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Abstract 

Dissertation Title: Peak Alpha Frequency: Discovery and Validation of a Prolonged 

Pain Biomarker 

Andrew Furman 

Dissertation Directed by David A. Seminowicz, PhD., Professor, Department of Neural 

and Pain Sciences 

Chronic pain is a pervasive and debilitating disease that afflicts nearly one in five 

individuals. Given its frustrating treatment resistance, one avenue for combatting chronic 

pain is to develop interventions that can be used to prevent disease emergence. One 

barrier to realize these interventions, however, is that it is difficult to identify individuals 

at high risk for developing chronic pain or to identify those already in the early stages of 

disease development. Previous work has indicated that Peak Alpha Frequency (PAF), an 

EEG-derived measure of the frequency element demonstrating maximal power in the 8-

12 Hz range, is abnormally slow in cases of chronic pain. This PAF slowness may reflect 

processes related to ongoing pain or factors that predispose an individual to being highly 

sensitive to pain, perhaps the best-known risk factor for developing chronic pain. Using 

experimental models of prolonged pain in healthy individuals, as well as ongoing EEG, 

the current work tests these two hypotheses and reveals several key findings. First, in 

support of the hypothesis that PAF reflects risk factors associated with heightened 

chronic pain risk, PAF recorded during a pain-free state is negatively correlated to pain 

experienced during a future noxious with slower PAF associated with greater pain 

sensitivity.  Second, the relationship between pain-free PAF and pain sensitivity is 



 
 

reliable and can be observable across multiple models of prolonged pain and at multiple 

points of time. Third, in support of the hypothesis that PAF slowing is a consequence of 

ongoing pain, exposure to prolonged pain produces reliable PAF slowing that occurs 

through focal power reductions in the “fast” 10-12 Hz portion of the alpha range. This 

latter finding represents the first mechanistic evidence through which PAF slowing 

occurs. In total, these findings strongly position PAF for use in the clinic as a diagnostic 

tool for identifying individuals at high risk for developing chronic pain and for 

identifying those individuals in the early stages of pain emergence.  
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Chapter I: Background and Significance 

A. Epidemiological Characteristics of Chronic Pain 

Chronic pain is a debilitating disease defined by pain lasting more than three months as 

well as associated physical, emotional, and cognitive symptoms. Chronic pain is both a 

personally and financially devastating disease that is estimated to afflict around 20% of 

the population (Breivek et al., 2006; Fayaz et al., 2016, Dahlhamer et al., 2018). In the 

United States alone, nearly one in four individuals suffer from chronic pain and 

treatment-related costs exceed $600 billion annually (Gaskin & Richard, 2012). These 

burdens threaten to expand given the heightened risk for developing chronic pain with 

aging and continued improvements in human life expectancy.          

Despite its prevalence, front-line treatments for chronic pain are often only mildly 

efficacious (e.g., Reinecke et al., 2015). Furthermore, treatments can produce large, 

undesirable side effects that can limit patient adherence and even increase pain-related 

interference in day-to-day life (Martel et al., 2015). Barriers to effective treatment are not 

only pharmacological in nature, with many physicians acknowledging, despite their best 

efforts, that diagnostic uncertainty hinders successful treatment (Von Roenn et al., 1993). 

In turn, such diagnostic difficulties negatively impact patient opinions of medical 

providers and dissuade future treatment seeking (Upshur et al., 2010). As a result, 

successful treatment of chronic pain remains elusive leading and the majority of patients 

will have unresolved pain for the remainder of their lives (Nakamura et al., 2014).   
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B. Current Predictors of Chronic Pain Risk 

Considering these rising burdens and treatment difficulties, an alternative approach to 

combatting chronic pain is to prevent its occurrence in the first place. One avenue to 

accomplish this goal is to identify chronic pain risk factors that can be used to identify 

and deploy prophylactic interventions to those at high risk for disease development.  

Chronic pain following planned surgical intervention is a common adverse effect 

impacting 10-30% of surgical patients (Bruce & Quinlan, 2011), and accounting for an 

estimated 25% of total chronic pain cases (Katz & Seltzer, 2009). Incidence rates vary 

considerably between surgeries with invasive procedures like thoracotomy producing 

chronic pain in up to one half of patients (e.g., Katz et al., 1996; Schug & Bruce, 2017). 

Therefore, several studies have aimed to identify factors that can predict the onset of 

persistent post-surgical pain. 

Immediate post-operative pain intensity constitutes the strongest and most reliable 

predictor of post-operative pain outcomes (e.g., Kehlet et al., 2006; Macrae, 2008; 

Althaus et al., 2014, Hah et al., 2019). Patients who experience greater pain in the days 

following surgery take longer to see their pain resolve, require greater pharmacological 

interventions, and are less likely to experience full surgical recovery (Hah et al., 2019). 

Surprisingly, development of chronic post-surgical pain is not consistently related to 

surgical factors such as procedure invasiveness (i.e., Open vs. Arthroscopic; Bayman et 

al., 2017) or observed nerve damage (Maguire et al., 2006). Thus, while acute post-

operative pain represents a strong statistical predictor of chronic pain risk, its real-world 
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use has been limited by the fact that acute pain levels cannot be immediately predicted 

from physical injury alone. 

Peri- and post-operative pharmacological interventions, such as gabapentinoids and 

ketamine (Schmidt et al., 2013; McNicol et al., 2014), have been used to try and reduce 

the intensity of pain occurring immediately after surgery. While these interventions 

universally reduce acute post-operative pain, their impact on chronic pain development 

have been mixed with some studies failing to find evidence of prophylaxis (e.g., Şen et 

al., 2009; Clarke et al., 2009; Dualé et al., 2009; Chumbley et al., 2019). While issues 

regarding study design and appropriate power have contributed to these mixed findings 

(Clarke et al., 2012), pharmacological intervention alone may not be sufficient to prevent 

processes associated with the transition to chronic pain. Additionally, pharmacological 

intervention can produce side effects, such as opioid-induced hyperalgesia (e.g., Stoicea 

et al., 2015) and dizziness (e.g., Mclean et al., 1999), that can lead patients to suspend 

treatment (Furlan et al., 2006). What is needed are additional robust predictors, such an 

individual’s inherent sensitivity to pain, that can provide complementary avenues for 

intervention or that can direct pharmacological intervention to those most likely to 

experience high levels of pain after surgery. 

To that end, the impact of psychosocial factors, such as anxiety, on post-surgical pain 

have been well-studied.  A number of studies have found that pre-surgical anxiety (e.g., 

Granot et al., 2005; Masselin-Dubois et al., 2013; Theunissen et al., 2012; Páge et al., 

2017) and pain catastrophizing, a negative cognitive and/or affective response to actual or 

anticipated pain (e.g., Pavlin et al., 2005; Pinto et al., 2012; Burns et al., 2015), are 

associated with greater pain after surgery and greater risk for chronic pain development. 
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Conversely, greater levels of optimism regarding positive outcomes of surgery are 

associated with lower levels of immediate post-surgical pain and less risk for developing 

chronic pain (e.g., Powell et al., 2012; Pinto et al., 2013; Ronaldson et al., 2014). While 

interventions that aim to modify psychological factors have shown promise in reducing 

post-surgical pain (Abid Azam et al., 2017; Nicholls et al., 2018; Dindo et al., 2018), they 

may be ill-suited to nonverbal patients that can be encountered in the clinic (i.e., 

unconscious, young age).  

Psychophysical factors have also been investigated as potential predictors of post-surgical 

pain (van Helmond et al., 2020). Quantitative Sensory Testing (QST) has received 

particular attention given its standardization (Rolke et al., 2006), test-retest reliability 

(Nothnagel et al., 2017, Marcuzzi et al., 2017), and putative sampling of nociceptive and 

analgesic mechanisms (e.g., Nir & Yarnitsky, 2015). A wide variety of QST tests exist, 

with the simplest involving detection of a just painful thermal or pressure stimulus (i.e., 

pain threshold), but all involve application of a stimulus followed by a detection or 

magnitude response by the participant. While chronic pain patients often demonstrate 

abnormal QST profiles (Greenspan et al., 2011, Suokas et al., 2012), the ability to predict 

chronic pain risk from QST remains unreliable (Marcuzzi et al., 2016; Petersen et al., 

2021). For example, while one prominent study found a correlation between post-surgical 

pain outcomes and pre-operative conditioned pain modulation (Yarnitsky et al., 2007), a 

test thought to reflect endogenous descending analgesia (Nir et al., 2015), most studies 

have not (Fernandes et al., 2019). Furthermore, changes to QST profiles have been found 

to be unrelated to development of chronic pain (Fillingim et al., 2018). At present, 

psychophysical measures have largely failed to deliver reliable predictors although 
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adapting methodologies to capture self-reported patient symptoms still holds significant 

promise (Ohrbach et al., 2013).     

More recently, several studies have turned to non-invasive brain imaging techniques such 

as functional Magnetic Resonance Imaging (fMRI) and Electroencephalography (EEG) 

to develop pain predictive biomarkers (Schulz et al., 2012, Wager et al., 2013, 

Vijayakumar et al., 2017; Tu et al., 2019; Spisak et al., 2020). In general, brain imaging 

approaches have focused on collecting brain activity either before or during pain and 

asking which brain responses predict or correlate with subsequent pain. For example, 

fMRI derived measures of blood oxygenation reliably represent ongoing, noxious 

stimulus intensity across a variety of brain regions (Wager et al., 2013) and resting state 

measures of functional connectivity can predict individual differences in QST (Spisak et 

al., 2020). Similarly, EEG measurements of power in the various frequency bands reflect 

both between and within-subject variability in pain perception across several acute pain 

paradigms (Babiloni et al., 2006, Hu & Iannetti., 2019). In theory, brain-based 

biomarkers can be collected in the absence of pain and independently of the participant’s 

verbal status making them a potentially superior alternative to psychosocial and 

psychophysical approaches. Brain biomarkers have, however, largely been correlated to 

QST or QST-like tests of pain perception, calling into question how well these metrics 

reflect chronic pain risk.  

In light of these concerns, the alpha rhythm, a prominent EEG oscillation, offers potential 

as a biomarker of chronic pain vulnerability for two reasons. First, its speed, 

operationalized by the metric Peak Alpha Frequency (PAF), has been shown to be 

reliably disrupted in cases of chronic pain (Sarnthein et al., 2006, Walton et al., 2010; de 
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Vries et al., 2013). Second, PAF has already been shown to be correlated with 

experimental models of pain sensitivity in healthy individuals suggesting that it might 

serve as a useful pain sensitivity biomarker (Nir et al., 2010, 2012). Before describing 

how I will test Peak Alpha Frequency as a biomarker of prolonged pain sensitivity, I first 

review the mechanisms of the alpha rhythm, its spectral characteristics, and documented 

relationships to human pain.  

C. Alpha Rhythm 

Mechanisms  

Mesoscopic brain activity, often captured by EEG, electrocorticography, or local field 

potentials, is characterized by alternating states of positive and negative voltage.  These 

rhythmic changes in potential, referred to as neural oscillations, are thought to reflect the 

active and passive flow of ions occurring during repeated post-synaptic potentials (da 

Silva, 2010; Buzsaki et al., 2012; Jackson & Bolger, 2014). In the case of an excitatory 

post-synaptic potential at the apical dendrites of a pyramidal neuron, a sink, or 

extracellular negativity, is produced at the apical dendrites as sodium ions are allowed to 

flow down their electrochemical gradient with the opening of voltage gated channels. 

Shortly after, a source, or extracellular positivity, is produced at the cell body as 

membrane-bound ion exchangers return positive ions to the extracellular space during 

membrane depolarization. These positive ions will eventually migrate towards the 
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originally formed sink, thereby producing an alternating pattern of negative and positive 

voltage changes in the extracellular space surrounding the apical dendrites. When this 

process occurs simultaneously across a sufficiently large number of the neurons, these 

voltage changes become sufficiently large to be recorded at distance from the originating 

site. These voltage changes are subsequently described in terms of terms of their power, 

phase, and frequency. Power describes an oscillation’s magnitude (i.e., size of the voltage 

deflections), phase describes the angular position (0° - 360°) of the oscillation at a point 

in time, and frequency describes how many times an oscillation repeats per some unit of 

time (Figure 1). 

Neural oscillations have been predominantly separated based on their frequency—a 

measure of how quickly they complete their bi-phasic cycle. The alpha rhythm is an 8-12 

Hz oscillation commonly observed in primary sensory cortices (Da Silva & Van 

Leeuwen, 1977; Bollimunta et al., 2008; Haegens et al., 2011). Despite their prevalence 

Figure 1. Spectral properties of alpha oscillations. A. Oscillations can be described in 

terms of Amplitude (red), Frequency (purple), and Phase (green). B. Eyes closed, resting 

state EEG (black lines) recorded from a posterior channel is primarily composed of alpha 

oscillations (orange lines). Alpha oscillations were captured by applying an 8-12 Hz FIR 

bandpass filter to the original data.  
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in the sensory cortices, alpha rhythm generation is often ascribed to the thalamus given 

that an 8-12 Hz rhythm can be reconstituted in ex vivo thalamic slices (Lőrincz et al., 

2009), alpha rhythms are disturbed following thalamic lesion (e.g., Ohmoto et al., 1978), 

and alpha rhythms persist in the thalamus even after decortication (Morrison & Bassett, 

1946). The thalamus contains multiple, inhibitory cell assemblies that are well positioned 

to generate rhythmic activity (Steriade et al., 1990; Figure 2). In particular, thalamically-

generated alpha rhythms have been hypothesized to be controlled by high threshold 

bursting thalamocortical (hTC) neurons who send inhibitory projections, via local 

interneurons, to non-bursting thalamacortical projection (TC) neurons and excitatory 

Figure 2. Thalamic circuity endogenously produces neural oscillations. A. Simplified 

schematic of thalamic circuity adapted from Vijayan & Kopell (2012). High-Threshold 

Neurons (HTC) activate Thalamic Reticular Neurons (RE) which in turn inhibit both 

Thalamacortical and HTC neurons. Feedback inhibition onto RE cells releases both TC 

and HTC cells from inhibition. B. Exemplar results from a mathematical model of the 

circuity in A. In the presence of persistent, background TC and HTC activity, RE cells 

become activated and begin to inhibit both TC and HTC cells. Inhibition of RE cells via 

recurrent collaterals releases HTC and TC cells from inhibition, thereby beginning the 

cycle of anew. Note that HTC and TC cells differ in their activation dynamics based on 

the presence of HTC gap junctions, which produce rapid inhibition and excitation. 

