hz), beta2 (16-30 Hz), and gamma (30-50 Hz) bands. For each frequency band and for 

every subject, the average power, the maximum peak value, the frequency location of the 

maximum peak, and the center of gravity (COG) (see below for the definition) were 

calculated (van den Broeke et al. 2013; Klimesch 1999; Schmidt et al. 2012). The 

average power was obtained by averaging the PSD values across the frequency band 
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range. The maximum peak value was defined as the maximum PSD value within the 

specified frequency band range. The frequency location was found by determining at 

which frequency the maximum peak was located for each frequency band. The COG was 

calculated using the following equation (Klimesch 1999): 

𝐶𝐶𝐶𝐶𝐶𝐶 =
∑ �𝐴𝐴𝑓𝑓𝑥𝑥 ∗ 𝑓𝑓𝑥𝑥�
𝑗𝑗
𝑥𝑥=𝑖𝑖

∑ �𝐴𝐴𝑓𝑓𝑥𝑥�
𝑗𝑗
𝑥𝑥=𝑖𝑖

 

Where i is the lower bound of the frequency band, j is the upper bound of the frequency 

band, f is the frequency and 𝐴𝐴𝑓𝑓 is the amplitude of PSD at the given frequency.  

The parameters of the power analysis including average power, maximum peak 

value, frequency location of the maximum peak, and COG were tested for significance 

for each frequency band using the software RStudio (RStudio Team 2015). The average 

values and standard deviations were found for all power analysis parameters. 

Significance was tested using two-sided non-parametric Wilcoxon tests. The Wilcoxon 

rank sum test was chosen due to the robustness of this method, and the non-Gaussian 

distribution of the data (Krzywinski and Altman 2014). The results of the Wilcoxon tests 

had false discovery rate (FDR) correction applied to account for multiple comparisons 

(Benjamini and Hochberg 1995). For these comparisons, the level of significance was set 

to be p < 0.05 (FDR corrected). Furthermore, the effect size between the controls and 

patients was found for each power parameter. Effect size is a measure independent of 

sample size that determines the strength of differences between two groups (Olejnik and 

Algina 2003). The effect size was found using the Cohen’s d method (Cohen 1988; 

Sawilowsky 2009). Typically, an effect size above 0.80 is considered large (Cohen 1988). 
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For this study, a more conservative threshold of 0.90 was used to have higher power 

(Lakens 2013).  Only results above 0.90 are reported.  

Additionally, the power results were tested against the clinical parameters of the 

number of emergency department (ED) visits, the number of hospitalizations, and the 

percent fetal hemoglobin. These parameters were chosen because of their relation to the 

patient’s chronic pain history, where these values tend to reflect the frequency of vaso-

occlusive pain crisis (Darbari et al. 2015, 2012). A linear model was generated by 

assuming a linear relationship between the power parameter being tested and the clinical 

parameter being tested and assuming there was no y-intercept. RStudio was used to test 

the slope coefficient for significance. A FDR correction was applied to the results of 

these tests to account for the multiple comparisons. The level of significance was set to 

be p < 0.05 (FDR corrected).   

EEG Classification of Patients using EEG Power 

A support vector machine (SVM) EEG classifier was developed to determine if 

the differences between patients and controls observed in the EEG power analysis could 

be used to discriminate between the two groups. In order to create a classifier that 

incorporated data from all electrodes, we performed group independent component 

analysis (ICA) by concatenating all of the data from both groups. Twenty independent 

components were found to reduce computation time. The training data set consisted of all 

but one of the patients or controls, where the remaining subject from each group was used 

for testing. A wavelet transform was performed on the independent components calculate 

time-frequency representations. Only the theta and beta2 band data were used as features. 

These bands were chosen because significant differences in these two bands were found 
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between controls and patients. Ten-fold cross-validation was used on the training set to 

determine the hyper-parameters for each SVM model. Leave-one-out cross validation 

was performed to find the performance result of the SVM models.  

An additional SVM EEG classifier was created to see if any correlations found in 

the patient group could be used to determine between less severe cases and more severe 

cases of SCD. The twenty SCD patients were split into less severe and more severe 

groups according to the summarized total of hospital and ED visits, in which the median 

value of eight determined the less severe and more severe groups. The less severe group 

had ten patients, and the more severe group had ten patients. The same process described 

above was used to develop a SVM classifier, except the two groups consisted of the less 

severe and more severe patient groups. 

EEG source imaging analysis 

The preprocessed EEG data were filtered into the different frequency bands used 

in the power analysis. EEG source imaging analyses were performed using the Fieldtrip 

toolbox (Oostenveld et al. 2011). Individual MRI from each subject was used to create 

individual three-layer boundary element method (BEM) models (Hamalainen and Sarvas 

1989; B. He et al. 1987) to separate the head volume conductor into brain, skull and scalp 

with the conductivity ratio of 0.33, 0.0165, and 0.33 S/m respectively (Lai et al. 2005; 

Oostendorp, Delbeke, and Stegeman 2000). For the subjects with noisy MRI, we used the 

MRI of Colin27 (“Enhancement of MR Images Using Registration for Signal Avera... : 

Journal of Computer Assisted Tomography” n.d.) which is a realistic standard head 

model. A three-dimensional grid with 5mm resolution was defined and restricted to the 

grey matter of Colin27 which leads to 13,527 grid points. This grid was projected 
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(warped) into the individual head models and the forward problem was solved to estimate 

the lead field for each subject. This method let us to directly compare the source imaging 

results because the grid points from all the subjects have equal numbers and correspond 

to a common head model. EEG cross-spectra were calculated from the EEG signals in 2 

second windows for each band. EEG cross-spectral matrix was fed into eLORETA 

(Roberto D. Pascual-Marqui 2007) algorithm to compute spectral density of the estimated 

current density signals for each voxel in each band (Frei et al. 2001). eLORETA provides 

unbiased localization and independence in choice of reference and has been evaluated in 

previous studies (Jatoi et al. 2014; Roberto D. Pascual-Marqui et al. 2011). Group 

comparison was performed in SPM12 (Ashburner et al., others 2012), where a second 

level random effects analysis was performed on normalized ESI solutions, and the control 

group was compared to the patient group. For each frequency band, the groups were 

compared to each other and contrast images were obtained to determine regions with 

significant differences for either “patient > control” or “control > patient”, with p < 0.05 

(FDR corrected).  

Results 

Patient statistics 

 The clinical variables are listed in detail in table 3.1. Twenty patients with sickle 

cell anemia were included for analysis, where fourteen patients had hemoglobin SS, three 

had hemoglobin SC, one had hemoglobin SB+ thalassemia, and two had hemoglobin SB0 

thalassemia. The average pain score and standard deviation recorded for the current pain 

on the day of the study was 0.8 ± 1.6. The average pain score was low for this study 

because sixteen of the patients reported a zero for their pain score. One reason for the 
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lack of variability is that patients would not come in for the study if they had pain and 

would reschedule to a day where they felt better. Due to this lack of variability, this 

variable was not studied for further analysis. As stated above, the parameters analyzed in 

this study included the percent fetal hemoglobin, the number of ED visits, and the 

number of hospitalizations. The range of percent fetal hemoglobin was between 0.3% and 

27.2%, with the average and standard deviation of 8 ± 8%. The range of the number of 

ED visits over the past 2 years was between 0 and 44, with the average and standard 

deviation of 9 ± 12. The range of the number of hospitalizations over the past 2 years was 

between 0 and 19, with the average and standard deviation of 7 ± 6. The medications 

taken by the patients participating in this study varied greatly, as seen in table 3.2. A 

majority of the patients were taking some dosage of hydroxyurea. Half of the patients 

were using oxycodone for treating pain. Many patients were taking more than one type of 

medication at the time of the study.  

Power spectrum analysis results 

The group results of the EEG power spectral analysis showed that the patient 

group tended to have more power in the low frequency bands (delta, theta, and alpha) and 

less power in the high frequency bands (beta1, beta2, and gamma), shown in figure 3.3A. 