Assembly activation for TC and RE cells was modelled using a cumulative density 

function with μ = 5 and σ = 2.      
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projections to thalamic reticular (RE) neurons, who in turn send inhibitory projections to 

both hTC and TC cells (Hughes & Crunelli, 2005). Alternating windows of TC inhibition 

and disinhibition are produced by activation of hTC cells which ultimately shape cortical 

activity (Vijayan & Kopell, 2012). First, TC cells are immediately inhibited by hTC 

signaling and downstream RE activation. Second, negative feedback from RE cells onto 

hTC cells leads to a release TC cells from inhibition. This inhibition of hTC cells resets 

the cycle as hyperpolarization of these cells activates voltage-gated calcium channels 

(Cain & Snutch, 2013) which generate sufficient depolarization in response to excitatory 

input to produce burst firing (Deschênes et al., 1984). Importantly, hTC cells have been 

found to be connected by gap junctions thereby allowing oscillation generation to move 

forward when stimulation is weak or only present at a subset of hTC neurons (Hughes et 

al., 2011).         

Despite the frequent association of Alpha with thalamic neurons, several studies have 

indicated that cortical neural ensembles, posessing columns appropriately structured to 

produce oscillatory activity (Liley et al., 1999; Traub et al., 2020), are an independent 

generator of the alpha rhythm. Current source density analysis has revealed Alpha 

pacemakers in both infragranular and supragranular layers of the visual cortex 

(Bollimunata et al., 2008) and cortical Alpha has been shown to be a driver of thalamic 

Alpha activity (Halgren et al., 2019). What’s more, studies employing simultaneous 

EEG-fMRI have reliably demonstrated independent associations between fluctuations in 

Alpha and changes in blood oxygenation at both thalamic and cortical sites (Goldman et 

al., 2002; Gonçalves et al., 2006). Cortical Alpha generators are not restricted to sensory 
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cortices, with several localized to association cortices involved in attention and cognitive 

control, such as the posterior parietal cortex (e.g., Sokoliuk et al., 2019).  

Neurophysiological and Behavioral Correlates 

While early studies categorized the alpha rhythm as a signature of cortical idling, based 

on the observation that eye closure results in a prominent increase in power (e.g., Adrian 

& Matthews, 1934), this view was challenged by studies demonstrating correlations 

between Alpha power changes and perceptual and cognitive processes. For example, 

studies employing multiple, simultaneous stimulus modalities (i.e., visual and auditory) 

have found that instructions to ignore a particular modality produce power enhancements 

only in regions associated with to-be-ignored stimulus (Mazaheri et al., 2014; van Diepen 

& Mazaheri, 2017). These regional power increases have been associated with both 

decreased stimulus detection when occurring in the to-be-attended sensory region and 

decreased distraction effects when occurring in the to-be-ignored sensory region (e.g., 

Haegens et al., 2012; Bonneford & Jensen, 2012). These results indicate that the alpha 

rhythm serves as an inhibitory process responsible for gating information flow through 

sensory and attention systems (Van Diepen et al., 2019), a function often ascribed to the 

thalamus (e.g., McCormick & Bal, 1994).  

Recent work has further shown that Alpha-dependent inhibition is phasic in nature 

(Jensen & Mazaheri, 2010), with the degree of inhibition tied to the phase of the ongoing 

rhythm. At the cellular level, in vivo and in vitro recordings have demonstrated that 

action potential probabilities are determined by phase with the highest rates occurring 

during the trough (i.e., negative voltage changes) of the rhythm and the lowest rates 

recorded during peaks (i.e., positive voltage changes; Haegens et al., 201). Most 
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importantly, the phase dependency of action potential firing can be recreated in vitro with 

transcranial Alternating Current Stimulation (tACS Fröhlich and McCormick., 2010), a 

method for exogenously entraining neural oscillations (Herrmann et al., 2013). At the 

behavioral level, several cognitive tasks demonstrate phase dependent performance (e.g., 

Busch et al., 2009; Milton & Pleydell-Pearce, 2016; Hülsdünker et al., 2018; Solis-

Vivanco et al., 2018). Phase dependency is itself conditional on Alpha power with the 

probability of action potentials or behavior approaching zero as power increases 

(Haegens et al., 2011; Ai & Ro, 2014). Mirroring findings at the neural level, exogenous 

manipulation of Alpha phase with tACS predictably alters performance in both attention 

and perception-based tasks (e.g., Helfrich et al., 2014; Gundlach et al., 2016; de Graaf et 

al., 2020). 

More recently it has been suggested that Alpha’s primary role is not inhibition per se, but 

instead the framing of discrete processing cycles via inhibition (Van Rullen, 2016). Both 

human and animal studies have demonstrated that perception, despite its apparent 

continuity, occurs in discrete cycles whose frequency is often within the 8-12 Hz range. 

One common technique to study these cycles is through the sequential presentation of 

distinct, but temporally proximate visual stimuli (e.g., Samaha & Postle, 2015). Cycle 

length is approximated by the temporal length at which the ability to perceive two distinct 

stimuli falls to chance levels (i.e., 50%). Across individuals, cycles of visual perception 

occur between 90 -110 ms (i.e., 9-11 Hz) and individuals can endogenously lengthen or 

shorten these cycles depending on whether a task requires temporal integration or 

separation, respectively (Wutz et al., 2018; Drewes et al., 2020). Manipulating Alpha’s 

frequency with tACS has also been used to both shorten and elongate these perceptual 
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cycles (Cecere et al., 2014; Battaglini et al., 2020; Mioni et al., 2020), providing perhaps 

the strongest evidence that Alpha is indeed involved in cycle formation and control.  

In summary, the alpha rhythm appears to play an important role in shaping neural and 

behavioral functions related to sensation, perception, and attention. In particular: 1) 

power broadly inhibits or permits processing, 2) phase determines the timing of 

processing, and 3) frequency determines how often phase-dependent processing occurs 

per second.   

Peak Alpha Frequency: Phenomenology and Correlates 

Another fundamental characteristic of the alpha rhythm is the specific frequency at which 

the oscillation resides in the power spectrum. This frequency has traditionally been 

referred to as the Peak or Individual Alpha Frequency (PAF/IAF). PAF varies 

considerably between individuals with most healthy individuals demonstrating PAFs 

between 9-11 or 8-12 Hz depending on the calculation method (Figure 3). Traditional 

approaches to quantifying PAF have used simple identification of the frequency element 

within the 8-12 Hz demonstrating maximal power (i.e., “peak picking”). While this 

metric is reliable (e.g., Salinsky et al., 1991), it suffers from the frequent presence of 

multiple alpha peaks (Chiang et al., 2011) and the influence of aperiodic activity, 

represented by pink noise in the spectrum, which can over-exaggerate power estimates 

(Donoghue et al., 2020; Samaha & Cohen, 2021). To combat these shortcomings, the 

center of gravity (CoG) method can be used, (Klimesch et al., 1993). CoG is defined as:  

𝐶𝑜𝐺 =  
∑ 𝑓𝑖 ∗ 𝑎𝑖

𝑛
𝑖=1

∑ 𝑎𝑖
𝑛
𝑖=1
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where fi is the ith frequency bin within a desired frequency range (often 8-12 Hz or 9-11 

Hz), n is the number of frequency bins within the range, and ai the spectral amplitude for 

fi. When a single peak is present in the spectrum, both peak picking and CoG approaches 

will yield the same result. When multiple peaks are present, the CoG will identify the 

frequency that represents the center or balance point in the spectrum. CoG thus reflects a 

composite metric which indicates how power is distributed across the entire spectrum and 

has been found to be as good or better than peak picking for reliably capturing PAF 

(Corcoran et al., 2018).     

PAF is a trait-like characteristic that demonstrates good test-retest reliability over 

extended time periods (Salinsky et al., 1991; Grandy et al., 2013). PAF speed is strongly 

shared across family members suggesting that it is genetically heritable (Posthuma et al., 

2001, Smit et al., 2006). PAF is not fixed within the individual and both spontaneous and 

state dependent changes have been reported (Larsson & Kostov, 2005; Mierau et al., 

2017). With regards to the latter instance, PAF has been shown to increase during 

Figure 3. Statistical properties of PAF. A. Across healthy individuals, PAF is roughly 

distributed around 10 Hz B. PAF is not, however, normally distributed due to the 

presence of elongated tails in the distribution. PAF data shown here was taken from 

Chapter 3 and was calculated using the CoG algorithm.    
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cognitive tasks (Haegens et al., 2014; Babu Henry Samuel et al., 2018, Benwell et al., 

2019), strenuous exercise (Gutmann et al., 2018), and sensory stimulation (Nir et al., 

2010). Two mechanisms have been proposed to explain these PAF shifts: 1) network-

level changes that produce an overall “shift” of Alpha activity without change to local 

spectral features (Mierau et al., 2017) and 2) changes to local Alpha topography such as 

the emergence of a new peak or changes in the relative power balance between two or 

more contributing oscillators (Benwell et al., 2019). At present, evidence in favor of 

either mechanism remains limited although multiple studies have provided evidence that 

the alpha rhythm is likely to be composed of multiple oscillators (Chiang et al., 2011; 

Barry et al., 2020; Evertz et al., 2021). 

Across individuals, differences in PAF have been linked to individual differences in 

sensation, perception, and cognition (Bazanova et al., 2014, Samaha & Postle, 2015; 

Minami & Amano, 2017; Zhang et al., 2021). For example, slower PAF has been linked 

to poorer working memory performance across a variety of tasks (Richard Clark et al., 

2004, Moran et al., 2010; Ghazi et al., 2021). PAF is also disturbed in several disorders 

and diseases with slowed PAF identified in autism (Dickinson et al., 2017), Alzheimer’s 

disease and mild cognitive impairment (Moretti et al., 2004; Garcés et al., 2013), chronic 

pain (Sarnthein et al., 2006), depression (Tement et al., 2016), and schizophrenia 

(Murphy & Öngür, 2019).  

Several mechanisms have been implicated in determining PAF speed including voltage-

gated calcium channel properties and enzymes related catecholamine metabolism 

(Hughes & Crunelli, 2005; Bazanova et al., 2014). Several lines of evidence also point to 

the cholinergic system as an important player in PAF speed (Bazanova et al., 2014). 
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Metabolic cholinergic agonists, via concomitant hyperpolarization of reticular cells and 

depolarization of thalamacortical cells, can induce Alpha oscillations in ex vivo Lateral 

Geniculate Nucleus slices and the frequency of these oscillations is determined by agonist 

concentration (Lörincz et al., 2008, 2009). Administration of nicotine, a potent agonist of 

several nicotinic acetylcholine receptors (nACHR; Hurst et al., 2013), produces robust 

PAF speeding in healthy individuals (Foulds et al., 1994) and this speeding can be 

blocked by simultaneous administration of an nACHR antagonist (Pickworth et al., 

1988). Consistent with the receptor desensitization that occurs during chronic exposure 

(Wittenberg et al., 2020), nicotine deprivation results in PAF slowing for regular smokers 

(Knott & Venables, 1977; Herning et al., 1983) that is reversed upon nicotine 

consumption (Domino et al., 2009). Similarly, dysfunction of the cholinergic system has 

been identified in many of the same disorders, such as Alzheimer’s disease (Kása et al., 

1997; Hampel et al., 2018), in which PAF is found to also be disturbed. 

At present, the cognitive processes associated with PAF are undetermined. PAF’s 

association with the cholinergic system may provide some hints, however, given that the 

latter has been implicated in several functions including cognitive control and top-down 

attention (Klinkenberg et al., 2011; Wallace & Bertrand 2013). In line with this idea, 

nicotine administration in non-smokers simultaneously increases PAF and improves 

visual attention (Bauer et al., 2012).  

D. Links between the Alpha Rhythm and Pain 

Several studies have investigated the relationship of Alpha’s spectral characteristics to 

human pain processing. Alpha power has historically received the most interest with 
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frequency garnering increased interest more recently. In comparison, phase has received 

relatively little attention and it is currently unknown whether pain perception is phase-

dependent in a manner analogous to tactile or visual perception. As a result, I will focus 

primarily on reviewing how Alpha power and frequency relate to human pain.  

Alpha Power  

In line with its role in sensory processing, several studies have demonstrated that 

experimental, noxious stimuli reliably produce Alpha power decreases over central scalp 

channels contralateral to stimulation (e.g., Chang et al., 2001; Chang et al., 2003; 

Dowman et al., 2008; Hu et al., 2013). This has been documented in response to noxious 

hot (e.g., Peng et al., 2014), cold (e.g., Chang et al., 2002; Dowman et al., 2008), laser 

(Ploner et al., 2006), pressure (Egsgaard et al., 2009), and chemical stimuli (Chang et al., 

2001; Le Pera et al., 2000).  

Alpha suppression elicited by noxious stimuli has been primarily interpreted to reflect an 

electrophysiological signature of nociception, although the specific mechanism (i.e., loss 

of somatosensory inhibition or facilitation of ascending inputs) represented by this 

phenomenon has yet to be identified. Four lines of evidence appear to support this 

hypothesis. First, power decreases do not occur in response to modality-matched, 

innocuous stimuli (Backonja et al., 1991; Chang et al., 2001; Michail et al., 2016). It 

should be noted that studies employing more than two stimulus levels (i.e., multiple 

levels of innocuous and noxious) have found that decreases grow linearly with stimulus 

intensity irrespective of noxious content, leading to suggestions that power decreases 

track stimulus intensity rather than pain per se (Schulz et al., 2015; Nickel et al., 2017). 

Second, pain-related power decreases have been found in some cases to be negatively 
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correlated with perceived pain intensity (Peng et al., 2014; Huishi Zhang et al., 2016; 

Bunk et al., 2018), although this relationship has not been found consistently (e.g., Hu & 

Iannetti, 2019). Third, pain-induced power decreases are attenuated by induction of 

placebo analgesia with the magnitude of pain relief positively correlated to the magnitude 

of analgesia (Huneke et al., 2013; Li et al., 2016). Finally, power decreases remain 

evident when a noxious stimulus is applied to another thereby indicating that these 

changes reflect the noxiousness of the stimulus as opposed to confounding factors that 

coincide with its application (Whitmarsh et al., 2011; Joyal et al., 2018). 