The average power values showed that significant differences were found in theta band 

between controls and patients (-15 ± 1.4 vs. -14 ± 1.1, p = 0.02, d = -1.2), and beta2 band 

between controls and patients (-21 ± 2.2 vs. -23 ± 1.5, p = 0.02, d = 1.2), shown in figure 

3.3B. No significant correlations between the three clinical parameters studied and 

average power was found.  
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Figure 3.3 Summary of average power results for each frequency band. A. Plot showing 
continuous average power across frequency spectrum from 1 to 50 Hz. The average values are 
shown for the controls and patients. The standard deviation is shown by the shaded regions. B. 
Bar plot showing group averages for specific frequency bands. The bars show the group mean 
value and the error bars show the standard deviation. The * represents p < 0.05 
 

The other power spectral analysis metrics revealed differences between the 

control group and the patient group. The maximum peak values showed differences 

between the control group and patients in theta (-13 ± 0.9 vs. -12 ± 1.2, p = 0.07, d = -

0.9), in beta2 (-20 ± 1.4 vs. -21 ± 1.0, p = 0.08, d = 0.9), and in gamma (-22 ± 2.2 vs. -24 

± 2.0, p = 0.08, d = 1.0). The maximum peak values in the theta band showed a positive 

correlation with ED visits (p = 0.03, R2 = 0.50), shown in figure 3.4A. This correlation 

shows a strong relationship between theta power and ED visits, implying that the greater 

the maximum theta peak observed in patients reflects a higher frequency of visits to the 
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ED. There were no statistical differences observed in the frequency location of the 

maximum peak. The COG showed significant differences in the gamma band between 

controls and patients (40.4 ± 0.2 vs. 40.3 ± 0.1, p = 0.05, d = 1.0). The theta band showed 

a significantly negative correlation with COG values and ED visits (p <0.001, R2 = 0.72), 

seen in figure 3.4B. This indicates that patients with more severity tend to have their 

power concentrated in lower frequencies.  

 

Figure 3.4 Scatter plots describing significant correlations in theta band of the patient group. A. 
Plot showing a positive correlation between maximum peak values of theta band and ED visits in 
the past 2 years. The p-value is 0.03 and R2 is 0.50. B. Plot showing a negative correlation 
between the COG in theta band and the ED visits in the past 2 years. The p-value is<0.001 and R2 
is 0.72.  

EEG Classification Results 

The receiver operating characteristic (ROC) curve was found for all twenty 

independent component SVM models. The average ROC curve of all the models for 

classifying between controls and SCD patients is shown in figure 3.5A. The area under 
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the curve for the average of all the models was 0.84, for the best performing model was 

0.97, and for the worst performing model was 0.66. These classification results support 

the findings of the power analysis, where theta and beta2 band can be used to distinguish 

patients from controls. The average ROC curve of all the models for classifying between 

less severe patients and more severe patients is shown in figure 3.5B. The area under the 

curve for the average of all the models was 0.76, for the best performing model was 0.86, 

and for the worst performing model was 0.67. These classification results help support 

the significant correlations observed in patients, where linear relationships showed a 

distinction between less severe and more severe patients. 

 

Figure 3.5 Receiver operating characteristic curves (ROC) of EEG classification. A. The average 
ROC of the twenty support vector machine (SVM) models for distinguishing patients and 
controls is shown in blue. The dotted line represents chance. The area under the curve is 0.84. B. 
The average ROC of the twenty SVM models for distinguishing less severe patients and more 
severe patients is shown in blue. The dotted line represents chance. The area under the curve is 
0.76. The EEG classifier models perform above chance. 
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Source imaging results 

ESI was performed on the theta and beta2 bands due to the significant differences 

observed in both patient groups in the power analysis results. The ESI results were 

contrasted between the control group and the patient population. The theta band results 

showed greater brain activity for the patient group in the prefrontal cortex, left rolandic 

operculum, left insula, left putamen, and the caudate nucleus, figure 3.6A. A majority of 

these regions are known to be active during pain processing (Apkarian et al. 2005; Stern, 

Jeanmonod, and Sarnthein 2006). Controls had greater activity compared to patients in 

the precuneus, cuneus, left angular gyrus, and the occipital lobe. The beta2 results 

showed there were significant regions where patients had more activity compared to 

controls in the prefrontal cortex, anterior cingulate cortex, right superior temporal gyrus, 

and the right caudate nucleus. Regions where controls had significantly greater activity 

included the precuneus, and cuneus, seen in figure 3.6B.  

Discussion 

This study examined resting state data in SCD patients using EEG. There were 

statistically significant differences detected between the patient group and healthy 

controls, specifically in the theta and beta2 bands in EEG. The theta band showed 

correlations with a history of chronic pain, suggesting that high theta power may be 

associated with a more severe case of SCD. The theta and beta2 bands were then used to 

inform a support vector machine that was able to classify between controls and patients 

with good performance. Furthermore, we used ESI to explore where these differences 

occur. The theta and beta2 band changes localized to several regions of the brain 

commonly involved in pain processing. To our knowledge, this is the first EEG resting 
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state source imaging study that has been performed in SCD patients. This study shows 

the great potential for EEG to be used to assess disease severity in SCD patients. 

 

Figure 3.6 Contrast images of electrophysiological source imaging results. A. Results of contrasts 
in the theta band. The contrast results of “control > patient” are shown in orange/yellow, and the 
contrast results of “patient > control” are shown in blue. The t values are shown in the color bars. 
Results displayed are p < 0.05 (FDR corrected). B. Results of contrasts in the beta2 band. The 
contrast results of “control > patient” are shown in orange/yellow, and the contrast results of 
“patient > control” are shown in blue. The t values are shown in the color bars. Results displayed 
are p < 0.05 (FDR corrected). 
 

The anterior cingulate cortex, insular cortex, and prefrontal cortex are all known 

to be active during pain processing. Both acute pain studies (Apkarian et al. 2005; Huishi 

Zhang et al. 2016; Roberts et al. 2008) and studies of chronic pain (Farmer, Baliki, and 

Apkarian 2012; M. C. Lee and Tracey 2013) have implicated these areas to be central to 

processing nociceptive input. Furthermore, these regions tend to be more heavily 

recruited for the emotional aspect of nociception (Emmert et al. 2014; Stancak and Fallon 
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2013). However, these areas are also involved in other functions such as emotional 

processing, attention, and learning (G. Bush, Luu, and Posner 2000; Dolan 2002; Miller 

and Cohen 2001). Our ESI results showed that patients have greater activation in the 

prefrontal cortex, insular cortex, and anterior cingulate cortex within the theta or beta2 

band compared to controls. Neurogenic pain patients have shown that theta activity 

localizes to several pain regions, including insular cortex, anterior cingulate cortex, 

prefrontal, and somatosensory cortices (Stern, Jeanmonod, and Sarnthein 2006). Based on 

the nature of our study the increased activation in these areas is most likely caused by 

chronic pain or emotional strain that SCD patients experience.  

Several studies have shown that chronic pain patients have increased power in 

low frequency bands such as delta, theta, and alpha (van den Broeke et al. 2013; Jensen et 

al. 2013; Olesen et al. 2011; Sarnthein et al. 2006). The power results of our study 

showed patients tend to have higher power in lower frequencies and the COG showed 

there was a shift observed in patients with more severe symptoms to have power 

concentrated in lower frequencies. This shift of power has been observed in chronic 

neurogenic pain patients as well (Sarnthein et al. 2006). The performance of our EEG 

classifiers support this finding and showed that differences between power in controls 

and patients, as well as differences in power between patients with more severe 

symptoms and less severe symptoms, are substantial. While our results do not reflect 

significant changes observed in alpha power, as is seen in other studies (van den Broeke 

et al. 2013; Sarnthein et al. 2006), we believe this is due to our experimental protocol 

where patients had their eyes open. Alpha power decreases when eyes are open (A. C. N. 

Chen et al. 2008; Klimesch 1999). Our findings also support a relationship between EEG 
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theta power and chronic pain events due to correlations observed in ED visits. Previous 

work has demonstrated that pain intensity can be reflected in ED and hospital visitations 

(Darbari et al. 2015; Yang et al. 1995; Aisiku et al. 2009; Yusuf et al. 2010; Woods et al. 

1997). Specifically, many longitudinal studies characterizing ED visits of SCD patients 

found that a majority of the time pain was the reason for the visit (ranging from 78% - 

94%) (Yusuf et al. 2010; Yang et al. 1995). Additionally, a study showed that patients 

who utilize the ED more often have more pain (reflected in pain diary data) and a higher 

clinical severity of SCD (Aisiku et al. 2009). Pain in SCD is chronic and severe and is 

described as the hallmark of the disease (Aisiku et al. 2009; Yusuf et al. 2010; W. R. 

Smith et al. 2008). The differences observed in the EEG data could be related to other 

complications of the disease, such as hypoxemia, but due to the correlations to ED visits, 

the differences are most likely related to the effects of enduring long term chronic pain. A 

study with chronic back pain patients showed EEG power results correlated with 

averaged pain scores of the last four weeks but not with pain scores the moment of the 

EEG recording (Schmidt et al. 2012).  

Shifts towards lower frequency and increased power in lower frequencies in 

chronic pain patients are theorized to be caused by thalamocortical dysrhythmia (TCD). 

For certain neurological disorders, such as neurogenic pain, the neurons in the thalamus 

have altered behavior, which disrupts the normal thalamocortical resonance (Pascoal-

Faria, Yalcin, and Fregni 2015; Vries et al. 2013). This mechanism has been supported by 

single unit recordings in the thalamus of neurogenic pain patients, showing a mean firing 

rate of 4 Hz (Schmidt et al. 2012). This disruption causes excessive theta power and 

results in cortical processing to be shifted (Schmidt et al. 2012; Vries et al. 2013). Several 
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types of chronic pain patients have shown increased power in theta or alpha band (van 

den Broeke et al. 2013; Jensen et al. 2013; Sarnthein et al. 2006; Vries et al. 2013). 

Furthermore, patients who received a therapeutic lesion in the thalamus displayed pain 

relief and reduced power compared to before the therapeutic intervention (Sarnthein et al. 

2006; Schmidt et al. 2012). The increased power observed in SCD patients is most likely 

caused by this same TCD mechanism. 

The limitations of our study include a small patient population, allowing patients 

to continue taking whatever medications they use on a regular basis, having them keep 

their eyes open during EEG recordings, and using an ethnically diverse control group. 

The small number of subjects restricts our analysis and makes it difficult to achieve 

significant differences. There is also an increased risk of errors with small sample sizes 

and a chance that outliers can dominate results. The small sample size may contribute as 

to why no correlations between hospitalizations and fetal hemoglobin were found. It is 

also challenging to determine how or if the medications affected the neural signals and 

subsequent EEG data. It should be noted that recruiting SCD patients is challenging, and 

SCD trials in general have poor accrual (Daniel et al. 2015; Nimmer et al., for the sickle 

cell working group of the Pediatric Emergency Care Applied Research Network 

(PECARN) 2016; Nottage et al. 2016); for example, a study on pain treatment had to be 

concluded prematurely (Dampier et al. 2013). The reasons for these problems are the 

unpredictable nature of pain in SCD and poor compliance due to many factors (Patterson 

et al. 2015; Stevens et al. 2016). We did not ask our patients to stop taking their 

medications because we wanted to retain the maximum number of patients. The control 

group did not match the ethnicity of the patient group. However, the control group was 
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not dominant in any particular race, and no significant differences were found between 

the results of African American controls and the other controls in an additional analysis. 

Other complications in interpreting our results include that sickled blood cells could 

cause alterations in neural behavior and that differences observed may not reflect chronic 

pain or TCD (Zou et al. 2011). However, several studies have shown that at rest SCD 

patients have comparable oxygen delivery to controls (A. M. Bush et al. 2016; Case, 

Zhang, et al. 2017; Jordan et al. 2016). Finally, EEG has limited spatial resolution, which 

makes it challenging to map deep brain structures such as the thalamus (B. He et al. 

2011). This potentially limits our explanation of the TCD mechanism potentially being a 

factor in SCD patients’ neural activity. However, previous studies have shown that EEG 

can be used to map out the connectivity in the thalamocortical pathway in epilepsy 

patients, which shows that EEG is capable of detecting deep brain structure activity 

(Huishi Zhang et al. n.d.). Another limitation of this study is using ED visits to mark 

chronic pain. This is an imperfect marker; however, several clinical publications about 

pain in sickle cell disease have used ED visits and hospitalizations as a surrogate for pain 

severity (Darbari et al. 2015; Aisiku et al. 2009; Shankar et al. 2005; Samir K. Ballas et 

al. 2010). These markers of chronic pain are still valuable because they provide an 

objective measure of chronic pain history. Despite the limitations of our study, we still 

found significant differences between the patient and control groups, as well as 

significant correlations between the EEG results and the frequency of ED visits. 

However, results should be interpreted with caution as highlighted above. This was a 

preliminary study with many limitations, and future studies with increased sample sizes, 
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racially matched controls, and better methods for measuring pain are needed to confirm 

our preliminary results.  

EEG is an important tool, especially in this cohort, because it is non-invasive, 

economical, easy to use, and can provide an objective measurement for assessing pain. In 

addition to our findings, EEG has also been shown to find altered activity between 

controls and SCD patients in processing acute pain (Colombatti et al. 2015a). Other 

imaging modalities, such as functional magnetic resonance imaging (fMRI) or diffusion 

tensor imaging, require a cumbersome burden on patients and acquirement can be limited 

due to the unpredictability of pain. EEG is far more flexible because it is portable and can 

be brought to the patient’s home, which can be utilized for more detailed studies that 

include longitudinal follow-up (Caviness et al. 2015; Hardmeier et al. 2016). Recent 

advancements in electrophysiological source imaging using high density EEG has 

revealed significantly enhanced capability of imaging brain sources that was not available 

before (Bin He and Sohrabpour 2016; B. He et al. 2011; Sohrabpour et al. 2016). Thus, 

EEG is a feasible tool to use on SCD patients, and other patients with a similar socio-

economic status, because it is an inexpensive and convenient way to address the lack of 

unbiased pain measurements for chronic pain patients, and it can provide new insightful 

knowledge about how sickle pain affects neurophysiology. 

In summary, this study provides a foundation to show that EEG data can be used 

to assess chronic pain in sickle cell disease (SCD) patients and has provided insights into 

why thalamocortical dysrhythmia is a possible mechanism behind chronic pain in SCD. 

Using EEG to monitor SCD patients is an important finding because other types of non-

invasive imaging, such as fMRI, are expensive and cumbersome for patients, providers, 
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and health care systems. Further research is needed to validate these findings in a larger 

cohort of patients and to further develop EEG methods that assess pain intensity in SCD 

patients. 

This work was published in The Journal of Pain Research (Case, Shirinpour, et al. 2017). 
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Chapter 4 Graph Theory Analysis of fMRI and EEG Data of SCD Patients 

Introduction 

Sickle cell disease (SCD) is a hereditary blood disorder characterized by 

debilitating acute pain during recurrent and unpredictable episodes of vasoocclusive crisis 

(VOC) (Samir K. Ballas, Gupta, and Adams-Graves 2012; Tran, Gupta, and Gupta 2017). 

Additionally, a significant number of patients suffer from chronic pain. Vaso-occlusion 

caused by the cascade of inflammatory effects induced by sickling of the red blood cells 

and hemolysis lead to VOC, which can start in infancy and continue throughout life. 

Other sequelae of SCD include stroke, silent cerebral infarcts, leg ulcers, and acute chest 

syndrome (Platt et al. 1994; Rees, Williams, and Gladwin 2010). Chronic pain is 

common in patients with SCD and is associated with high rates of hospitalization (Aisiku 

et al. 2009; Samir K. Ballas et al. 2010; W. R. Smith et al. 2008). Sickle pathobiology 

replete with VOC, global inflammation, hemolysis and impaired vascular biology lead to 

organ damage and pain (Rees, Williams, and Gladwin 2010). Therefore, it is likely that 

brain function is influenced by sickle pathobiology and chronic pain. 

Few groups have investigated abnormalities of brain connectivity in SCD 

patients. Increased functional connectivity to pain processing regions in these patients 

such as the anterior cingulate cortex, primary somatosensory cortex and periaqueductal 

grey matter has been reported (Case, Zhang, et al. 2017; Darbari et al. 2015). Altered 

resting state network connectivity with abnormalities of the default mode network, 

salience network, and somatosensory network have also been described (Case, Zhang, et 

al. 2017; Colombatti et al. 2016; Singavi et al. 2016; Sun et al. 2017; Zempsky et al. 

2017). These abnormalities correlate with the frequency of hospitalization, considered to 
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be an indicator of disease severity (Case, Zhang, et al. 2017; Darbari et al. 2015). Clinical 

and animal studies suggest that central sensitization is one of the mechanisms underlying 

chronic pain in SCD (Campbell, Moscou-Jackson, et al. 2016; Cataldo et al. 2015). While 

studies show that SCD alters natural brain dynamics, the overall impact of this disease on 

global brain connectivity is still not well understood. 

Previous studies have mainly focused on specific areas related to pain processing 

or well-known resting state networks (Baliki et al. 2014; Huishi Zhang et al. 2016; Kucyi 

and Davis 2015; S. M. Smith et al. 2009). We took the novel approach of analyzing the 

brain on a global level by means of graph theory.  Graph theory analysis involves 

defining a set of nodes (brain regions) and edges (functional connectivity strength) 

(Bullmore and Sporns 2009). This is a powerful tool that allows unique cortical 

representations to be assessed, where node selection defines the complexity of the 

cortical network being examined. Parameters such as clustering coefficient, a measure of 

local connectivity, characteristic path length, a measure of network efficiency, small 

world value, a measure that describes the behavior of the graph, along with other 

parameters have been used to describe brain networks to further understand the 

mechanisms involved in diseased brain states (Bullmore and Sporns 2009; van den 

Heuvel and Hulshoff Pol 2010). For example, when migraine, a chronic pain condition, 

was studied using graph theory analysis, network abnormalities were identified including 

higher clustering coefficient values and decreased small world values, showing that long-

term migraine causes irregular network construction (J. Liu et al. 2013). Additionally, 

graph theory showed that female migraine patients tend to have a more dysfunctional 
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network compared to male patients (J. Liu et al. 2011). Pain has also been shown to have 

large scale network impacts in irritable bowel syndrome (Mayer et al. 2015). 