In contrast, Alpha power decreases have also been suggested to reflect executive control-

related processes that occur in response to a painful stimulus (Peng et al., 2015). For 

example, instruction to attend to a painful stimulus has been shown to potentiate pain-

related power decreases (Hauck et al, 2015) while distraction attenuates these changes 

(Ohara et al., 2004; Del Percio et al., 2006; May et al., 2012). Similarly, while placebo 

analgesia has been found to attenuate power decreases, pharmacological analgesics have 

been found to have little to no effect (Malver et al., 2014). Power decreases also occur 

prior to exposure to a noxious stimulus and have been shown to predict subsequent pain 

intensity (Babiloni et al., 2003; Babiloni et al., 2006), further suggesting that decreases 

reflect anticipatory or top-down processes that extend beyond local somatosensory 

function. Indeed, suppression is scaled by participant expectations with the greatest 

decreases occurring when when a stimulus is predicted to produce high amounts of pain 

(Peng et al., 2019). These anticipatory processes may be related to the preparation of 

pain-resolving motor programs (i.e., hand withdrawal) since pre-stimulus alpha 
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suppression is diminished in the presence of simultaneous motor activity (Babiloni et al., 

2008; Babiloni et al., 2014)     

In comparison to healthy individuals, chronic pain patients demonstrate elevated alpha 

power in the absence of experimental pain and this increase has been suggested to 

represent a putative biomarker for chronic pain (Sarnthein et al., 2006; van den Broeke et 

al., 2013; Meneses et al., 2016). These power elevations, however, have been found to be 

unrelated to or negatively correlated with chronic pain intensity (Camfferman et al., 

2017, May et al., 2019; Feng et al., 2021). What’s, pain resulting from movement of an 

injured body part or exposure to an experimental pain produces power decreases rather 

than power increases in patients with chronic jaw pain (Wang et al, 2019, 2020). Taken 

together, these results suggest that power increases reflect disease-related disturbances 

that are seemingly unrelated to pain itself. For example, power increases may be related 

to negative expectations regarding pain and pain relief (Boersma & Linton, 2005) which, 

when induced in healthy individuals, have been shown to induce power increases (Albu 

& Meagher, 2016).  

Peak Alpha Frequency  

Unlike Alpha Power, PAF has been primarily studied in the context of chronic pain 

where patients demonstrate significantly slower PAF than healthy individuals (e.g., 

Sarnthein et al., 2006). This pattern of slowed PAF has been identified across a wide 

range of conditions including complex regional pain syndrome (Walton et al., 2010), 

migraine (O’Hare et al., 2018), fibromyalgia (Lim et al., 2016), spinal cord injury (Jensen 

et al., 2013), multiple sclerosis (Kim et al., 2019), and chronic lower back pain (Witjes et 

al., 2021). Furthermore, slowness has been correlated with disease duration (de Vries et 
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al., 2013) and has been shown to reverse following a planned thalamic lesion known to 

alleviate chronic pain symptoms (Jeanmonod et al., 2001; Sarnthein et al., 2006).  

PAF disturbances have frequently been interpreted to reflect an active disease process, 

such as thalamocortical dysrhythmia (Llinás et al., 1999), that is responsible for the 

emergence and/or persistence of chronic pain. According to this hypothesis, PAF speed is 

normal prior to injury and is actively slowed as chronic pain emerges. Whether PAF 

slowing represents a shift of pre-existing alpha activity towards slower frequencies or the 

emergence of a new peak frequency remains unclear. Rodent studies have generated 

support for the latter mechanism, with several studies demonstrating selective 

enhancement of power at sub-peak frequencies following injury of the sciatic or orbital 

nerve (LeBlanc et al., 2014, 2016; Choi et al., 2016).  

Attempts to modulate pain perception by manipulating PAF speed have largely proven 

unsuccessful, calling into question whether a causal link exists between PAF slowing and 

disease emergence or its associated sensory symptoms. In healthy individuals, tACS-

based modulation of PAF has been found to either have no impact on pain perception or 

to only provide pain relief when stimulus predictability is low (Arendsen et al., 2018; 

May et al., 2021). PAF entrainment has, however, been primarily directed at 10 Hz, a 

frequency that overlaps significantly with PAF in most healthy individuals (Figure 3; 

Haegens et al., 2014; Corcoran et al., 2018). It therefore remains to be seen whether 

failures to modify pain perception are due to a non-existent relationship between pain and 

PAF or whether they are attributable to an inability to substantially alter PAF due to the 

close proximity between endogenous PAF and the selected entrainment frequency. 

Indeed, evidence exists to support both explanations. In support of the former, visual and 
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auditory entrainment at 8 or 12 Hz has been found to produce less pain modification than 

10 Hz entrainment (Ecsy et al., 2017). In support of the latter alternative, 10 Hz visual 

entrainment reduces the intensity of ongoing, chronic musculoskeletal presumably owing 

to the distance between 10 Hz and the PAF commonly recorded in patients (Ahn et al., 

2019; Lopez-Diaz et al., 2021).  

E. Peak Alpha Frequency: Biomarker of Chronic Pain or Pain Sensitivity?  

Despite the appeal of the slowing hypothesis, evidence of active PAF slowing during the 

emergence of chronic pain has never been documented. What’s more, attempts to 

produce PAF slowing in healthy individuals with experimental pain models have found 

no or only weak evidence of slowing (Valentini et al., 2019; Nickel et al., 2020; De 

Martino et al., 2021).  

These latter findings may suggest that PAF slowing occurs at longer timescales than 

those studied in the laboratory. Alternatively, Slow PAF reflects factors that predate 

disease onset, such as heightened pain sensitivity, that predispose an individual to 

developing chronic pain; that is, individuals who develop chronic pain are those with 

already slow PAF at the time of disease onset. In line with this alternative hypothesis, 

PAF recorded from healthy individuals prior to a painful event is positively correlated to 

pain intensity with faster PAF associated with greater future pain (Nir et al., 2010). This 

relationship runs in the opposite direction to what has been found in chronic pain, where 

slower PAF is associated with disease presence, which may be attributable to the 

relatively acute, thermal pain employed; exposing individuals to a prolonged pain model 

better able to recapitulate the features of chronic pain may be sufficient to yield a 
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negative relationship. Nonetheless, it appears that pain sensitivity may serve as a 

mediating factor linking PAF and chronic pain vulnerability. Determining whether PAF 

represents a reliable biomarker of human pain sensitivity thus represents a key step to 

further understanding PAF’s putative role in chronic pain.  
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I.  Specific Aims 

This set of studies aims to explore the relationship of PAF to human prolonged pain. Two 

hypotheses were tested: 1) That pain-free PAF reflects a reliable biomarker of human 

sensitivity to prolonged, experimental pain and 2) that PAF slowing reliably occurs in 

response to prolonged, experimental pain. The specific aims are as follows: 

Aim 1: Examine the relationship of PAF speed to an experimental model of 

prolonged pain, Capsaicin Heat Pain (CHP). 

a. Determine whether a relationship exists between PAF recorded prior to CHP 

and the intensity of pain experienced during CHP. 

b. Determine whether PAF recorded after CHP induction is slower than PAF 

recorded during a pain-free state. 

Prediction: Pain-free PAF will be negatively correlated to CHP pain intensity and PAF 

will slow following CHP.     

Aim 2: Test the reliability of the pain-free PAF-Pain Sensitivity relationship across 

multiple prolonged pain paradigms and at multiple points in time. 

a. Determine whether pain-free PAF reflects pain sensitivity to two separate 

experimental prolonged heat pain paradigms: Phasic Heat Pain (PHP) and 

CHP. 

b. Determine whether pain-free PAF’s relationship to PHP and CHP sensitivity 

is reproduced at two separate testing visits. 

Prediction: Pain-free PAF will reflect sensitivity to CHP and PHP at both testing visits.  
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Aim 3: Test the reliability of PAF slowing in response to multiple prolonged pain 

paradigms and at multiple points in time. 

a. Determine whether PAF is reliably slowed at both testing visits in response to 

two separate experimental prolonged pain paradigms, PHP and CHP. 

b. PAF slowing can be produced via three mechanisms: 1) A decrease in “fast” 

10-12 Hz power, thereby increasing the relative contribution of “slow” 8-10 

Hz power, 2) an increase in “slow” power, and 3) an overall shift of alpha 

activity, without any change to its relative power distribution, towards a 

slower frequency. By examining Alpha power changes after prolonged pain, 

and whether they occur reliably, the responsible mechanism can be identified. 

Prediction: PAF will be slowed in response to CHP and PHP at both testing visits. PAF 

slowing will occur through decreases in “fast” (10-12 Hz) Alpha Power.   
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Chapter II: Cerebral Peak Alpha Frequency Predicts Individual Differences in Pain 

Sensitivity 

A. Abstract 

The identification of neurobiological markers that predict individual predisposition to 

pain are important for development of effective pain treatments. In the current study, we 

investigated the relationship between PAF activity over sensorimotor cortex and pain 

intensity during capsaicin-heat pain CHP, a prolonged pain model known to induce spinal 

central sensitization in primates, using electroencephalography (EEG). We found that 

PAF recorded during a pain-free period preceding the induction of prolonged pain 

correlated with subsequent pain intensity reports: slower PAF at pain-free state was 

associated with higher pain during the prolonged pain condition. Moreover, the degree to 

which PAF decreased between pain-free and prolonged pain states was correlated with 

pain intensity. These two metrics were statistically uncorrelated and in combination were 

able to account for 50% of the variance in pain intensity ratings across subjects. Together, 

our findings suggest that pain-free PAF could serve as a marker of individual sensitivity 

to prolonged pain. Moreover, PAF slowing in response to prolonged pain could represent 

an objective marker for pain sensitivity. Our findings potentially lead the way for 

investigations in clinical populations in which alpha oscillations and their generative 

brain regions are used in identifying and formulating treatment or prevention strategies 

for patients more likely to develop chronic pain.  
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B. Introduction 

The alpha rhythm represents the predominant oscillatory activity in the EEG which is 

chiefly observed over primary sensory regions (e.g., vision, auditory). Although 

previously considered a signature of cortical “idling,” significant evidence now suggests 

that alpha activity plays a top-down role in gating information in sensory cortices 

depending on task demands (Foxe et al., 1998, Foxe and Snyder, 2011, Jensen and 

Mazaheri, 2010, Klimesch, 2012, Pfurtscheller et al., 1996, van Diepen and Mazaheri, 

2017). 

PAF, often identified as the frequency element within the 8–12 Hz range demonstrating 

maximal power, has been found to change across the life span. PAF speed increases from 

childhood to adulthood before subsequently decreasing in old age (Aurlien et al., 2004, 

Lindsley, 1939; Hashemi et al., 2016, Bazanova and Vernon, 2014). There is evidence 

that PAF is positively correlated to measures such as working memory performance 

(reviewed in Klimesch, 1999). More recently, it has been demonstrated that individuals 

with higher alpha frequencies over the occipital cortex are able to perceive visual 

information at a finer temporal resolution (Samaha et al., 2015). PAF has been found to 

be reliable in test-retest studies (Grandy et al., 2013), and appears to be a heritable 

phenotypic trait (Posthuma et al., 2001, Smit et al., 2006). Taken together, these studies 

suggest that PAF could be viewed as a ‘state’ variable with its subtle fluctuations within 

an individual reflecting shifts in the excitability of the underlying cortex and its capacity 

to process information. Alternatively, PAF can be viewed as a ‘trait’ variable with its 

variability across individuals reflecting cognitive ability. 
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In recent years, the variability of alpha frequency has been studied in the context of 

characterizing disease states in clinical populations and the subjective experience of pain 

in the typical population. In patients suffering from central, visceral, and neuropathic pain 

conditions, PAF was slowed relative to matched, healthy controls (Sarnthein et al., 2005, 

Walton et al., 2010, de Vries et al., 2013, Lim et al., 2016). It has been hypothesized that 

the slowing of PAF and the increased power of slower alpha rhythms (8–9.5 Hz) 

contributes to the generation of pathological pain, perhaps reflecting thalamocortical 

dysrhythmia (Llinás et al., 2005). 

In contrast to the slowing of PAF associated with chronic pain, exposure to acute, painful 

stimuli in healthy subjects has been found to increase the frequency of alpha activity (Nir 

et al., 2010). Furthermore, PAF collected from healthy individuals either during or, 

perhaps more importantly, prior to stimulation were positively correlated with pain 

intensity (Nir et al., 2010), suggesting that PAF reflects processes related to both ongoing 

pain and individual vulnerability. 

These findings together suggest a rather complex relationship between types of pain and 

variations in PAF: transient acute pain increases alpha frequency in the healthy 

population, whereas alpha frequency is slowed in patients with chronic pain. The slowing 

of alpha frequency in chronic pain populations could reflect changes in the brain's neural 

architecture brought about by the constant experience of pain. Supporting this view is a 

finding that PAF had an inverse relationship with duration of chronic pancreatitis (de 

Vries et al., 2013). An alternative explanation could be that individuals with slower alpha 

frequency are more prone to develop chronic pain. Why some people will go on to 

develop chronic pain following an injury that would normally heal and not lead to 
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persistent pain remains a major question in the field, and cerebral functional connectivity 

might be one way to predict this transition from acute to chronic pain (Baliki et al., 

2012). 

Here we investigated the relationship between PAF and sensitivity to prolonged pain. The 

prolonged pain model we used—the capsaicin-heat pain (CHP) model—lasts for hours to 

days and recapitulates cardinal sensory aspects of chronic neuropathic pain (Culp et al., 

1989, LaMotte et al., 1992, Baron, 2009, Lötsch et al., 2015). This prolonged pain model 

may therefore be more similar to chronic pain— or the early transition period from acute 

to chronic pain— than phasic experimental pain, where there is no central sensitization, 

and the pain disappears as soon as the stimulus is removed. The personal experience of 

pain is highly variable among individuals even if the underlying noxious stimulation is 

similar. The objective of our study was to systematically investigate the relationship 

between PAF prior to and during prolonged pain and the subjective experience of pain. 

We recorded EEG activity during pain-free and prolonged pain states, which allowed us 

to determine the relationship of PAF and pain intensity, as well as how PAF shifts (i.e., 

change in PAF between states) relate to individual pain intensity. We tested the 

hypothesis that PAF slowing reflects the intensity of prolonged pain. 

C. Materials and Methods 

Participants 

Forty-four pain-free, neurotypical adult participants (22 males, mean age = 28.4, age 

range = [19 42]) took part in the experiment. Twenty-seven participants were randomly 

assigned to the Pain group (would be administered topical capsaicin), while seventeen 



28 
 

were assigned to the Non-Pain group (not administered topical capsaicin). The Non-Pain 

group served as a control to confirm that prolonged pain was a result of the capsaicin 

application and not only the warm thermode, as well as to control for effects of ongoing 

stimulation and attention. More participants were assigned to the capsaicin group to 

account for the variability in response to topical capsaicin (Liu et al., 1998). This study 

was approved by the University of Maryland, Baltimore Institutional Review Board, and 

informed written consent was obtained from each participant prior to any study 

procedures. 

EEG 

Scalp EEG was collected from an EEG cap housing a 64 channel Brain Vision actiCAP 

system (Brain Products GmbH, Munich, Germany) labeled in accord with an extended 

international 10–20 system (Oostenveld and Praamstra, 2001). All electrodes were 

referenced online to an electrode placed on the right earlobe and a common ground set at 

the FPz site. Electrode impendences were maintained below 5 kΩ throughout the 

experiment. Brain activity was continuously recorded within 0.01–100 Hz bandpass 

filter, and with a digital sampling rate of 1000 Hz. The EEG signal was amplified and 

digitized using a BrainAmp DC amplifier (Brain Products GmbH, Munich, Germany) 

linked to Brain Vision Recorder software (version 2.1, Brain Products GmbH, Munich, 

Germany). 

Prolonged Pain Induced by CHP 

Thermal stimuli were delivered to the volar surface of participant's left forearm using a 

thermal-contact heat stimulator (“thermode”, 30 × 30 mm Medoc Pathway ATS Peltier 

device; Medoc Advanced Medical Systems Ltd., Ramat Yishai, Israel). Prior to the 
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beginning of the experiment all participants underwent a brief sensory testing session in 

which they were asked to report when they felt a change in temperature (warmth 

detection threshold; WDT) or when the temperature first became painful (heat pain 

threshold; HPT). Three and four trials were presented for WDT and HPT, respectively, 

and the average across trials, rounded down to the nearest integer, was used. 

CHP was modelled following a procedure modified from previous studies (Anderson et 

al., 2002). We applied ∼1 g 10% capsaicin paste (Professional Arts Pharmacy, Baltimore, 

MD) topically to the volar surface of the left forearm, fixing it in place with a Tegaderm 

bandage. On top of this capsaicin, a 32 °C temperature was applied. After 15 minutes of 

exposure, the thermode was set to a temperature greater than the WDT and at least 1 °C 

below the HPT.  

To ensure that the capsaicin produced a stable, long-lasting pain, participants were asked 

to provide pain intensity ratings every minute for the first 5 min following thermode 

placement. The thermode temperature was adjusted during this time to achieve a 

consistent pain intensity above 20 on a 0–100 point verbal scale (i.e., if pain was 

intolerable, the temperature was lowered slightly, and if there was no pain, the 

temperature was increased closer to the HPT). Once this 5 min period elapsed, the 

temperature was held in place for 25 min. Participants were asked to rate pain intensity 

every 5 min. This procedure does not cause lasting tissue damage (Moritz and Henriques, 

1947). Previous work has found that topical capsaicin evokes no pain or hypersensitivity 

in some participants (Liu et al., 1998; Walls et al., 2017). Therefore, we excluded 

participants who did not develop moderate pain, which we set at a reported pain intensity 

level of 20 (details of the scale provided below). 
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Procedure 

A summary of the order of procedures is described in Figure 4. Once the EEG set-up was 

complete, participants were seated in a comfortable chair and underwent a brief sensory 

testing session to establish their individual HPT. Participants were then trained on and 

performed a multi-modal discrimination task (Mazheri et al., 2014). The total duration of 

this task was approximately 30 min. While performing this task, participants verbally 

rated their current pain intensity every 5 min on a 0–100 scale, with the anchors 0, not at 

all painful and 100, most intense pain imaginable. In total participants provided six pain 

intensity ratings during this testing session. Ratings were always given during a rest 

Figure 4. Outline of the experimental procedure. Participants first underwent sensory 

testing to determine their Heat Pain Threshold (HPT). After a 30-minute cognitive task, 

EEG was collected while participants completed a 3-minute eyes closed session in the 

absence of any thermal stimulus (pain-free state). Next, capsaicin was applied (Pain 

group) to the forearm and a temperature no more than one degree below their HPT was 

introduced fifteen minutes later. Five minutes later, when pain in response to the model 

has stabilized, the same cognitive task from earlier in the experiment was repeated. 

Following this task, EEG was collected while participants completed a 3-minute eyes 

closed session in the presence of capsaicin and warm thermode (prolonged pain state). 

Subjects in the Non-Pain group underwent identical procedures, but without capsaicin 

application. 

 



31 
 

period. At the conclusion of this testing session, and immediately following the final pain 

intensity rating, all lights in the testing room were turned off and participants were 

instructed to close their eyes, remain still, and relax without falling asleep. Continuous 

EEG was recorded during this pain-free resting state for 3 min in both the Pain and Non-

Pain groups. 

After finishing this pain-free state EEG recording, the lights in the testing room were 

turned on, capsaicin was applied to the participant's left forearm, as described above, and 

the thermode was placed directly on top of the capsaicin application. During this 

incubation period participants were instructed to relax without falling asleep. The 

thermode was kept at 32 °C, and participants provided a pain intensity rating every 3 min 

over a total of 15 min. For participants in the Non-Pain group, this process was identical, 

including thermode placement, except there was no capsaicin application. 

Following this incubation period, the thermode temperature increased to a warm 

temperature 3 °C below the previously determined HPT. Every minute, for the next 5 

min, participants were asked to provide a pain intensity rating. If the participant did not 

report feeling any sensation from the capsaicin, the temperature was adjusted in 1 °C 

increments with the requirement that the final testing temperature be at least 1 °C below 

their HPT. For Non-Pain group participants, adjustments were only made to lower the 

temperature if pain was reported. When this 5 min period had elapsed, the full 25 min 

cognitive task from earlier in the experiment was performed once more. As before, 

participants were asked to provide a total of 6 pain intensity ratings during this testing. 

Immediately after the last rating was provided, a 3 min “stimulation” resting state EEG 

was collected. For the Pain group, this “prolonged pain” resting state was collected with 
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the capsaicin and warm thermode placed on the forearm. For the Non-Pain Group, this 

“nonpainful warmth” resting state was collected with the warm thermode placed on the 

forearm without capsaicin. 

Data Processing 

The primary data of interest in this study were the within-subject resting state EEG 

acquired prior to and during prolonged capsaicin pain. For the primary set of analyses the 

preprocessing of EEG data was done using EEGLAB 13.6.5b (Delorme and Makeig, 

2004) using an approach similar to that used previously (Scheeringa et al., 2011a, 

Scheeringa et al., 2011b). Here, the first step involved band-pass filtering the EEG 

between 5 and 16 Hz using the function ‘eegnewfilt’ after which Infomax (extended) 

independent component analysis (ICA) was performed (Bell and Sejnowski, 1995). It 

should be noted that the ICA was performed on resting state EEG data combined across 

the pain-free and prolonged pain states. The obtained unmixing matrix was applied to the 

unfiltered data resulting in components that retained broadband spectral content. A 

Fourier transform was done on the time series of each component to obtain a frequency-

power spectra for each component. Next for each participant we visually inspected the 

frequency-spectra of the components and identified components that had a clear alpha 

peak (8–14 Hz) and a scalp topography that suggested a source predominately over the 

sensorimotor cortices. This component is referred to as the “central component” for the 

remainder of the manuscript. 

Quantification of PAF 

The frequency decomposition of the sensorimotor component data was done using the 

routines in FieldTrip (Oostenveld et a1., 2011). The data was segmented into 5-s epochs 
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and power spectral density in the 2–40 Hz range was derived for each epoch in 0.2 Hz 

bins using the ‘ft_freqanalysis_mtmfft’ function. A Hanning taper was applied to the data 

prior to calculating the spectra to reduce any edge artifacts (Mazaheri et al., 2009, 

Mazaheri et al., 2010; Mazaheri et al., 2014). 

The peak alpha frequency for each 5 s epoch was estimated using a center of gravity 

(CoG) method (Jann et al., 2010, Jann et al., 2012, Klimesch et al., 1993, Brotzner et al., 

2014, Klimesch, 1999). We defined CoG as follows: 

𝐶𝑜𝐺 =  
∑ 𝑓𝑖 ∗ 𝑎𝑖

𝑛
𝑖=1

∑ 𝑎𝑖
𝑛
𝑖=1

 

where fi is the ith frequency bin including and above 9 Hz, n is the number of frequency 

bins between 9 and 11 Hz, and ai the spectral amplitude for fi. PAF, as well as power at 

the PAF bin (PAF Power), were estimated for the central alpha components for every 5 s 

epoch and then averaged. We chose to estimate PAF on the frequency spectra of each 5 s 

epoch and average, rather than use the average power spectra (i.e., spectra of the 5 s 

epoch average). This is because the latter would bias the PAF to trials with high 

amplitude activity. Given that we are estimating peak frequency on an epoch-by-epoch 

basis, we chose the COG approach since it would be more appropriate when multiple 

peaks are detected in the alpha range and less prone to spurious noise, since it looks at an 

overall shift in the mass of a bandwidth, rather than a peak (Brotzner et al., 2014, 

Klimesch, 1999). 

A conceptual limitation of using CoG to estimate PAF is that it is not a measure of peak 

frequency per se, but rather the ‘center frequency’ of band width. This does make it 
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prone to fluctuations in pink noise (1/f). To reduce the influence of pink noise in our PAF 

estimation we used the narrow frequency band (9–11 Hz) to estimate the COG.  

Statistical Analysis 

We first investigated whether capsaicin led to heightened pain intensity using an 

independent samples t-test. We determined average pain intensity ratings to capsaicin for 

each participant by averaging the six ratings during the prolonged pain state. Average 

pain intensity ratings were compared between Pain and Non-Pain groups using an 

independent samples t-test. This test was performed separately for the whole sample and 

the sample that excluded subjects in the Non-Pain group who developed pain and 

subjects in the Pain group who had <20/100 pain. 

In order to investigate if central component PAF during pain-free and prolonged pain 

states were related to pain intensity, we correlated each Pain group participant's central 

component PAF during the pain-free state (i.e., before the administration of capsaicin) 

and during prolonged pain with their averaged pain intensity. In order to account for the 

possibility that the relationship between PAF and pain intensity ratings could be 

confounded by the temperature of the thermal device, we performed a partial correlation 

between PAF and pain controlling for thermode temperature. Due to technical error, 

thermode temperatures were missing for two participants in the Pain Group and one 

participant in the Non-Pain Group. 

For all correlational analyses, Pearson's correlation coefficients were used to test the 

relationship between variables. Analyses were also conducted using Spearman's rank 
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order correlations, but these did not change any of the results and are therefore not 

reported. 

As an additional test to investigate whether alpha frequency was related to pain 

sensitivity, we separated our Pain group participants into “high” and “low” pain sensitive 

groups by performing a median split based on pain intensity. Here, a 2 × 2 Repeated 

Measures ANOVA with group (high pain sensitive vs low pain sensitive vs Non-Pain) x 

state (pain-free vs prolonged pain state) serving as between- and within-subject factors, 

respectively, was used to assess how central PAF differed amongst groups and how it 

changes in response to CHP. 

Next, we investigated if changes in central PAF from baseline to prolonged pain state 

were related to the pain intensity reported by the participants. This PAF shift (ΔPAF) was 

calculated by subtracting pain-free state PAF from the prolonged pain state PAF. We then 

correlated ΔPAF with pain intensity, and, as above, we also performed a partial 

correlation to control for the impact of thermode temperature. 

Hierarchical multiple regression was used to test the independent contributions of 

baseline resting state PAF and ΔPAF. In this model, pain intensity was the dependent 

variable and baseline resting state PAF and ΔPAF were the independent variables entered 

sequentially in the model. 

We followed this multiple regression with a leave one out regression approach to 

formally evaluate the ability of baseline PAF and ΔPAF to predict CHP model 

sensitivity. To do so, we generated a series of regression models using central baseline 

PAF and central ΔPAF from all but one Pain group individual. The resulting model 
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intercept and unstandardized beta coefficients were used to generate a pain prediction for 

the single individual withheld from model building. This procedure was repeated 

iteratively so that each individual served as the test participant for exactly one regression 

model. The accuracy of these pain predictions were then tested by calculating the Pearson 

correlation between actual pain intensity and the pain intensity predicted by the leave one 

out models. To test the significance of this prediction, the aforementioned procedure was 

repeated 10,000 times using randomly shuffled pain and PAF measures to bootstrap a 

null distribution of r values. The 95% of the null distribution was used as a significance 

cutoff for assessing the predictive ability of PAF and ΔPAF. To ensure that results 

generalized beyond this maximally sized training set, we repeated the above analysis with 

training set sizes ranging from 3 individuals to 19 individuals. For each training set size, 

a separate regression model was generated for each possible unique combination of a 

given training size and the overall correlation between all predictions and observed pain 

intensity was assessed with a Pearson correlation. 

D. Results 

Pain Intensity and the CHP model 

Prolonged pain was evoked using CHP model on the forearm. Six participants in the Pain 

group were excluded for failing to develop moderate pain to the capsaicin. This is 

consistent with previous observations that about 25% of people are insensitive to 

capsaicin (Liu et al., 1998; Walls et al., 2017). Three participants in the Non-Pain group 

were excluded for developing pain that was rated as greater than 10/100 on average. For 

the remaining 21 participants in the Pain group, mean pain intensity was 56.01 (SD ± 
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16.96). For the Non-Pain group, which underwent identical procedures without capsaicin 

exposure, mean pain was 1.99 (SD ± 2.68). As a manipulation check, an independent 

samples t-test comparing these two groups confirmed that the presence of capsaicin led to 

heightened pain in response to a warm stimulus, t(36) = 11.86, p < 0.0001. This test was 

also performed for the entire sample (i.e., including subjects who did not respond to the 

CHP model and subjects who reported pain with just the warm stimulus): t(42) = 6.78, p 

< 0.01. This difference appears to be a result of the capsaicin rather the heat stimulus 

given that heat stimulus temperatures were not significantly different between the groups, 

Pain Group: mean = 38.52˚C, SD = 2.71, range = [32 41]; Non-Pain group: mean = 

38.25˚C, SD = 1.57, range = [37 41]; t (33) = 0.36, p = 0.72. Furthermore, there was no 

difference between the groups in terms of HPT, Pain Group: mean = 43.67, SD = 2.22, 

range = [39 47]; Non-Pain group: mean = 43.52, SD = 2.74, range = [39 50]; t(36) = 0.86, 

p = 0.17, or difference between HPT and thermode temperature, Pain Group: mean = 

5.21, SD = 2.16, range = [1 9]; Non-Pain Group: mean = 5.44, SD = 2.13, range = [2 9]; 

t(33) = 0.75, p = 0.31.. In addition, there was no relationship between stimulus 

temperature and pain intensity in the Pain group, r = −0.25, p = 0.30, or Non-Pain group, 

r = −0.02, p = 0.94.  