Therefore, we examined the effect of chronic pain and severity of SCD on brain 

networks using graph theory. This study was entirely data driven: regions included in a 

standard brain atlas were included in order to study the global brain network. Imaging 

was performed using both functional magnetic resonance imaging (fMRI) and 

electroencephalography (EEG) in order to provide high spatial and temporal resolution of 

resting state data. We hypothesize that graph theory would detect differences in network 

connectivity between healthy controls and patients, and differences among patients with 

less and more severe disease. Prospectively, we investigated how chronic pain can 

influence network connectivity. We hypothesize that greater pain intensity would cause 

more dysfunction in the brain network. 

Methods 

Patients 

This study was registered as “Functional Neuroimaging of Pain Using EEG and 

fMRI” at clinicaltrials.gov (registration number was NCT02212691). The patient group 

includes thirty-one SCD patients recruited across two sites including the University of 

Minnesota (Minneapolis, MN) and Children’s National (Washington DC). Approvals 

from the Institutional Review Boards at the University of Minnesota and at Children’s 

National were obtained prior to the start of the study. All patients were recruited by 

hematologists and gave written informed consent before participating in the study. 

Participants under the age of eighteen gave assent and their parent or legal guardian gave 

written informed consent. Written informed consent was also obtained from participants 
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to have the research staff access medical history to obtain clinical parameters relating to 

the patient’s general health and disease severity history, where a summary of these 

parameters is displayed in table 4.1 and medications taken by the patients is shown in 

table 4.2.  

Table 4.1 
Summary of clinical parameters of sickle cell disease patients 

 

Thirty-one patients participated in this study (15 female, 16 male, average age 

21.5 ± 5.9 years). Patients were separated into two groups based on their medical history. 

The sum of the number of hospitalizations and the number of emergency department 

visits in the past two years was used to group patients as less severe or more severe 

related sickle pain. Patients with less than eight total visits were placed in the less severe 

group (n = 15, 8 female, 7 male, average age 21.4 ± 5.7 years), and patients with eight or 

more visits were in the more severe group (n = 16, 7 female, 9 male, average age 21.7 ± 

6.3 years). Eight visits were selected because it was the median value of the patient 

group. This allowed us to split the patients evenly among the two groups. Resting state 

fMRI data was recorded for all patients. However, due to impedance issues with EEG, 

two patients were removed from the resting state EEG analysis. As a result the group 
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parameters for the total patient group (n = 29, 14 female, 15 male, average age 21.7 ± 6.1 

years), less severe group (n = 14, 7 female, 7 male, average age 21.6 ± 5.8 years), and 

more severe group (n = 15, 7 female, 8 male, average age 21.8 ± 6.5 years) changed 

slightly. A small number of patients returned for the second part of the study involving 

induced thermal pain. A total of seven patients participated in the thermal pain protocol, 

but one was removed due to noisy EEG recordings.  A total of six patients were included 

in the thermal pain analysis (3 female, 3 male, average age 21.7 ± 4.3 years).   

Table 4.2 
Group summary of medications used by sickle cell patients 
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Controls 

The control group consisted of sixteen healthy controls (8 female, 8 male, average 

age 24.6 ± 4.8 years) who voluntarily participated in the study. The ethnicity of the 

control group was diverse with 6 African Americans, 6 Caucasians, 3 Asians, and 1 

Hispanic. The healthy controls were all screened prior to participation to ensure none had 

neurological diseases, psychiatric diseases, or chronic pain conditions. Written informed 

consent was obtained from each control prior to participation in the study. Resting state 

fMRI was recorded from all healthy controls; however, one control was removed from 

the EEG resting state analysis due to noise. Fifteen subjects (8 female, 7 male, average 

age 25 ± 4.4 years) had EEG data and were included in the analysis. The control group 

did not participate in the thermal pain part of this study.  

Resting state fMRI and EEG acquisition 

All of the participants in this study completed resting state fMRI acquisition and 

EEG recording (study schematics in figure 4.1). fMRI data was collected using a, supine 

position in a 3T MRI scanner; EEG recordings were performed in a private room with 

participants sitting on a chair. Participants were asked to keep their eyes open while 

letting their mind wander naturally. Resting state recordings lasted approximately eight 

minutes for fMRI and ten minutes for EEG data collection. Participants were asked on 

the day of the recordings to verbally rate their pain on a scale from 0 to 10, where 0 

indicated no pain and 10 indicated the worst pain imaginable. 

Thermal pain protocol 

Sickle cell patients were given the option of returning for an induced thermal pain 

experiment. The thermal pain study involved applying different levels of tonic thermal 
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pain to the forearm using a thermal stimulator (CHEPS, Medoc, Ramat Yishai, Israel) 

while recording EEG. A pain questionnaire called painDETECT was filled out by all 

patients participating in this phase of the study (Freynhagen et al. 2006). Prior to any 

tonic stimulation, the pain threshold and tolerance were evaluated for each patient. The 

details of how these parameters were determined were described previously 

(Vijayakumar et al. 2017). Briefly, for pain threshold, patients were asked to press a 

button when the increasing thermal stimulus first felt painful to them. For pain tolerance, 

patients were asked to press a button when the increasing pain stimulus became 

unbearable. Pain threshold and tolerance tests were repeated seven times. Threshold and 

tolerance values were used to determine the range of the temperatures presented to the 

patients during tonic painful stimulation. The thermode was placed on the left ventral 

forearm for threshold and tolerance testing. 

The tonic pain phase consisted of three conditions including low pain, medium 

pain, and high pain. The thermode was placed on the right ventral forearm for tonic pain 

trials. Patients were asked to rate their pain using a custom-built analog pain rating 

device, described previously (Vijayakumar et al. 2017). Essentially, patients indicated 

their pain intensity by adjusting a line on a color bar with a gradient from green (no pain 

and non-painful heat) to red (extremely painful). Prior to experimentation, a practice 

session was held to ensure patients were familiar with how the stimulation felt and how 

to accurately rate their pain with the device. The experimentation began after the patients 

felt confident about rating their pain. The order of the three conditions was randomized. 

The intensity for each condition was selected based on pain threshold and tolerance 

responses. The stimulus was half a degree higher than the median threshold response 
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from the seven trials for the low condition. The stimulus was half a degree lower than the 

median tolerance response from the seven trials for the high condition. The average 

temperature of the low and high pain temperatures was used for the medium condition.  

The sequence of each condition was eight stimuli followed by two minutes of resting 

state, followed by another eight stimuli. The temperature for the stimulus was held 

constant for thirty seconds with an inter-stimulus interval of twenty seconds, shown in 

figure 4.1. The patients were instructed to accurately and continuously rate their pain 

based on the stimulus they received.  

 

Figure 4.1 Schematic diagram of experimental procedure. The first phase of the study involved 
obtaining resting state data from patients and controls. Both functional magnetic resonance 
imaging (fMRI) and electroencephalography (EEG) were used to record resting state data. 
Subjects were asked to let their mind naturally during resting state recordings. The second phase 
of the study involved inviting patients back for an induced thermal pain study. Only EEG was 
used to record the thermal pain data. The pain threshold and pain tolerance was found for each 
patient by recording seven trials of each. Next patients continuously rated pain using the color 
bar. The pain stimulus consisted of eight trials of pain at various levels (low, medium, and high), 
where pain was on for 30 seconds with a 20s interstimulus interval. A three minute rest was held 
between pain trials. 
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fMRI recording and preprocessing 

For experiments conducted at the University of Minnesota, a 3T Siemens 

Magnetom Trio scanner (Erlangen, Germany) with a sixteen channel head coil was used 

to record fMRI data on fourteen subjects. The remaining seven patients recruited at the 

University of Minnesota used a 3T Siemens Magnetom Prisma scanner (Erlangen, 

Germany) with a twenty channel head coil for fMRI recordings because of upgrades done 

at the Center for Magnetic Resonance Research. Anatomical MRI data were obtained for 

each patient, using a high-resolution T1 sequence with 240 contiguous sagittal slices 

(slice thickness: 1mm; matrix size: 256*256; FOV: 256 mm*256 mm; TR/TE = 20 

ms/3.3ms). For functional scans, whole-brain images with blood-oxygen-level-dependent 

contrast were attained using a gradient echo planar imaging sequence (40 sequential axial 

slices; slice thickness: 3 mm; TR/TE: 2500 ms/30 ms; flip angle: 90˚; matrix size: 64*64; 

FOV: 192 mm*192 mm). 