PAF at Pain-Free and Prolonged Pain States is Correlated with Pain Intensity 

The topography of the central alpha component used in our analysis, averaged across 

Pain group participants can be seen in Figure 5A. 
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We first set out to investigate if central component PAF recorded during the pain-free 

state correlated with pain intensity. We found that pain-free state central component PAF 

correlated negatively with pain intensity, r = −0.57, p = 0.01; that is, the lower an 

individual's average central PAF, the greater their pain (Figure 5B). This provides initial 

evidence that an individual's central PAF in the absence of a noxious stimulus may play a 

role in determining an individual's vulnerability to a prolonged pain. There was not a 

Figure 5. The relationship between PAF and prolonged pain. A. The topography of the 

‘central’ alpha component selected for peak frequency analysis averaged across Pain 

group participants during the pain-free state. B. Central component PAF during the pain-

free state was plotted against future pain-intensity ratings (pain during the prolonged pain 

state). There was a negative correlation between PAF and pain intensity. C. Central 

component PAF during the prolonged pain state and pain intensity, showing a similar 

negative relationship. D. Pain group subjects were divided into low- and high-pain 

sensitive groups based on a median split of pain intensity ratings in response to the 

capsaicin-heat pain model. High pain sensitive subjects demonstrated significantly slower 

central PAF across both pain-free and prolonged pain states than low pain sensitive 

subjects. Error bars reflect ± SEM. E-F. High pain sensitive subjects show a selective 

increase in power at slower alpha frequencies relative to low pain sensitive subjects 

during both resting state sessions. Frequency spectra were normalized across participants 

by transforming the data into z-scores from the total mean amplitude of the frequency 

spectra in each 5 second epoch. 
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significant relationship between the pain-free state power estimate of the central 

component PAF (PAF power) and subsequent pain intensity ratings (r = 0.23, p = 0.32). 

Next, we assessed whether central component PAF during the prolonged pain state was 

related to pain intensity. We found central PAF during prolonged pain correlated 

negatively with pain intensity, r = −0.73, p < 0.01; i.e., slower PAF was associated with 

greater pain intensity (Figure 5C). The relationship between prolonged pain state central 

component PAF and pain intensity remained significant when controlling for thermode 

temperature using a partial correlation, r = −0.72, p < 0.01, suggesting that this 

relationship is driven by factors other than the magnitude of the sensory stimulus alone. 

Again, we did not observe a significant relationship between central component PAF 

power during prolonged pain and pain intensity, r = 0.10, p = 0.67, highlighting the 

importance of PAF rather than PAF power in prolonged pain. 

PAF Can Distinguish Between High and Low Pain Sensitive Individuals 

The foregoing correlations suggest that the frequency of central alpha activity at baseline 

and during pain is related to the individual experience of pain intensity. To investigate 

this relationship further we performed a median split of our Pain group participants into 

high and low pain sensitivity groups based on their reported pain intensity. 

The difference in central PAF between Non-Pain (control), high pain sensitive, and low 

pain sensitive groups was statistically assessed using a 2 × 2 Repeated Measures 

ANOVA with group (controls vs high pain sensitive vs low pain sensitive) x state (pain-

free vs prolonged pain state) serving as between- and within-subject factors. The main 

effect of group was significant, F(2,32) = 3.48, p = 0.04. As can be seen qualitatively in 
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Figure 5D, the low pain sensitive group displayed the fastest central PAF across both 

states, the high pain sensitive group displayed the slowest central PAF across both states, 

and the control group displayed PAF somewhere in between the two; this last observation 

likely reflects that the Non-Pain group contains some combination of high and low pain 

sensitive individuals. Critically, neither the main effect of state, F(2,32) = 0.127, p = 

0.72, nor the group x state interaction, F(2,32) = 0.397, p = 0.68 were significant. 

Bonferroni corrected pair-wise comparisons revealed a significant difference in PAF 

between high and low pain sensitive groups in the pain-free state, p = 0.026. Visual 

inspection of the central component power spectra revealed differences between groups 

were largely restricted to the alpha frequency domain, further highlighting the specific 

importance of alpha in our model of prolonged pain (Figure 5E). 

PAF Shift from Pain-Free to Prolonged Pain States (∆PAF) is Associated with Pain 

Intensity 

Central component PAF in the pain-free and prolonged pain states were strongly 

correlated, r = 0.86, p < 0.05, Figure 6A. While this suggests PAF is largely stationary, it 

Figure 6. The relationship between PAF shifts and pain intensity. A. Central component 

PAF at pain-free state was highly correlated with central component PAF during 

prolonged pain, suggesting PAF is a relatively stable measure. B. ∆PAF correlated with 

pain intensity. Individuals whose PAF slowed during the prolonged pain state relative to 

pain-free state reported greater pain intensity. C. There was no relationship between an 

individual’s pain-free state PAF and ∆PAF, suggesting that these two metrics 

independently predict pain sensitivity. 
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does not rule out the possibility that small changes in PAF also play a role in the 

experience of pain. 

To investigate this possibility, we calculated PAF shift (ΔPAF) as the difference between 

central alpha component PAF during prolonged pain and pain-free states. ΔPAF 

negatively correlated with pain intensity, r = −0.50, p = 0.02, Figure 6B, indicating that 

PAF slowing is associated with increased pain. The average, absolute PAF shift across 

individuals was 0.05 Hz (SD = 0.05). 

PAF and ∆PAF Provide Distinct Information About Pain Intensity 

Despite showing quantitatively similar relationships to pain intensity, central component 

ΔPAF and pain-free state central component PAF were uncorrelated, r = 0.05, p = 0.82, 

Figure 6C, suggesting that pain-free state PAF and ΔPAF represent distinct elements of 

pain sensitivity. 

To formally test the degree to which pain-free state central PAF and central ΔPAF 

independently predict pain sensitivity, we performed a hierarchical regression using pain 

sensitivity as the dependent variable and pain-free state, central component PAF and 

central component ΔPAF as independent variables entered first and second, respectively, 

into the model. The full regression model significantly predicted pain intensity, F(2,18) = 

10.72, p < 0.01, with an adjusted R2 of 0.493, indicating that pain-free state central PAF 

and ΔPAF accounted for nearly 50% of the variance in pain intensity. 

Importantly, addition of pain-free state PAF, β = −0.543, p < 0.01, and ΔPAF, β = −0.47, 

p < 0.01, each yielded significant changes to the R2 of the regression model, Pain-free 

state ΔR2 = 0.323, ΔF = 9.065, p < 0.01; Shift ΔR2 = 0.221, ΔF = 8.70, p < 0.01. Taken 

together, this analysis provides evidence that PAF characteristic to an individual, indexed 
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by pain-free state central component PAF, and the extent to which PAF is modulated by 

prolonged pain, indexed by central component ΔPAF, are distinct mechanisms whose 

action play an important role in determining pain sensitivity. 

PAF and ∆PAF Can Be Used to Predict Pain Intensity 

To further assess the robustness of our finding that pain-free state central component PAF 

and its changes in response to the CHP model are predictive of pain sensitivity, we 

performed a leave one out regression analysis. In brief, we generated a series of 

regression models using pain-free state PAF and ΔPAF from 20 of the 21 individuals 

(training set) and then used the resulting model to generate a pain prediction for the 

withheld test individual. Each individual served as the test for exactly one regression 

model, yielding a total of 21 regression models and 21 predictions. The Pearson 

correlation between predicted pain intensity and actual pain intensity was r = 0.55 (Figure 

7A). This observed relationship surpassed the 95th percentile of a null distribution of r 

values generated using permuted PAF measures and pain intensity, r = .38, indicating that 

the two PAF measures can be used to predict pain intensities at a level greater than 

chance (Figure 7B). 

To ensure that the apparent ability of pain-free state central component PAF and central 

component ΔPAF to predict pain intensity was not specific to this leave one out 

approach, we repeated the above analysis with training set sizes that ranged from 3 

individuals to 20. Within a training set size, separate regression models were generated 

for all the unique combinations of participants; models were then evaluated together as 

the Pearson correlation between all predicted pain intensity and all observed pain 
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intensity. As can be seen in Figure 7C, prediction became stable around a training set size 

of 6, r = 0.49, and increased a relatively small amount to the maximum training size of 

20, r = 0.55. This suggests that our ability to predict future pain intensity from pain-free 

state PAF and ΔPAF to predict pain intensity is robust and not altered by the cross-

validation procedures we employed.  

E. Discussion 

The personal experience of pain is highly variable, even when the underlying tissue 

damage is identical. While previous research has found some genetic and psychological 

factors influencing pain susceptibility, methods to reliably predict pain intensity 

consequent to medical intervention are lacking. Here we report that the peak alpha 

frequency and its shifts over time, measured using EEG, were negatively related to the 

subjective pain intensity experience during induced prolonged pain. Specifically, slower 

Figure 7. Individual pain sensitivity can be predicted by PAF and ∆PAF. A. Correlation 

between actual pain intensity and the pain intensity predicted by the leave one out 

regression approach using pain-free state central component PAF and ∆PAF. B. 

Histogram of correlation values for a null distribution of pain and PAF indices. 

Correlation values were obtained by randomly assigning PAF indices to pain intensity 

and then performing the same leave one out approach as before. The red line indicates 

the 95th percentile of the null distribution and the black line indicates the correlation 

value obtained in the actual leave out approach. C. Correlation between predicted and 

observed pain scores obtained using a regression approach with a range of training set 

sizes ranging from three to twenty individuals. The model stabilizes with a training set of 

about 6, supporting the robustness of the prediction. 
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PAF during the pain-free state and a shift to slower PAF (ΔPAF) during the prolonged 

pain state were independently associated with higher pain intensity. Using these two 

metrics, we could predict individual pain sensitivity. These observations taken together 

suggest that PAF could represent a brain biomarker of an individual's sensitivity to pain, 

which would have useful clinical applications. 

PAF has previously been suggested as a putative biomarker for individual differences in 

the experience of pain (Nir et al., 2010, Bazanova and Vernon, 2014). For healthy 

individuals, acute pain intensity is related to faster PAF both before and during exposure 

to a noxious stimulus. In contrast, studies of chronic pain conditions have repeatedly 

demonstrated slowing of PAF, but little is known about whether this change reflects 

disease severity, symptom severity, individual vulnerabilities, or some combination of the 

three. In support of this third alternative, we demonstrated that PAF recorded from 

central components during either pain-free or prolonged pain states are inversely related 

to pain intensity. What’s more, changes in PAF between the two states are also negatively 

related to prolonged pain intensity, suggesting that slowing of the alpha rhythm promotes 

prolonged pain intensity. 

Our finding that PAF recorded during pain-free and prolonged pain states are inversely 

related to pain intensity is notable for two reasons. First, the direction of this relationship 

is distinct from what has been previously reported for acute phasic pain (Nir et al., 2010, 

Nir et al., 2012), but consistent with reports of in chronic pain (Sarnthein et al., 2005, de 

Vries et al., 2013). This likely reflects the different nature of the prolonged pain model 

compared to acute phasic pain, with the CHP model capturing at least some aspects of 

chronic pain (e.g., central sensitization), or the early transition period to chronic pain 
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(long lasting pain with peripheral nerve damage). Second, the ability of PAF recorded 

during the pain-free state to predict future prolonged pain intensity indicates that PAF 

indexes mechanisms that generate individual susceptibility sensitivity to prolonged pain. 

Our median split analyses provide strong support for this interpretation: the most 

sensitive individuals demonstrated PAF that were, on average, slower both before and 

during the pain state. In contrast, individuals with faster pain-free state PAF had a 

relatively less intense subsequent pain experience. We believe the median split analysis 

might have clinical relevance, since given identical injuries some individuals will develop 

persistent pain, while others will heal and be pain free. Taken together, we believe these 

findings suggest not only that PAF can predict the magnitude of future, prolonged pain 

but may also set the stage for PAF as a biomarker for distinguishing healthy and 

pathological pain. One intriguing implication of our findings is that the slowing of alpha 

frequency observed in chronic pain patients is not solely a reflection of the changes in the 

brain brought about by the constant experience of pain, but that slower alpha frequency 

might have represented sensitivity to develop chronic pain in the future. 

We also observed that across individuals, changes in alpha frequency in the prolonged 

pain state relative to the pain free state (ΔPAF), were inversely related to the subjective 

pain experienced. This is the first study to our knowledge that demonstrated a 

relationship between ΔPAF and pain. The magnitude of ΔPAF was small (∼0.05 Hz) and 

future investigations are needed to determine how these shifts represent meaningful 

changes in behavior. We speculate that the slowing of PAF reflects a maladaptive change 

in the alpha state leading these individual to experience more pain. Conversely, the 



46 
 

stability or increasing of PAF might reflect an adaptive response leading to pain 

resiliency. 

An important result from the current study was that ΔPAF is independent of pain-free 

state PAF. This finding suggests a potential new avenue for future pain treatments that 

use pain-free state PAF to identify high-risk individuals and generate interventions that 

aim to prevent injury induced changes in PAF. In fact, we believe that the current 

findings position PAF as a promising biomarker for treating and evaluating pain. Post-

operative pain can sometimes lead to chronic pain, and one of the best predictors of 

chronicity is pain intensity immediately following surgery (Katz et al., 1996). Thus, by 

predicting pain sensitivity following surgery with a simple metric such as alpha activity, 

patients at greater risk of developing chronic pain could be identified before the 

procedure begins, and appropriate measures could be taken (e.g., pre- and post-operative 

pain management, or in some cases avoiding surgical interventions). A promising future 

line of work will be to investigate whether PAF relates to post-surgical pain in a manner 

similar to the CHP model. Shifting PAF through transcranial alternating current 

stimulation (tACS) has been shown to affect perceptual ability (Samaha et al., 2015, 

Cecere et al., 2015) and similar approaches could be used to modulate PAF for 

prophylactic and interventional pain treatments. 

Although it is tempting to speculate that the central independent component indexes 

cortical hyper-excitability, the precise anatomical localization identity of the neural 

substrate giving rise to central component used in this study cannot be stated with any 

certainty. Inferring the location of EEG dipoles is always hazardous as different 

combinations of generators can give rise to the same apparent source (the so called 
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“inverse problem” of EEG). For example, while 8–14 Hz “mu” rhythms originating from 

sensorimotor cortex are modulated by painful stimulation (Ploner et al., 2006) combined 

EEG-fMRI studies have also suggested a coupling between scalp recorded alpha power 

and blood-oxygenation levels in the anterior cingulate cortex (Goldman et al., 2002; Yin 

et al., 2016). At present, both neural sources seem like equally good candidates for 

generating the independent component used in this study. Ultimately, future studies 

incorporating techniques, such as fMRI, that are better equipped to resolve the spatial 

identity of the currently sample source will be needed to fully resolve this question. 

It is important to acknowledge that the current study cannot determine whether PAF or 

PAF changes index the actual experience of pain as opposed to any process that may co-

vary with it, such as the salience of the stimulus or the attention an individual pays to it. 

Importantly, our finding that PAF measured before capsaicin administration can reliably 

predict pain sensitivity provides some evidence that PAF does not index these 

confounding factors directly. Along similar lines, the pain intensity in our study and the 

Nir et al. (2010) study was relatively well matched, suggesting that potentially 

confounding factors such as stimulus saliency should be even across the studies and 

unable to account for the difference in findings. 

In summary, we provide novel data supporting the hypothesis that slowing of PAF is 

associated with prolonged pain intensity. These results extend previous findings that 

linked PAF and chronic neuropathic pain conditions, and suggest that slowing of PAF 

can be used as a potential marker of prolonged pain sensitivity, as well as a possible 

mechanism for understanding transitions from acute to chronic pain. The distinct 

mechanism we identified – PAF and ΔPAF – could provide a number of innovative 
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approaches for understanding, diagnosing, and treating chronic pain. Finally, slow alpha 

rhythms appear to have a specific relationship to prolonged pain and interventions that 

directly manipulate these rhythms may represent a viable means to prevent the transition 

from acute to chronic pain. Future work directly elucidating the neural mechanisms 

underlying our observation could offer new fundamental insights into how changes in 

neural oscillations shape the pain experience. 
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Chapter III: Sensorimotor peak alpha frequency is a reliable biomarker of 

prolonged pain sensitivity 

A. Abstract 

Previous research has observed that the speed of alpha band oscillations (8–12 Hz range) 

recorded during resting EEG is slowed in chronic pain patients. While this slowing may 

reflect pathological changes that occur during the chronification of pain, an alternative 

explanation is that healthy individuals with slower alpha oscillations are more sensitive to 

prolonged pain, and by extension, more susceptible to developing chronic pain. To test 

this hypothesis, we examined the relationship between the pain-free, resting alpha 

oscillation speed of healthy individuals and their sensitivity to two models of prolonged 

pain, Phasic Heat Pain and CHP, at two visits about 8 weeks apart (n = 61 Visit 1, n = 46 

Visit 2). We observed that the speed of an individual’s pain-free alpha oscillations was 

negatively correlated with sensitivity to both models and that this relationship was 

reliable across short (minutes) and long (weeks) timescales. Furthermore, the speed of 

pain-free alpha oscillations can successfully identify the most pain sensitive individuals, 

which we validated on data from a separate, independent study. These results suggest that 

alpha oscillation speed is a reliable biomarker of prolonged pain sensitivity with potential 

for prospectively identifying pain sensitivity in the clinic. 
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B. Introduction 

Chronic pain is a debilitating condition with cognitive, affective, and sensory symptoms 

that afflicts nearly one-fifth of the American population (Kennedy et al. 2014), leading to 

treatment and work loss costs totaling nearly 600 billion dollars annually (Gaskin and 

Richard 2012). Identifying individuals at high risk for developing chronic pain is a 

crucial, but underexplored, avenue for combatting chronic pain and its related economic 

burdens. At present, prediction of chronic pain development is poor: for example, one of 

the best predictors of persistent postsurgical pain is the intensity of pain reported directly 

after surgery (e.g., Katz et al. 1996). While useful for postoperative case management, 

these measures cannot be used to identify, and target prophylactic treatments to, 

individuals at risk for developing chronic pain. What is urgently needed is a measure of 

an individual’s sensitivity to prolonged pain that can be obtained prior to medical 

intervention. To that end, the objective of the current study is to systematically 

investigate the hypothesis that an individual’s peak alpha frequency (PAF), measured 

with resting state electroencephalography (EEG), is a trait-like marker of their sensitivity 

to prolonged pain. 

The alpha rhythm (8–12 Hz) is the predominant oscillatory activity observed in the scalp-

recorded EEG of the primary sensory cortices (e.g., occipital and somatosensory), while 

an individual is quietly resting. Across individuals, there is considerable variability in the 

alpha band frequency from which the greatest power is recorded (Bazanova and Vernon 

2014; Haegens et al. 2014). This frequency, often labeled the PAF or Individual Alpha 

Frequency, has been suggested to contribute to individual differences in multiple 
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psychological and physiological processes (e.g., Klimesch 2012; Samaha and Postle 

2015; Gulbinaite et al. 2017; Mierau et al. 2017; Van Diepen et al. 2019). 

Previous research has consistently observed abnormally slow PAF in chronic pain 

patients (Sarnthein et al., 2006; Walton et al. 2010; Lim et al. 2016), with increasingly 

slower PAF associated with increasingly longer durations of chronic pain (de Vries et al. 

2013). This apparent slowing of PAF in chronic pain has been interpreted to reflect 

pathological changes within the brain that occur during the chronification of pain (Llinás 

et al. 1999). Work from our lab has, however, shown that slow PAF, recorded in the 

absence of pain (i.e., pain-free PAF), also reflects heightened sensitivity to prolonged 

pain in healthy individuals (Furman et al. 2018, 2019). Given that heightened pain 

sensitivity is a risk factor for developing chronic pain (Diatchenko et al. 2005), an 

alternative interpretation to the aforementioned chronic pain findings is that slow PAF 

reflects an increased sensitivity to prolonged pain that predates disease onset. Put another 

way, slow PAF may reflect a predisposition for developing chronic pain rather than a 

result of its development. 

In the current study, we sought to further characterize the relationship of pain-free PAF to 

prolonged pain sensitivity by exposing participants to two experimental models of 

prolonged pain, Phasic Heat Pain (PHP) and Capsaicin Heat Pain (CHP), at two testing 

visits separated by multiple weeks. This study design allowed us to test two key 

predictions of the hypothesis that pain-free PAF is a trait-like marker of an individual’s 

sensitivity to prolonged pain: 1) that pain-free PAF reflects pain sensitivity to multiple 

prolonged pain tests and 2) that an individual’s pain-free PAF can predict their sensitivity 
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to prolonged pain at more than one point in time. In addition to these main aims, and with 

an eye toward its potential clinical application, we also examined whether pain-free PAF 

can be used to successfully identify high and low pain sensitive individuals. 

C. Materials and Methods 

Participants 

Sixty-one pain-free, adult participants (31 males, mean age = 27.82, age range = [21 42]) 

without history of neurological or psychiatric disorder took part in the experiment 

between 6 July 2016 and 20 October 2017. This study was approved by the University of 

Maryland, Baltimore Institutional Review Board, and informed written consent was 

obtained from each participant prior to any study procedures. The study was preregistered 

on ClinicalTrials.gov (NCT02796625). 

EEG 

Scalp EEG was collected from an EEG cap housing a 63 channel BrainVision actiCAP 

system (Brain Products GmbH, Munich, Germany) labeled according to an extended 

international 10–20 system (Oostenveld and Praamstra 2001). All electrodes were 

referenced online to the average across all recording channels and a common ground set 

at the AFz site. Electrode impendences were maintained below 5 kΩ throughout the 

experiment. Brain activity was continuously recorded within a 0.01–100 Hz bandpass  

filter, and with a digital sampling rate of 500 Hz. The EEG signal was amplified and 

digitized using an actiCHamp DC amplifier (Brain Products GmbH, Munich, Germany) 

linked to BrainVision Recorder software (version 2.1, Brain Products GmbH, Munich, 

Germany). 
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Thermal Stimulator and Pain Scale 

Thermal stimuli were delivered to the volar surface of the participant’s left forearm using 

a thermal contact heat stimulator (27-mm diameter Medoc Pathway CHEPS Peltier 

device; Medoc Advanced Medical Systems Ltd). 

Unless otherwise stated, pain ratings were collected continuously with a manual analog 

scale consisting of a physical sliding tab (Medoc Advanced Medical Systems Ltd). Prior 

to testing, participants were instructed that the lower and upper bounds of the scale 

represented no pain and the most pain imaginable, respectively, and that they should 

continuously update the position slider to indicate the amount of pain currently being 

experienced. Care was taken by experimenters to avoid providing numerical anchors 

when describing the scale and no additional physical landmarks were present on the 

scale. Prior studies have found that analog scales are superior to numerical scales for 

capturing the pain power function often encountered in psychophysical testing (Price et 

al. 1994; Nielsen et al. 2005). Prior to testing, participants were given an opportunity to 

practice using the device with their eyes open and closed. During testing, participants 

were permitted to briefly open their eyes while rating. Pain ratings were collected from 

the manual analog scale at a rate of 1000 Hz. Manual analog scale data were transformed 

by converting the horizontal position of the slider into a continuous value between 0 and 

100. 

Quantitative Sensory Testing 

Participants were asked to complete four threshold tests: 1) to report when they felt a 

temperature increase (Warmth Detection Threshold; WDT); 2) to report when they felt a 

temperature decrease (Cool Detection Threshold; CDT); 3) to report when an increasing 
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temperature first became painful (Heat Pain Threshold; HPT); and 4) to report when a 

decreasing temperature first became painful (Cold Pain Threshold; CPT). A total of three 

trials were presented for each test with an ISI of 4–6 s (randomly determined on per trial 

basis). Participants provided feedback for each test by clicking either the left or right 

button of a computer mouse placed in their right hand. For each test, temperatures were 

applied with a rise rate of 1 °C/s and a return rate of 2 °C/s (initiated on any mouse click). 

All testing was performed on the volar surface of the left forearm. The distance from the 

wrist to elbow joint was measured and the forearm was divided into three equal length 

zones. For each test, the first trial was administered to the zone closest to the wrist, the 

second trial administered to the middle forearm zone, and the third trial administered to 

the zone closest to the elbow. 

PHP Model 

Temperatures used during the PHP model were determined during each participant’s 

initial screening visit to the laboratory (Visit 0). During these sessions, participants were 

exposed to 12, 20-s trials in which a single temperature (2.5-s rise and fall) was applied to 

the volar surface of the left forearm. At the conclusion of each trial, participants reported 

the average pain they experienced during temperature application; participants were 

instructed to report pain ratings on a scale of 0–10, with 0 indicating no pain and 10 the 

most pain imaginable. It is important to note that this was the only time during the 

experiment at which participants were asked to rate along a numerical pain scale. 

Temperatures ranged from 37 to 48 °C (intervals of 2 °C, starting as if 37 °C was 38 °C) 

and each temperature was presented twice in a pseudorandom order. Trials were 

separated by 10 s, and after each trial, the thermode was moved to a neighboring forearm 
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zone in order to minimize sensitization. Using pain reports from these trials, the 

temperature that most closely evoked an average pain rating of 5/10 was selected. This 

level of pain was targeted in order to best match the intensity of pain evoked by the CHP 

model (Furman et al. 2018). For a few participants, none of applied temperatures were 

able to produce a pain rating close to 5/10. For these individuals, 48 °C was used during 

PHP testing. 

The PHP model itself consisted of a series of five consecutive stimulus trains. Each train 

lasted 1 min and consisted of application of a predetermined temperature for 40 s (rise 

and fall times of 2 s) followed by the application of a neutral skin temperature stimulus 

(32 °C) for 20 s. PHP scores were calculated by averaging pain ratings from the five, 40-s 

periods in which the temperature was present. 

CHP Model 

The CHP model lasts for hours to days and recapitulates some cardinal sensory aspects of 

chronic neuropathic pain (Culp et al. 1989; LaMotte et al. 1992; Baron 2009; Lötsch et al. 

2015) without causing lasting tissue damage (Henriques and Moritz 1947). CHP 

procedures were similar to those used in our prior study (Furman et al. 2018).  

In brief, we applied ~1 g 10% capsaicin paste (Professional Arts Pharmacy, Baltimore, 

MD) topically to the volar surface of the left forearm, fixing it in place with a Tegaderm 

bandage. A thermode was then placed over top of the capsaicin application, heated to 40 

°C, and held in place for 20 min to allow for capsaicin incubation. Given that pain from 

topically applied capsaicin varies as a function of skin temperature (Anderson et al. 

2002), the thermode temperature was held at 40 °C for all participants. This temperature 

was selected because, in the absence of capsaicin, most individuals find it nonpainful 
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thereby providing comfort that any pain generated by this temperature during capsaicin 

exposure is likely a consequence of the agent’s sensitizing effects. CHP scores were 

calculated by averaging ratings across the entire 5-min CHP test that followed incubation. 

To further test the reliability of CHP sensitivity, we included a “rekindling” phase (CHP 

rekindle; Dirks and Petersen 2003). After the initial CHP testing was completed, an 

icepack (see below for details) was applied to the forearm until a complete termination of 

pain was reported. Afterward, the thermode was again placed over top of the site of 

capsaicin application, heated to 40 °C, and held in place for 5 min. CHP rekindle scores 

were calculated as the average of the pain ratings provided during this 5-min period. 

 Icepack Application 

At the conclusion of the PHP and CHP tests, the thermode was removed and a disposable 

icepack was applied to the stimulated area of the left forearm. This was done to prevent 

pain carryover from one test to another and to ensure that pain ratings for subsequent 

tests were captured from a starting state of no ongoing pain. The icepack was left in place 

Figure 8. Outline of the experimental procedure. After a brief sensory testing session, 

participants completed a pain-free EEG. Next, participants completed a “Phasic Heat 

Pain (PHP)” EEG. After a 5-minute period in which an ice pack was applied to the skin, a 

second pain-free EEG was collected (not shown). Afterwards, capsaicin was applied to 

the forearm and incubated for twenty minutes. Next, a “Capsaicin-Heat Pain (CHP)” 

EEG was completed while a 40°C thermode was placed on top of the capsaicin. After a 5-

minute period in which an ice pack was applied to the skin and a third pain-free EEG was 

collected (not shown), the 40°C thermode was again placed on top of the capsaicin and a 

5-minute eyes-closed “CHP rekindle” EEG was completed. For each EEG, data was 

collected for 5 minutes while participants were instructed to keep their eyes closed. 

Identical procedures were performed at Visit 1 and Visit 2. 
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until the complete absence of pain was reported by the participant. No participants 

indicated that the icepack itself was ever painful. Following each icepack application, a 

5-min pain-free, eyes closed EEG session occurred. 

Procedure 

An outline of the experimental timeline and procedures is presented in Figure 8. In order 

to allow sufficient time for any long-term effects of capsaicin exposure to subside, visits 

were separated by 21 days or more (except for one case where a subject returned at 19 

days because of a scheduling conflict; mean separation of Visit 1 and Visit 2 = 54.74 

days, standard deviation = 55.92 days, range = [19 310]). 

Participants first underwent an initial screening visit, Visit 0, that included quantitative 

sensory testing as well as additional tests to ensure that 40 °C was rated as minimally 

painful to identify the appropriate PHP temperature and to provide initial exposure to 

capsaicin. For the first four participants, these procedures, excluding capsaicin exposure, 

were performed during Visit 1. 

Participants returned for Visit 1 at least 3 weeks after completing Visit 0. Most 

participants then returned at least 3 weeks after Visit 1 for Visit 2. Procedures for Visits 1 

and 2 were identical. For the entirety of Visits 1 and 2, participants were seated in a 

comfortable chair in a quiet room that was isolated from strong electrical interference. 