For experiments conducted at Children’s National, a 3T GE Discovery MR750 

scanner (Milwaukee, WI) with a thirty-two channel head coil was used to obtain fMRI 

data from ten patients. Anatomical MRI data was obtained using a high-resolution T1 

sequence with 360 contiguous sagittal slices (slice thickness: 1 mm; matrix size: 

256*256; FOV: 256 mm*256 mm; TR/TE: 7.2 ms/2.7 ms). For functional scans, whole-

brain images with blood-oxygen-level-dependent contrast were attained using a gradient 

echo planar imaging sequence (52 sequential axial slices; slice thickness: 3 mm; TR/TE: 

2000 ms/22 ms; flip angle: 90˚; matrix size: 64*64).  

The preprocessing steps used in this study have been previously described (Case, 

Zhang, et al. 2017). Essentially, all fMRI preprocessing was done using SPM12 software 
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(Ashburner et al. 2014), which included slice scan time correction, 3-D motion 

correction, and temporal filtering. The images were aligned to the anterior-posterior line 

and normalized into MNI (Montreal Neurological Institute) space. The anatomical and 

functional images were co-registered and smoothing was performed to three times the 

size of the original voxels using full width and half maximum (FWHM). The first ten 

images of the fMRI data were removed so that a steady state of excitation had been 

reached in the data analyzed.  

EEG recording and preprocessing 

For resting state experiments conducted at the University of Minnesota, a 64 

channel MR-compatible BrainProducts EEG system was used (Gilching, Germany). For 

resting state experiments conducted at Children’s National, a 64 channel Neuroscan 

system was used (Charlotte, NC). For thermal pain experiments, a 128 channel BioSemi 

Active-II EEG system was used (Amsterdam, Netherlands). All electrode impedances 

were below 20 kΩ and all EEG data was recorded at 1 kHz.  

The EEG data was processed using the EEGLAB toolbox (Delorme and Makeig 

2004). Visual artifact removal was performed be removing noisy sections of the EEG 

recordings. Additionally, independent component analysis was used to remove noisy 

components. The EEG data were resampled to 256 Hz, bandpass filtered between one 

and fifty Hz, and average referenced. Finally, an automatic artifact rejection toolbox in 

EEGLAB was used to further clean the data (Gomez-Herrero et al. 2006). The first and 

last minute of EEG recordings were removed from the resting state data. At least five 

minutes of artifact-free EEG data was required for participants to be included for further 

analysis. 
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For the thermal pain data, the pain periods were extracted by selecting the middle 

twenty second interval of the pain stimulus. Each pain trial was ranked as low, medium, 

or high based on the average pain score recorded during the pain stimulus. For a trial to 

be considered low, the average value must be above the pain threshold line and within the 

first third of the remaining colorbar. For a trial to be considered medium, the average 

value must be above the pain threshold line and in the second third of the remaining 

colorbar. For a trial to be considered high, the average value must be above the pain 

threshold line and in the last third of the remaining colorbar. At least one trial per pain 

group was required to be included in further analysis. Two patients did not have any high 

pain trials, so these trials were not reported in this study.   

Resting state fMRI graph theory analysis 

The preprocessed anatomical and functional MRI data was imported into the 

CONN functional connectivity toolbox (Whitfield-Gabrieli and Nieto-Castanon 2012). A 

connectivity matrix was generated for each subject by calculating the correlation 

coefficient between all of the 136 regions of interest included in the CONN toolbox’s 

atlas. Adjacency matrices were generated from each connectivity matrix over a range of 

sparsity thresholds including 0.10 to 0.30 with a 0.01 increment. Sparsity is defined as the 

total number of edges in a network divided by the total number of possible edges (Achard 

and Bullmore 2007; J. Liu et al. 2013). Sparsity thresholds ensure the same number of 

edges is in the graph for each subject. Each adjacency matrix created a graph 𝐶𝐶 = (𝑁𝑁,𝐸𝐸), 

where N represents the nodes or brain regions and E represents the edges or functional 

connections between brain regions.  
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Several parameters were calculated from the graph including node degree, 

clustering coefficient, characteristic path length, small world value, global efficiency, and 

local efficiency. The node degree 𝑘𝑘𝑖𝑖 is the total number of connections at node 𝑖𝑖 (van den 

Heuvel and Hulshoff Pol 2010). The clustering coefficient represents the probability that 

neighbors of a node are also connected to each other (van den Heuvel and Hulshoff Pol 

2010; J. Liu et al. 2013; Watts and Strogatz 1998): 

𝐶𝐶𝑖𝑖 =
1

𝑘𝑘𝑖𝑖(𝑘𝑘𝑖𝑖 − 1)
� (𝑤𝑤𝑖𝑖𝑗𝑗𝑤𝑤𝑖𝑖ℎ𝑤𝑤𝑗𝑗ℎ)
𝑗𝑗ℎ∈𝑁𝑁

1
3
 

where 𝑁𝑁 is the number of nodes in the graph, 𝑘𝑘𝑖𝑖 is the degree of node 𝑖𝑖, and 𝑤𝑤𝑖𝑖𝑗𝑗 is the 

weight between nodes 𝑖𝑖 and 𝑗𝑗. The clustering coefficient of the network 𝐶𝐶 is the average 

of clustering coefficients across all nodes. The characteristic path length 𝐿𝐿 is the average 

of the shortest path lengths between any pair of nodes in the network (van den Heuvel 

and Hulshoff Pol 2010; J. Liu et al. 2013; Watts and Strogatz 1998): 

𝐿𝐿 =
1

𝑁𝑁(𝑁𝑁 − 1)
�min�𝐿𝐿𝑖𝑖𝑗𝑗�
𝑖𝑖≠𝑗𝑗

 

where min�𝐿𝐿𝑖𝑖𝑗𝑗� is the shortest path or the distance between node 𝑖𝑖 and node 𝑗𝑗 in the 

network with the smallest number of edges. The clustering coefficient and characteristic 

path length were found for a random network consisting of the same number of nodes 

and edges and denoted by 𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 and 𝐿𝐿𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟, respectively. These parameters were used to 

calculate the small world value 𝜎𝜎 of the network: 

𝜎𝜎 =
𝐶𝐶/𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟
𝐿𝐿/𝐿𝐿𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟
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A small world network is characterized by high clustering coefficient and short path 

lengths (van den Heuvel and Hulshoff Pol 2010). If the value of 𝜎𝜎 is greater than one, the 

network is considered a small world network (J. Liu et al. 2011). The global efficiency 

𝐸𝐸𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 is the ability of the network to transmit information at a global level (J. Wang, Zuo, 

and He 2010): 

𝐸𝐸𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔(𝐶𝐶) =
1

𝑁𝑁(𝑁𝑁 − 1)
�

1
min�𝐿𝐿𝑖𝑖𝑗𝑗�𝑖𝑖≠𝑗𝑗∈𝐺𝐺

 

The local efficiency 𝐸𝐸𝑔𝑔𝑔𝑔𝑙𝑙 is the ability of the network to transmit information at a local 

level and is related to the clustering coefficient (J. Wang, Zuo, and He 2010): 

𝐸𝐸𝑔𝑔𝑔𝑔𝑙𝑙(𝐶𝐶) =
1
𝑁𝑁
�𝐸𝐸𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔(𝐶𝐶𝑖𝑖)
𝑖𝑖∈𝐺𝐺

 

where 𝐶𝐶𝑖𝑖 is a subgraph composed only of neighbors of node 𝑖𝑖. Each of the six parameters 

was calculated for every subject, and the mean values and standard deviations for each 

group including controls, less severe, and more severe are reported. 

 In order to conduct further analysis on the graphs, a fixed sparsity level needed to 

be selected. The lowest sparsity value where the mean of each group had all nodes 

connected to the network was selected (J. Liu et al. 2012), shown in figure 4.2. This 

allowed each group to have whole network connectivity without the graph being too 

densely populated. The sparsity value S = 0.15 was selected and is used in all following 

analysis descriptions. 

A robustness analysis was conducted to test the resilience of the networks by 

using a targeted attack approach described previously (Albert and Barabási 2002; J. Liu 

et al. 2011). The targeted attack involved removing the node with the highest node 
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degree. After the node was removed the size of the largest remaining cluster was found. 

This process was repeated until all nodes were removed. We found the average response 

from each group; in addition, we also calculated the response of a random network to the 

targeted attack procedure. 

 

Figure 4.2 Chart for selecting sparsity level for analysis for fMRI analysis. The chart shows how 
sparsity level effected how many nodes were included in the network. The smallest sparsity value 
with all the groups having the complete network connected was chosen for analysis. The sparsity 
value selected was S = 0.15. 
 