For all EEG sessions, lights in the testing room were turned off and participants were 

instructed to close their eyes, remain still, relax without falling asleep, and continuously 

rate any pain they experienced with the manual analog scale placed at their right hand. 

Visits 1 and 2 began with quantitative sensory testing. For the first four participants, this 

sensory testing was not performed at Visit 2. After quantitative sensory testing, a brief, 2-
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min EEG was collected to ensure the quality of EEG recording. Next, a room temperature 

thermode was placed onto the left forearm while eyes closed, pain-free EEG was 

collected for 5 min. The primary objective of the current study was to use PAF recorded 

during this pain-free period as a predictor of subsequent pain sensitivity during CHP and 

PHP. 

Following the pain-free EEG, prolonged pain was induced with the PHP model. During 

the 5 min of PHP, EEG was collected while participants rested with their eyes closed and 

continuously rated the intensity of any perceived pain. Upon completion of the PHP 

model, a disposable ice pack was placed onto the participant’s left forearm until they 

reported being completely free of pain after which 5 min of eyes closed EEG was 

collected. Next, the second model of prolonged pain, CHP, was induced. Participants 

were instructed to continuously rate the intensity of experienced pain during this 

incubation period. 

Following the 20-min incubation period, and with the thermode temperature still held at 

40 °C, 5 min of eyes closed, continuous EEG was recorded while participants 

continuously rated the intensity of any perceived pain. An icepack was then applied to the 

forearm, and once pain was reported to be completely absent, 5 min of eyes closed EEG 

was collected. Afterward, a 40 °C thermode was placed over the site of capsaicin 

application to induce CHP rekindling. Five minutes of eyes closed EEG was then 

recorded while participants continuously rated the intensity of any perceived pain. 
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Data Processing 

Because our primary objective was predicting pain sensitivity, the EEG data of interest 

were the initial pain-free EEGs collected at the beginnings of Visits 1 and 2. EEG data 

were preprocessed with EEGLAB 13.6.5b (Delorme and Makeig 2004). Preprocessing 

began with filtering the data between 0.2 and 100 Hz using a linear FIR filter. Channel 

data were then visually inspected, and overtly noisy channels were removed from further 

analysis. Removed channels were not interpolated. On average, 1.64 (SD = 1.92, range = 

[0 8]) and 1.79 (SD = 1.79, range = [0 6]) channels were removed per individual from 

Visit 1 and Visit 2 datasets, respectively. Finally, principal components analysis was 

performed, and components with spatial topographies and time series resembling blinks 

and/or saccades were removed from the data. 

As opposed to our previous studies which used ICA to isolate alpha sources over visual 

and somatosensory regions, we used channel level data to increase the ease with which 

our methods can be reproduced. Although it may decrease the signal-to-noise ratio of the 

data, this approach eliminates the need to identify ICA components on a participant-by-

participant basis and is equally effective for capturing the PAF-pain sensitivity 

relationship (Furman et al. 2019). For channel level analyses, we focused on channels 

(C3, Cz, and C4) that most strongly reflected the sensorimotor component topography 

observed in our original study (Furman et al. 2018). If a channel from this sensorimotor 

region of interest (ROI) was removed due to noise, only the remaining channels were 

used; this affected few participants (Visit 1: n = 4; Visit 2: n = 1) and no participant had 

more than one channel removed. In order to make the current results easily comparable to 

previous findings, all main analyses use PAF calculated from this sensorimotor ROI; the 
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use of this ROI is not intended to imply a mechanism or source for any documented 

effects. 

To explore if additional EEG channels capture the PAF-pain sensitivity relationship, the 

surface Laplacian was computed following preprocessing (Perrin et al. 1989).  

Quantification of Sensorimotor PAF 

The frequency decomposition of the sensorimotor ROI data was performed using routines 

in FieldTrip (Oostenveld et al. 2011). Data from each pain-free EEG session were 

segmented into nonoverlapping 5-s epochs, and power spectral density in the 0.2–100 Hz 

range (0.2 Hz bins) was derived with the “ft_freqanalysis_mtmfft” function. A Hanning 

taper was applied to the data prior to calculating the spectra to reduce edge artifacts (e.g., 

Mazaheri et al. 2014). 

At every channel and for each epoch, PAF was estimated using a center of gravity (CoG) 

method (Klimesch et al. 1993). We defined CoG as follows: 

𝐶𝑜𝐺 =  
∑ 𝑓𝑖 ∗ 𝑎𝑖

𝑛
𝑖=1

∑ 𝑎𝑖
𝑛
𝑖=1

 

where fi is the ith frequency bin including and above 9 Hz, n is the number of frequency 

bins between 9 and 11 Hz, and ai the spectral amplitude for fi. From our previous work, 

we have determined that this restricted frequency range reduces the influence of 1/f EEG 

noise on PAF estimation (Furman et al. 2018). Epoch-level PAF estimates were averaged 

to yield a single mean PAF estimate for each channel. Channel-level PAF estimates were 

further averaged across sensorimotor channels to yield a single sensorimotor PAF 

estimate for each participant at each visit. 
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To ensure that results were not an artifact of the range used for PAF estimation, PAF was 

additionally calculated with the wider 8–12 Hz range. Results with this wider estimation 

range are presented throughout the text, and PAF estimates calculated using either the 9–

11 or 8–12 ranges were highly similar (Visit 1: Spearman ρ = .91, p < .01; Visit 2: 

Spearman ρ = .85, p < .01). 

Statistical Analysis 

All analyses were performed using custom scripts implemented in the MATLAB 

environment (version R2013A). Statistical tests were conducted in MATLAB or SPSS 

(Version 25). 

Previous work has found that CHP evokes limited pain or hypersensitivity in roughly 

one-third of individuals (Liu et al. 1998; Walls et al. 2017). While the reasons for this 

remain unclear, certain physiological factors, such as genetic polymorphisms (Campbell 

et al. 2009), appear to play a role in limiting the effects of the TRPV1 against itself. For 

this reason, it is difficult to determine whether insensitivity to capsaicin reflects a failure 

of the CHP model or an individual’s sensitivity to pain. To address this problem, we 

separated participants into three pain response classes: 1) individuals who display a clear 

pain response to CHP (average pain ≥ 10/100) at either Visit 1 or Visit 2 (“CHP 

responder”); 2) individuals who display a clear pain response to PHP at either Visit 1 or 

Visit 2 but no response to CHP at either visit (average pain <10/100; “CHP non-

responder”); and 3) individuals who do not display a clear pain response to PHP or CHP 

at either visit (“high tolerance”). For the high tolerance pain class, the presence of PHP 

insensitivity provides important evidence that CHP insensitivity is unlikely to reflect 

model failure alone. To ensure that results were not confounded by variability associated 
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with an individual’s physiological ability to experience CHP, we chose to focus our main 

analyses on CHP responder and high tolerance individuals. For all tests involving PHP, 

results when including all three pain classes are also provided. 

To determine if sensitivity to prolonged pain is similar across prolonged pain models, a 

series of pairwise correlations was calculated between all possible test pairs at each visit. 

For these and all other correlational analyses, Spearman’s rank order correlations were  

computed, and outliers were defined as data points >2.5 standard deviations above or 

below the mean value obtained from Visit 1 data. To account for multiple correlations 

between prolonged pain tests, Bonferroni corrections were applied at the visit level 

yielding a corrected significance threshold of P = 0.0167. We further assessed whether 

sensitivity is reliable across prolonged pain tests using Cronbach’s α. 

To begin testing whether pain-free, sensorimotor PAF is related to prolonged pain 

sensitivity, we performed a series of pairwise correlations between pain-free, 

sensorimotor PAF and each pain test (PHP, CHP, and CHP rekindle) at each visit. 

Bonferroni corrections were applied to correlations between PAF and prolonged pain 

tests for each visit (three tests) yielding a corrected significance threshold of P = 0.0167.  

To ensure that our results were not an artifact of our PAF estimation algorithm, we 

correlated pain sensitivity scores to the average, pain-free estimate of spectral power at 

each 0.2-Hz element within the 8–12 Hz range. For this analysis, spectra were z-scored in 

order to normalize total spectral power across individuals. 

Next, we determined whether pain-free, sensorimotor PAF can accurately identify the 

most or least pain sensitive individuals. In the first analysis, we used a series of linear 
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support vector machines (SVMs) to perform leave-one-out, within-study classification 

(internal validation). To do so, pain scores from PHP, CHP, and CHP rekindle were 

averaged, and, in separate tests, the top or bottom 10% of averaged pain scores were 

labeled as targets. A series of SVMs were then trained to identify targets based on Visit 1 

baseline, pain-free PAF estimates from all but one individual (training set). Trained 

SVMs were then used to predict whether the withheld participant was a target. Visit 1 

data were used in order to maximize the size of the available dataset. Each participant 

served as the test exactly once and predictions were evaluated using F1 scores (harmonic 

mean of precision and recall; Sokolova and Lapalme 2009; Lipton et al. 2014). F1 scores 

are often used when the proportions of two classes are uneven. To determine the full 

scope of prediction, we repeated this analysis by increasing the percentage of data labeled 

as a target in increments of 10% up to a maximum of 50% (i.e., median split of data). To 

evaluate F scores, we generated a distribution of null F1 scores by assigning targets at 

random and then performing the analysis described above. This procedure was carried 

out 10 000 times and obtained F1 scores were evaluated as significant if they were equal 

to or surpassed the 95th percentile of the null distribution. 

In the second analysis, we used a single linear SVM to perform cross-study classification 

using data from the current study as the training set and data from an earlier study on 

CHP sensitivity as the test set (external validation; Furman et al. 2018). Prior to analysis, 

PAF estimates within each study were normalized to z-scores. Otherwise, details of this 

analysis were identical to those of the within-study classification analysis. 

To examine whether pain-free, sensorimotor PAF is reliable across Visits 1 and 2, 

estimates from each visit were compared using a paired t-test. Given that this analysis 
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asked whether there was no difference between PAF at both visits, Bayes factor analysis 

was used to determine whether the null hypothesis could be accepted (i.e., no change in 

PAF between visits). Bayes factor analysis provides a method for assessing the relative 

evidence in favor of either the null or alternative hypothesis with a Bayes factor <0.33 or 

>3 is taken as strong evidence in favor of the null and alternative hypotheses, respectively 

(Rouder et al. 2009); Bayes factor scores in-between these values are considered to 

provide no evidence in favor of either hypothesis. As an additional test of stability, PAF 

estimates at Visits 1 and 2 were correlated with one another. 

The stability of prolonged pain scores was assessed using a linear mixed effects model 

with subjects as random effects (intercept included) and Visit (Visit 1 vs. Visit 2), Type 

(PHP vs. CHP vs. CHP Rekindle), and the Visit × Type interaction as fixed effects. We 

were specifically interested in determining whether scores change over time (main effect 

of Visit) and whether these changes were specific to individual tests (Visit × Type 

interaction). For each prolonged pain test, Bayes factor analysis was used to determine 

whether the null hypothesis could be accepted (i.e., no change in pain score between 

visits). Additionally, the stability of pain scores from each test was analyzed by 

correlating Visit 1 and Visit 2 pain scores. 

To further test the stable relationship between pain-free, sensorimotor PAF and prolonged 

pain score, we correlated pain-free, sensorimotor PAF from Visit 1 with Visit 2 pain 

score. As before, we also correlated pain sensitivity with spectral power at each 0.2-Hz 

element within the 8–12 Hz range. Finally, we tested whether a series of leave-one-out 

SVMs pain-free, sensorimotor PAF at Visit 1 could accurately identify the least and most 

pain sensitive individuals at Visit 2 from pain-free, sensorimotor PAF collected at Visit 1. 
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Performance was quantified by comparing the observed F1 score to a bootstrapped, null 

distribution of F1 scores. 

D. Results 

From our initial cohort of 61 individuals, two individuals were removed due to abnormal 

pain ratings: one participant fell asleep during ratings, while another participant provided 

extremely high pain ratings in the absence of any noxious stimuli indicating that they 

may been confused by the rating scheme or they may have had unreported spontaneous 

pain. We excluded one additional participant who experienced a change in CHP score, 

+69.26, that was 3.82 standard deviations greater than the average CHP change (average 

change = 1.76, SD = 17.64). No other change in CHP scores was >2.05 standard 

deviations above the mean (range = [−31.05 37.96]). 

From the remaining 58 participants (Table 1), 33 participants were classified as CHP 

responders (CHP score > 10); 10 participants were classified as high tolerance individuals  

Table 1. Summary of exclusions and participants contributing data at each testing visit.   
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(CHP and PHP scores < 10); and 15 participants were classified as CHP non-responders 

(PHP score > 10 and CHP score < 10). Due to a technical error, EEG data were lost for 

one CHP responder at Visit 1; Visit 1 data for this individual were only included in 

prolonged pain analyses. Of the 58 individuals providing data at Visit 1, a total of 43 

individuals also provided data at Visit 2, of which 32 had been classified as a CHP 

responder or high tolerance individual. CHP rekindle data for one participant at Visit 2 

were not collected. Unless otherwise stated, analyses only include data from high 

tolerance and CHP responder individuals. 

A summary of prolonged pain scores for each pain response classification is presented in 

Figure 9. Correlations between all possible pairs of tests were significant (Table 2) and 

this conclusion held when analyses were repeated while including all participants 

regardless of pain response classification (data not shown). Reliability analysis further 

revealed that sensitivity was consistent across prolonged pain tests, Chronbach’s α = 0.91 

(Visit 1 alone, α = 0.82, Visit 2 alone, α = 0.83). Including all subjects, regardless of pain 

response classification, did not alter this finding, Chronbach’s α = 0.90 (Visit 1 alone,  

  

Table 2. Spearman correlation coefficients (p values) between prolonged pain tests at 

each testing visit. 
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Figure 9. Prolonged pain scores were stable across visits. A. Average pain time courses 

for CHP responder (orange), CHP non-responder (blue), and high tolerance (grey) pain 

classifications during each prolonged pain test. Dotted lines reflect the temperature of the 

thermode applied to the forearm during each test. Criteria for each pain response class 

(CHP responder, CHP non-responder, & high tolerance) are presented in the Statistical 

Analysis section.  B. Pain ratings broken down by prolonged pain test, pain response 

classification, and visit. Bar graphs reflect means and error bars reflect +1 standard 

deviation. Scatter plots only include data from CHP responders and high tolerance 

individuals. Off-color data points represent statistical outliers not included in analyses 

and dotted lines represent the linear regression line of best fit.    
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α = 0.77, Visit 2 alone, α = 0.83). Thus, CHP and PHP appear to sample similar 

prolonged pain processes. 