The six parameters calculated for each network were tested against clinical 

parameters including the number of emergency department visits and the number of 

hospitalizations. These parameters were chosen because they have previously been 

shown to reflect chronic pain severity in sickle cell patients because these values tend to 

reflect the frequency of acute pain crises (Darbari et al. 2015, 2012). A linear model was 

generated by assuming a linear relationship between the graph parameters and the clinical 

parameters. Only correlations that were determined to be significant are reported.  
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EEG graph theory analysis 

The preprocessed EEG data were imported into the FieldTrip toolbox (Oostenveld 

et al. 2011). The MRI of Colin27, a realistic standard head model (“Enhancement of MR 

Images Using Registration for Signal Avera... : Journal of Computer Assisted 

Tomography” n.d.), was used to create a three layer boundary element model. A three-

dimensional source grid with 10 mm resolution was defined from Colin27. The EEG was 

split into two second epochs with fifty percent overlap. The cross spectrum was 

calculated using the Fourier Transform and binned into different frequency bands 

including delta (2-4 Hz), theta (4-8 Hz), alpha (8-12 Hz), beta1 (12-16 Hz), beta2 (16-30 

Hz), and gamma (30-50 Hz). The resulting cross-spectral matrix was fed into a 

beamformer algorithm (Frei et al. 2001; Gross et al. 2001; Veen et al. 1997) for each 

epoch. A connectivity matrix was calculated from the imaginary part of the coherence 

spectrum (Nolte et al. 2004). An AAL atlas available from the FieldTrip toolbox with 90 

regions of interest was used to parcellate the connectivity matrix. Adjacency matrices 

were generated from the connectivity matrix for each frequency band for every subject.  

In order to limit the number of comparisons performed for EEG resting state data, 

a comparison between the three groups of the six graph theory parameters was performed 

at S = 0.15, to be consistent with the fMRI resting state analysis. Significant differences 

were only observed in the beta1 band, shown in figure 4.3. Therefore, EEG resting state 

analysis was only performed in the beta1 band. The sparsity threshold ranged from 0.10 

to 0.30 with a 0.01 increment. The six parameters described in the fMRI resting state 

analysis were calculated for each subject. A comparison of the groups was done by 

calculating the mean and standard deviation. The general trends observed in EEG were 
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compared to the trends observed from fMRI. For the induced pain study, all frequency 

bands were included. The six graph parameters were evaluated at S = 0.15 for low and 

medium pain. Due to the limited number of patients who participated in this study, 

individual scores and mean scores are included in the analysis and trends are reported 

because significant differences were difficult to observe.    

 

Figure 4.3 Bar graphs showing graph parameter values across frequencies at the sparsity level 
S=0.15.  The bars show the average value of the graph parameters and the error bars show the 
standard deviation. The * indicates a p < 0.05. The only band to show significant differences in 
any of the parameters was the beta1 band. The beta1 band was selected to analyze the resting 
state EEG data. 
 
Statistical Analysis 

Reporting differences between the clinical parameters for the less severe and 

more severe sickle pain patient groups were done by using a two-tailed t-test. For 

determining significant differences between groups on the graph theory analysis an 
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ANOVA test was used followed by multiple comparisons correction using the Tukey 

method (“Tukey’s Honestly Significant Difference (HSD)” 2010). This process was used 

to determine significant differences between control, less severe, and more severe groups 

for the sparsity analysis for fMRI and EEG, the robustness analysis, and determining 

which frequency band to assess for the resting state EEG analysis. For the induced pain 

study, this process was also used; however, due to the limited number of participants 

significant differences should be cautiously considered as an outlier can greatly affect 

results for a small subject pool. All results with p < 0.05 after corrections are reported as 

significant. For the linear correlations between the graph parameters and the clinical 

parameters, the R2 and p-values were found. Only correlations with p <0.05 after 

corrections are reported as significant for this study. 

To determine regional differences between the groups, tests to look for significant 

differences between the edges and the nodes were conducted. For edges, the connectivity 

value for each possible connection was tested for significance by using an ANOVA. 

Edges with p < 0.05 after multiple comparison corrections are reported as significant. For 

nodes, the node degree and clustering coefficient was found for each node in the network. 

These values were tested for significance using an ANOVA and nodes with p < 0.05 after 

multiple comparison corrections are reported as significant.  

Results 

Patient Statistics 

The clinical parameters reported in this study are listed in table 4.1. Most of the 

parameters showed no significant differences between the less severe and more severe 

patient groups. The number of emergency department visits and hospitalizations, as 
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expected, were significantly different between the groups. However, the pain score 

recorded the day of the study also showed a significant difference between the groups and 

the percent fetal hemoglobin showed a trend for difference between the groups. The 

medications taken by the patient group varied greatly as can be seen in table 4.2. Patients 

were often taking more than one medication. The most common medications taken across 

the patients included hydroxyurea, folate, oxycodone, and ibuprofen.  

Resting state fMRI findings 

The sparsity analysis showed that the network properties of the more severe 

patient group behaved differently compared to the other groups, shown in figure 4.4. 

Generally, the more severe group had lower local efficiency, global efficiency, clustering 

coefficient, maximum node degree, and small world value and higher characteristic path 

length compared to the control group and the less severe group. In fact, there were 

typically more statistical differences observed between the less severe and more severe 

patient groups. No statistically significant differences were observed between the control 

group and the less severe patient group.  

The robustness analysis showed how each group’s network responded to a 

targeted attack, figure 4.5. The patient groups behaved similarly when a small portion of 

the nodes had been removed; however, the less severe group shifted toward the control 

group’s response while the more severe group continued to behave similarly to a random 

network as more nodes were removed. Once a majority of the nodes were removed the 

control group and less severe group had a smaller main cluster compared to a random 

network and the more severe group.  
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Figure 4.4 Graphs depicting how graph parameters change with sparsity levels from resting state 
fMRI. A. The control group and less severe patient group results. B. The control group and more 
severe patient group results. C. The less severe patient group and more severe patient group 
results. The lines represent the average values of the group, and the shaded regions represent the 
standard deviation of the group. The * indicates p < 0.05. 
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Figure 4.5 Graph showing robustness analysis results from resting state fMRI. The lines represent 
the average value of each group. The * represent significant differences (p < 0.05) between the 
less severe and more severe groups. The · represent significant differences (p < 0.05) between the 
control and more severe groups. The squares represent significant differences (p < 0.05) between 
the control and less severe groups. 
 

Three of the graph parameters showed correlations with the number of 

hospitalizations in the past two years, figure 4. 6. The characteristic path length had a 

positive correlation with the number of hospitalizations. The small world value and the 

global efficiency had a negative correlation with the number of hospitalizations. The 

other parameters had no significant correlations. 

The control group had more significant interregional edges compared to both 

patient groups, figure 4.7. The less severe patient group typically had stronger edges 

compared to the more severe group, but not to the extent of the controls. The patient 

groups had some significantly stronger edges compared to controls including the right 
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superior frontal gyrus to the right supramarginal gyrus, the right superior frontal gyrus to 

the left parahippocampal gyrus, the right postcentral gyrus to the right accumbens, the 

right angular gyrus to the left pallidum, the right temporal fusiform cortex to the right 

supracalcarine cortex, and the brainstem to the vermis 10. The nodes with significantly 

different node degree and clustering coefficient values are shown in table 4. 3. The 

contrast between the controls and more severe patient group showed the greatest number 

of significantly different nodes. In particular, the clustering coefficient assessment 

showed that nodes were globally spread throughout the brain. This indicates that the more 

severe group has less clustering coefficient values, which was also seen in the sparsity 

analysis. 

 

Figure 4.6 Correlation graph between past hospitalizations and graph parameters from resting 
state fMRI. The lines represent the linear trend. The significance of the correlation and the R² 
value are displayed on the charts. Both patient groups are plotted for these graphs. 
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Figure 4.7 Chart showing significant edges from the resting state fMRI results. A. Significant 
edges between the control and less severe patient group. Red lines represent where controls have 
stronger edges and blue lines represent where patients have stronger edges. B. Significant edges 
between the control group and more severe patient group. Red lines represent where controls 
have stronger edges and blue lines represent where patients have stronger edges. C. Significant 
edges between the less severe and more severe patient groups. Red lines represent where less 
severe patients have stronger edges and blue lines represent where more severe patients have 
stronger edges. The brain regions for the node labels are listed in Table 4.4. The images were 
generated using the BrainNet toolbox. 
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Table 4.3 
Node regions with significant differences between groups 

 

Resting state EEG findings 

A sparsity analysis was completed for the beta1 band of the resting state EEG 

data, figure 4.8. The control group showed significant differences in local efficiency, 

clustering coefficient, and maximum node degree between both patient groups, where 

patient groups had significantly reduced values in these parameters. Additionally, the 

control group had significant differences in global efficiency with the more severe group, 
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where the patients had more global efficiency. No significant differences were observed 

between the less severe and more severe patient group.  

 

Figure 4.8 Graphs depicting how graph parameters change with sparsity levels from resting state 
EEG in the beta1 band. A. The control group and less severe patient group results. B. The control 
group and more severe patient group results. C. The less severe patient group and more severe 
patient group results. The lines represent the average values of the group, and the shaded regions 
represent the standard deviation of the group. The * indicates p < 0.05. 
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Thermal pain findings 

The values for low pain and medium pain were found for each frequency band. 

Significant differences were tested for and none were found between low and medium 

conditions. However, several trends just outside of significance were found (p < 0.1) 

between graph parameters and level of pain intensity. The theta band had a positive trend 

in characteristic path length and a negative trend in local efficiency, figure 4.9A. The 

alpha band had a positive trend in clustering coefficient. The beta1 band had a negative 

trend in clustering coefficient and small world value, figure 4.9B. The beta2 band had a 

positive trend in characteristic path length. No trends were observed in the delta and 

gamma bands. 

 

Figure 4.9 Plots showing how graph parameters changed for stimulus level from induced thermal 
pain study. A. Results of all patients from theta band. B. Results of all patients from beta1 band. 
Individual patient results are shown using dots and dashed lines. Average result is shown using a 
solid black line. No significant differences were found. 
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Significant edges were found between low and medium pain stimulation for the 

theta and beta1 band, figure 4.10. These bands were chosen because they displayed at 

least two trends in the graph parameters. There are stronger edges during the low pain 

condition compared to the medium pain condition in both EEG bands. Additionally, 

significant nodes were tested. However, only the node degree showed any significant 

differences in the beta1 band, where the low pain level had higher node degree in the 

right middle occipital cortex and the medium pain level had higher node degree in the left 

inferior temporal cortex. No significant differences between the low and medium pain 

level were observed in the theta band. 

Table 4.4 
Node labels used for edge figures 
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Figure 4.10 Chart showing significant edges from the thermal pain study. A. Significant edges 
between the low and medium stimulus in the theta band. Red lines represent where the low 
stimulus has stronger edges compared to the medium stimulus. B. Significant edges between the 
low and medium stimulus in the beta1 band. Red lines represent where the low stimulus has 
stronger edges compared to the medium stimulus. The brain regions for the node labels are listed 
in Table 4.4. The images were generated using the BrainNet toolbox. 
 
Discussion 

We have investigated the long-term effects of SCD severity and pain on brain 

dynamics using non-invasive neuroimaging by means of graph theory analysis. 

Significant differences were observed between the three groups (control, less severe and 

more severe disease). Specifically, fMRI showed that the more severe patients had less 

small world values and behaved closer to a random network during a targeted attack. 
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EEG source imaging demonstrated that controls significantly differed from the patient 

groups in the beta1 band. The induced pain study observed how graph parameters change 

when the network represents different levels of pain. To our knowledge, this is the first 

study that uses graph theory to study the global brain network in sickle cell patients 

utilizing both EEG and fMRI recordings. 

The fMRI results found that more severe patients have increased characteristic 

path length and reduced local efficiency, clustering coefficient, global efficiency, and 

small world value compared to controls and less severe patients indicating sickle pain 

severity impacts global brain dynamics. Altered graph parameter values have been 

observed in other types of patients with mental disorders. Graph theory studies on 

Alzheimer’s disease patients shows longer characteristic path lengths and less clustering 

occurring likely related to a less connected small world network (Brier et al. 2014; 

delEtoile and Adeli 2017; Xiang et al. 2013). Additionally, a reduction in clustering 

coefficient was correlated to cognitive decline in Alzheimer’s disease patients (Brier et 

al. 2014). Alzheimer’s disease studies indicate that neural pathways involved in memory 

are weakened resulting in the abnormal graph parameters (Xiang et al. 2013). The more 

severe sickle cell patients had graph parameter behavior similar to Alzheimer’s disease 

patients, this is an interesting finding, as SCD patients have been revealed to have 

reduced cognitive abilities compared to controls (Colombatti et al. 2015a; Novelli et al. 

2015). SCD patients demonstrated altered network behavior in memory-related regions, 

such as the cerebellum, parahippocampus, and prefrontal cortex observed from the 

significant edges and nodes analysis, where both patient groups had weaker edges in 

these regions compared to controls. Additionally, SCD patients have been observed to 
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have declined cognitive performance, which have been linked to imaging through fMRI 

or grey matter volume analysis (R. Chen et al. 2017; Colombatti et al. 2016; Mackin et al. 

2014; Schatz and Buzan 2006). 

Small world networks tend to have high clustering and low path lengths, which 

makes them a robust and efficient network (Achard and Bullmore 2007; van den Heuvel 

and Hulshoff Pol 2010). The decreased small world values observed in the more severe 

patients resulted from decreased clustering across the brain including regions in the 

frontal cortex, temporal cortex, parietal cortex, occipital cortex, and subcortical regions. 

The robustness analysis showed how the more severe patient group behaved differently 

from controls and less severe patients as a result of the loss of small world properties. 

These more affected patients behaved closer to a random network with low clustering and 

low path lengths (van den Heuvel and Hulshoff Pol 2010). This suggests that more severe 

patients, and to a smaller extent the less severe patients, have less organization compared 

to controls; therefore, patients have a less efficient network, which was observed on both 

a local and global scale for the more severe patients. 

Several graph parameters were correlated with the number of hospitalizations, an 

indirect measure of chronic pain history(Samir K. Ballas et al. 2010; Darbari et al. 2012), 

during the previous two years. These correlations indicate that long term chronic pain is a 

factor for abnormal graph parameters. Patients with higher hospitalizations tended to 

have increased path length and decreased small world values and global efficiency. 

Patients with migraine showed clustering coefficient and small world value have a 

positive correlation with the duration of the migraine (J. Liu et al. 2011, 2012). These 

results find that graph parameters can reflect factors pertaining to chronic pain. Migraine 
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patients have increased clustering coefficient and small world values compared to 

controls, the opposite was observed in sickle cell patients. This most likely indicates that 

the pain mechanisms behind migraine and SCD are different, where migraine patients 

tend to have increased clustering and stronger edges compared to controls to form a 

highly interconnected community (J. Liu et al. 2015). Sickle cell patients have reduced 

clustering and weaker edges, which most likely leads to reduced connectivity in resting 

state networks, which has been reported previously (Case, Zhang, et al. 2017). 

This study included both fMRI and EEG analysis for resting state data to compare 

how the two modalities performed. The EEG resting state data indicated significant 

differences only within the beta1 band. Notably, in Alzheimer’s disease, a similar 

phenomenon was observed where beta band reflected results observed in fMRI, where 

patients have decreased clustering coefficient and increased path length (Stam et al. 

2007). The beta band appears to reflect abnormality in resting state activity in several 

disorders including Alzheimer’s disease, attention deficit disorder, and SCD (Case, 

Shirinpour, et al. 2017; Lansbergen et al. 2011; Stam et al. 2005). The EEG resting state 

results displayed more severe patients had significantly decreased local efficiency and 

clustering coefficient compared to controls, which is the same result observed in the 

fMRI results. However, the less severe group also presented significantly reduced local 

efficiency and clustering coefficient, which was not observed in resting state fMRI, and 

caused no differences to occur between the patient groups in resting state EEG. 

Differences between the two modalities were expected as the graph analyses were 

slightly different. The fMRI graphs had a greater number of nodes, and edge strength was 

calculated from correlation coefficient rather than the coherence spectrum. Additionally, 
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fMRI has greater spatial resolution while EEG has greater temporal resolution (Bin He 

and Liu 2008). However, the major differences observed in fMRI were still seen in EEG, 

such as reduced clustering and lower small world values. While not all of these 

differences were significant, such as more severe patients having greater reduction in 

these parameters compared to less severe patients, graph analysis using both modalities 

are fairly similar except for global efficiency and path length results. 

The induced thermal pain study revealed that pain interrupts the network in the 

theta and beta1 band. SCD patients have been shown to have increased theta during 

resting state previously (Case, Shirinpour, et al. 2017). This may be an explanation why 

the theta and beta1 band reflected the greatest changes between low and medium pain 

states. The theta band and beta1 band found that as the pain stimulus increased, the 

overall trend was that clustering coefficient, small world value, and local efficiency 

decreased, while path length increased. These results reflect what was observed in the 

resting state data, where more severe patients tend to have decreased clustering 

coefficient, small world value, and local efficiency. Additionally, the low pain state had 

stronger interregional edges compared to the medium pain state. Again, this echoes what 

was observed in the resting state result between patients and controls. Long term chronic 

pain may exacerbate the short term changes to the network observed in this induced pain 

study. 

Our study has several limitations. We did not impose constraints on how long 

patients should abstain from taking medication prior to the experiment as it would be 

unethical to hold treatment for pain for a research study. This introduces a confounder, as 

the role of pain medication in network alteration cannot be determined. The control group 
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was not ethnically matched to the patient groups; however, the group was ethnically 

diverse and a large portion of controls were African American. Other complications of 

SCD, such as ischemia, could cause differences in neural signals. However, we are 

confident our results reflect neural activity as the graph parameters showed a correlation 

with the number of hospitalizations and expected trends were found in the induced pain 

study. Finally, we have a small population for the induced thermal pain study. Despite 

these limitations, we demonstrated significant differences between patients with less 

severe and more severe disease related pain as well as between patients and controls. We 

additionally showed correlations between graph parameters and hospitalizations, which 

reflects pain burden. Our results should be interpreted with caution, but our study 

provides a foundation for further exploring the long-term impacts of this disease on brain 

network. 

This study demonstrates that graph theory can be used to assess the overall brain 

network of SCD patients. It is noteworthy that we found a significant difference between 

patients and controls, as well as between patients with less severe and more severe SCD, 

indicating the sensitivity and robustness of this novel non-invasive technique in 

determining brain function in SCD. Our graph theory results show the impact of long 

term chronic pain and disease severity on the brain, as the nodes with significant 

differences in clustering coefficient are not isolated to pain regions or major resting state 

network nodes. These results further support that SCD affects brain function (Lance et al. 

2014; Solh et al. 2016). Neurological symptoms of SCD, such as silent strokes and 

cerebral infarcts underlying morbidity in children with this disease require attention to 

diagnose the predisposition to such events before they become life-threatening (Rankine-
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Mullings et al. 2016). Our study shows that graph theory can be used as a tool to 

diagnose and test the effectiveness of potential treatments for brain associated disorders 

in SCD. 
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Chapter 5 Conclusions and Perspectives 

Conclusions 

Functional imaging allows a unique opportunity to non-invasively observe neural 

activity to study the underlying dynamics of sickle pain. In this dissertation, 

electroencephalography (EEG) and functional magnetic resonance imaging (fMRI) were 

used to study how neural activity is changed by sickle cell disease (SCD). fMRI analysis 

showed that resting state network (RSN) activity is altered in SCD patients compared to 

controls, where both functional connectivity and frequency behavior showed differences 

in the patient group. EEG showed that patients have altered power in the theta (4-8 Hz) 

and beta2 (16-30 Hz) bands; additionally, patients tended to have greater power in the 

lower frequency bands and showed a positive shift in power toward the theta band. Graph 

theory showed that in both EEG and fMRI, SCD patients have reduced efficiency within 

local networks. Combining EEG and fMRI demonstrated how pain processing regions 

were related to temporal EEG parameters such as microstates and beta1 power. The 

differences observed in functional neuroimaging were found to be correlated to some 

aspects of chronic pain including past emergency department visits, past hospitalizations, 

past transfusion rate, and age. 

One benefit of this work was to compare the strengths and weaknesses of fMRI 

and EEG. As demonstrated by the results, fMRI was better able to localize alterations in 

connectivity within neural networks. Specifically, fMRI was capable of distinguishing 

unique RSN and the graph theory study demonstrated that fMRI had more significant 
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differences found between groups. While EEG was not as precise, altered activity that 

reflected differences observed in fMRI was shown. This was achieved by utilizing 

electrical source imaging (ESI) methods to improve spatial resolution of EEG. The ESI 

analysis performed showed that pain processing regions were related to the frequency 

bands that showed differences between controls and patients. Some of these regions 

displayed altered connectivity in fMRI and EEG informed fMRI (EEG-fMRI) results as 

well. EEG has several practical advantages over fMRI, which includes being less 

expensive, portable, safer, and easier to use. These benefits make EEG easier to 

implement in a clinical setting. This dissertation work established that EEG is capable of 

sensing altered neural activity in SCD patients. In addition, patterns of neural activity can 

be learned to effectively differentiate between SCD patients and controls using machine 

learning techniques, as demonstrated by the support vector machine (SVM) results. 

However, combining EEG and fMRI yielded results with both high temporal and spatial 

information. While EEG-fMRI is not as easy to implement, this method provides the 

most information on altered connectivity observed in SCD patients. 

Chronic pain interrupts resting state activity; however, the impact of chronic pain 

on neural behavior is unique for each condition (Apkarian, Hashmi, and Baliki 2011). 

This dissertation focused on how sickle pain alters resting state behavior in SCD patients. 

Several RSN, including default mode network (DMN) and executive control network 

(ECN), were shown to have significantly reduced connectivity in SCD patients. The 

reduction in ECN is unique to SCD patients and may help explain why SCD patients 

have impaired cognitive abilities compared to controls (Colombatti et al. 2016, [b] 2015). 
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SCD patients showed altered frequency behavior, specifically, the theta band had 

increased power compared to controls. SCD patients also demonstrated similar traits to 

other chronic pain patients with thalamocortical dysrhythmia (TCD), which indicates 

TCD as a potential pain mechanism for SCD. Beta power in SCD patients also showed a 

close relationship to fMRI results in the graph theory analysis as well as an affiliation 

with the salience network. EEG classification revealed how EEG power relates to chronic 

pain history and could be a potential biomarker for chronic pain severity in patients. The 

graph theory results revealed how sickle pain impacts global brain networks and that 

efficiency was greatly reduced in SCD patients. This further explains why RSN 

connectivity is reduced in SCD patients, where reduced efficiency was a reflection of 

altered functional structure in SCD patients. Random network behavior was seen in SCD 

patients with more severe sickle pain and reflects how functional organization is lost in 

SCD. These results provide a basic foundation for how sickle pain affects the brain and 

provides an improved understanding of the impact of chronic pain on SCD patients. 

Perspectives 

 This dissertation work sought to establish how sickle pain impacts neural 

behavior during resting state in SCD patients. However, there are remaining challenges 

that can be solved in future research. While this work reports how sickle pain negatively 

impacts neural health, there is much more work that needs to be done to address how to 

mitigate altered functional connectivity. Pain management is an important part of treating 

SCD; however, it is difficult to effectively treat sickle pain. Neuropathic pain is 

especially difficult to treat, and acknowledging altered neural behavior in SCD patients 
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and treating it may help improve pain treatment. Neuromodulation techniques such as 

deep brain stimulation (DBS) and transcranial magnetic stimulation (TMS) may provide 

a method to lessen the impact of sickle pain on neural dynamics. Neuromodulation 

methods have been shown to be beneficial and induce plasticity by modifying the 

behavior of neural circuits (Davis and Neuropsychopharmacology 2002). Both DBS and 

TMS have been used to alleviate pain and have shown promising results (Rasche et al. 

2007; Brighina et al. 2004; Sampson, Rome, and Rummans 2006). If neuromodulation 

can be used in SCD patients and alleviate some of the negative functional connectivity 

observed from this dissertation work, it may greatly impact how sickle pain is managed 

in the clinic. Future studies involving neuromodulation and SCD patients are needed to 

see if this is an avenue for improved pain treatment. 

 Additionally, the imaging techniques presented in this dissertation can be used as 

a tool for clinicians to test the efficacy of treatment options. A successful pain relief 

method will most likely influence resting state neural activity. Non-invasive imaging 

techniques can be used to test the value of new pharmaceutical drugs being developed or 

alternative pain therapy. Using magnetoencephalography (MEG) imaging to determine 

how DBS effects chronic pain has been done to determine potential future surgical targets 

(Kringelbach et al. 2007). Improvements to functional connectivity can be used as an 

objective method to assess a new pain treatment for SCD patients. Resting state imaging 

is advantageous because it is easy to implement and can be conducted for longitudinal 

studies (Shehzad et al. 2009; B. B. Biswal et al. 2010; Damoiseaux et al. 2006). While 

pharmaceutical pain relief takes time to develop, there are several alternative therapy 
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options established for chronic pain. Indeed, the use of heat or cold packs, relaxation, 

massage, hypnosis, and acupuncture are used as non-pharmacologic methods to treat pain 

(S. K. Ballas 1998). However, there are no controlled clinical studies to verify the 

efficacy of these treatment options (Samir K. Ballas 2011). Providing neuroimaging and 

clinical results of these alternative therapies may help improve pain treatment in the 

medical field, as well as increase compliance in SCD patients if they are confident about 

the benefits of treatment. Functional neuroimaging can also provide further details about 

the pain relief mechanisms involved in treatments. 
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