Sensorimotor PAF Reliably Predicts Thermal, Prolonged Pain Sensitivity 

Visit 1, pain-free, sensorimotor ROI spectra from all participants are presented in Figure 

10A. At Visit 1, pain-free, sensorimotor PAF predicted pain sensitivity to all three 

prolonged pain tests, PHP: Spearman ρ = −0.43, P < 0.05 corrected; CHP: Spearman 

ρ = −0.44, P < 0.05 corrected; and CHP rekindle sensitivity: Spearman ρ = −0.44, P < 0.05 

corrected (Figure 11). Similar results were obtained for PHP when we used a partial 

correlation to account for variability in the thermode temperature used during PHP, 

Spearman ρ = −0.40, P < 0.05 corrected, or when we included all participants regardless 

of pain response classification, Spearman ρ = −0.34, P < 0.05 corrected. Expanding the 

PAF calculation range to 8–12 Hz did not greatly impact the relationship for any 

prolonged pain test, PHP: Spearman ρ = −0.38, P < 0.05 corrected; CHP: Spearman 

ρ = −0.34, P = 0.03 (not significant after correction); and CHP rekindle: −0.38, P < 0.05 

Figure 10. A. Pain-free, sensorimotor ROI spectra collected from all participants Visit 1. 

Colored lines reflect individual participants, and the black dashed line reflects the average 

spectra across all participants. The red zone reflects the frequency range (9-11Hz) used to 

calculate PAF according to the center of gravity method. B.  Pain-free, sensorimotor PAF 

estimates are strongly correlated across Visits. Note that Visit 2 occurred, on average, 7.8 

weeks after Visit 1. Off-color data points represent statistical outliers not included in 

analyses and the dotted line represents the linear regression line of best fit. C. Pain-free, 

sensorimotor PAF and prolonged pain models are stable across Visits. 
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corrected. Interestingly, the relationship between PAF and prolonged pain sensitivity was 

apparent at nearly every scalp channel even when volume conduction was accounted for 

with a surface Laplacian transformation (Figure 13). Furthermore, inspection of the 

relationship between pain sensitivity and power at each frequency element within the 

alpha range demonstrates that these results are not an artifact of our PAF calculation 

method: for each test, slower (8–9.5 Hz) elements were positively associated with pain 

sensitivity, while faster (10.5–12 Hz) elements were negatively associated with pain 

sensitivity (Figure 11 lower panels).  

At Visit 2, pain-free, sensorimotor PAF again predicted pain sensitivity to all three 

prolonged pain tests, PHP: Spearman ρ = −0.59, P < 0.05 corrected; CHP: Spearman 

ρ = −0.57, P < 0.05 corrected; and CHP rekindle sensitivity: Spearman ρ = −0.43, P < 0.05 

Figure 11. Visit 1 pain-free, sensorimotor PAF is correlated with sensitivity to all three 

Visit 1 prolonged pain tests. Off-color data points represent statistical outliers not 

included in analyses and dotted lines represent the linear regression line of best fit. Bar 

graphs below each scatter plot reflect Spearman correlation coefficients between Visit 1 

pain scores and Visit 1 estimates of pain-free power at each 0.2 Hz bin within the 8-12 

Hz range. For all three tests, frequency elements below 10 Hz are positively associated 

with pain sensitivity while frequency elements above 10 Hz are negatively associated 

with pain sensitivity. 
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corrected (Figure 12). As in Visit 1, this relationship was evident across the entire scalp 

even after a surface Laplacian transformation (Figure 13). PHP outcomes remained stable 

when either accounting for thermode temperature with a partial correlation, Spearman 

ρ = −0.55, P < 0.05 corrected, or including all 43 participants regardless of pain response 

classification, Spearman ρ = −0.37, P < 0.05 corrected. Expanding the PAF calculation 

range to 8–12 Hz did not impact PAF’s relationship to any test, PHP: Spearman 

ρ = −0.51, P < 0.05 corrected; CHP: Spearman ρ = −0.58, P < 0.05 corrected; CHP 

rekindle: Spearman ρ = −0.44, P < 0.05 corrected, and correlations between pain and 

power across the alpha range once again revealed an association of slow and fast ranges 

with heightened and decreased pain sensitivity, respectively (Figure 12 lower panels).  

Figure 12. Visit 2 pain-free, sensorimotor PAF is significantly correlated with sensitivity 

to all three Visit 2 prolonged pain tests. Off-color data points represent statistical outliers 

not included in analyses and dotted lines represent the linear regression line of best fit. 

Bar graphs below each scatter plot reflect Spearman correlation coefficients between 

Visit 2 pain scores and Visit 2 estimates of pain-free power at each 0.2 Hz bin within the 

8-12 Hz range. For all three tests, frequency elements below 10 Hz are positively 

associated with pain sensitivity while frequency elements above 10 Hz are negatively 

associated with pain sensitivity. 
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Sensorimotor PAF Can Identify the Most Pain Sensitive Individuals 

Given the high sensitivity of classification analyses to outliers, one participant with an 

extreme PAF estimate was not included in either analysis (PAF = 10.65, 3.20 standard 

deviations above the mean). In order to make the classification analysis generalizable to 

other datasets, and to take advantage of the strong correlation between prolonged pain 

tests, we created a composite pain sensitivity score by averaging scores from all three 

prolonged pain tests (PHP, CHP, and CHP Rekindle). This pain sensitivity score was 

significantly correlated with PAF at both Visit 1: Spearman ρ = −0.51, P < 0.05 and Visit 

2: Spearman ρ = −0.60, P < 0.05. This relationship remained evident when we included 

all participants regardless of classification, Visit 1: Spearman ρ = −0.42, P < 0.05 and 

Visit 2: Spearman ρ = −0.33, P < 0.05. 

Figure 13. Relationship between pain-free PAF and prolonged pain sensitivity is 

observable across the entire EEG montage. For each prolonged pain test, and each of the 

63 individual EEG sensors, the Spearman correlation between channel-level PAF and 

pain scores was computed to yield a total of 63 correlations coefficients for each test. 

Results for Visits 1 and 2 are presented either on the scalp (A) or as distributions (B). 

Accounting for the effects of volume conduction with the Surface Laplacian yielded 

nearly identical results (C & D). 
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SVMs trained and tested on the current dataset were able to identify both the least and 

most sensitive individuals using just pain-free PAF estimates (internal validation; details 

found in the Statistics). Compared with a simulated null distribution of F1 scores, the 

least pain sensitive individuals were identified at above chance levels at all labeling 

intervals but the 20% one (Figure 15B). Similarly, the most sensitive individuals were 

identified at above chance levels at all labeling intervals but the 30% one. When 

including all participants, regardless of classification, PAF significantly identified the 

least sensitive individuals at all labeling intervals but only the most sensitive individuals 

at the 10% and 50% intervals (data not shown). This latter result likely reflects that the 

composite pain sensitivity score fails to capture the mixed sensitivity of CHP non-

responders to CHP and PHP. 

A linear SVM trained on the current dataset could identify high and low pain sensitive 

individuals in a separate, independent study (external validation). Using a similar 

procedure to one used for within-study classification, a single linear SVM trained on data 

from the current study was used to predict the identity of 21 participants from a previous 

study on CHP sensitivity (Furman et al. 2018). Compared with a simulated null 

distribution of F1 scores, we found that PAF estimates identified the most pain sensitive 

individuals at above chance levels for all labeling intervals and identified the least pain 

sensitive individuals at above chance levels only at the two largest, 40% and 50%, 

intervals (Figure 15D). Rerunning the analysis with all participants, regardless of pain 

response classification, included in the training set yielded identical results (data not 

shown). 



73 
 

Sensorimotor PAF and Prolonged Pain Sensitivity Are Stable over Time 

One possible explanation for the presence of a reliable relationship between pain-free, 

sensorimotor PAF and prolonged pain sensitivity at Visits 1 and 2 is that both measures 

are themselves stable over time. In line with this premise, Visit 1 (mean = 10.04, 

SD = 0.20) and Visit 2 (mean = 10.04, SD = 0.16) estimates of pain-free, sensorimotor 

PAF were not significantly different, t(29) = 0.32, P = 0.75, and Bayes factor analysis 

supported the null hypothesis of no differences between the two, Bayes factor < 0.01. 

These results did not change when we included all participants regardless of pain 

response classification t(40) = 0.34, P = 0.73, Bayes factor < 0.01. What is more, Visit 1 

and Visit 2 estimates of pain-free, sensorimotor PAF were strongly correlated, Spearman 

ρ = 0.81, P < 0.05 (Figure 10B); this finding did not change when we including all 

participants regardless of pain response, Spearman ρ = 0.82, P < 0.05, or expanded the 

PAF calculation range to 8–12 Hz, Spearman ρ = 0.86, P < 0.05. 

Similarly, a linear mixed effects model revealed that prolonged pain sensitivity did not 

change over time with neither the main effect of Visit, F(1,161.32) = 0.13, P = 0.72, nor 

the Visit × Pain Type interaction, F(2,113.244) = 0.26, P = 0.77 reached significance. 

Bayes factor analysis did not, however, support either the null or alternative hypothesis 

for any prolonged pain test, PHP: Bayes factor = 1.19; CHP: Bayes factor = 0.71; and 

CHP Rekindle: Bayes factor = 0.74. Visit 1 and Visit 2 pain scores were correlated for all 

three prolonged pain tests, PHP: ρ = 0.79, P < 0.05 corrected; CHP: ρ = 0.59, P < 0.05 

corrected; and CHP Rekindle: ρ = 0.70, P < 0.05 corrected (Tabled 2), and remained 

correlated when we expanded the dataset to include CHP non-responders, PHP: ρ = 0.74, 
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P < 0.05 corrected; CHP: ρ = 0.69, P < 0.05 corrected; and CHP Rekindle, ρ = 0.68, P 

< 0.05 corrected. 

Sensorimotor PAF Can Predict Thermal, Prolonged Pain Sensitivity Occurring 8 Weeks 

Later 

If pain-free, sensorimotor PAF and prolonged pain sensitivity are stable traits, then Visit 

1 PAF should be able to predict Visit 2 pain scores collected, on average, 8 weeks later. 

Indeed, we found that Visit 1 pain-free, sensorimotor PAF and Visit 2 pain scores were 

strongly correlated, PHP: Spearman ρ = −0.67, P < 0.05 corrected; CHP: Spearman 

ρ = −0.62, P < 0.05 corrected; and CHP Rekindle: Spearman ρ = −0.52, P < 0.05 corrected 

(Figure 14). For PHP, this relationship remained when we controlled for variability in 

thermode temperature, Spearman ρ = −0.66, P < 0.05 corrected, or included all 

Figure 14. Visit 1 pain-free, sensorimotor PAF predicts sensitivity to all three Visit 2 

prolonged pain tests. Note that Visit 2 occurred, on average, 7.8 weeks after Visit 1. Off-

color data points represent statistical outliers not included in analyses and dotted lines 

represent the linear regression line of best fit. Bar graphs below each scatter plot reflect 

Spearman correlation coefficients between Visit 2 pain scores and Visit 1 estimates of 

pain-free power at each 0.2 Hz bin within the 8-12 Hz range. For all three tests, 

frequency elements below 10 Hz are positively associated with pain sensitivity while 

frequency elements above 10 Hz are negatively associated with pain sensitivity. 
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participants regardless of pain response classification, Spearman ρ = −0.44, P < 0.05 

corrected. Expanding the PAF calculation range to 8–12 Hz did not impact PAF’s 

relationship to any test, PHP: Spearman ρ = −0.57, P < 0.05 corrected; CHP: Spearman 

ρ = −0.52, P < 0.05 corrected; and CHP Rekindle: Spearman ρ = −0.45, P < 0.05 

corrected, and correlations between pain and power across the alpha range again 

demonstrated that the slow and fast ranges were associated with heightened and 

decreased pain sensitivity, respectively (Figure 14 Lower Panels). 

What is more, the least and most pain sensitive individuals at Visit 2 could be identified 

using Visit 1 pain-free, sensorimotor PAF. Visit 2 pain sensitivity, represented as the 

average pain score across tests, was strongly correlated to Visit 1 pain-free, sensorimotor 

PAF, Spearman ρ = −0.66, P < 0.05, and remained so when including all participants 

regardless of pain classification, Spearman ρ = −0.45, P < 0.05. Compared with a null 

distribution of F1 scores, pain-free, sensorimotor PAF identified the most sensitive 

individuals at all but the smallest labeling interval and the least sensitive individuals at all 

but the two smallest labeling intervals (Figure 15E). Classification failure at the smallest 

labeling intervals was likely due to the relatively low number of targets available 

(sample = 30; targets = 3 and targets = 6 at the 10% and 20% labeling intervals, 

respectively). Rerunning the analysis with all participants, regardless of pain response 

classification, again demonstrated that pain-free, sensorimotor PAF could identify the 

most sensitive individuals at all labeling intervals but the smallest one. For the least pain 

sensitive individuals, pain-free, sensorimotor PAF failed to yield significant predictions 

at any labeling interval. 
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Figure 15. Visit 1 pain-free, sensorimotor PAF can accurately predict the identity of the 

most pain sensitive individuals. A. Visit 1 pain scores from the three prolonged pain 

models were averaged and a relevant percentage of the sample, ranging from 10% to 50% 

(i.e., median split), was identified as high or low pain sensitive. Colored lines (shading = 

95% confidence interval) reflect the average sensitivity for identified participants and 

those not classified (black lines; “Remaining”). B. A support vector machine trained on 

Visit 1 pain-free, sensorimotor PAF predicts the identity of high and low pain sensitive 

individuals from the same study at almost all labelling intervals. C. Same as in A. when 

using pain scores taken from an independent study on PAF and CHP (Furman et al., 

2018). D. A support vector machine trained on Visit 1 pain-free, sensorimotor PAF 

predicts the identity of high pain sensitive individuals from an independent study at all 

labelling intervals. E. A support vector machine trained on Visit 1 pain-free, sensorimotor 

PAF predicts the identity of Visit 2 high pain sensitive individuals. Note that pain scores 

for this test are not provided but are nearly identical to those present in C. 
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E. Discussion 

Cycles of the 8–12 Hz alpha oscillation are thought to reflect rhythmic, inhibitory 

processes that control the temporal dynamics of sensory processing (Jensen and Mazaheri 

2010; Van Rullen 2016). PAF, the individual-specific frequency at which these rhythms 

are dominantly expressed, is thought to reflect the speed at which sensory information is 

sampled (e.g., Cecere et al. 2015; Samaha and Postle 2015; Wutz et al. 2018). PAF 

abnormalities are evident in several chronic pain conditions, with patients often 

demonstrating slowed PAFs relative to age-matched controls (e.g., Sarnthein et al. 2006; 

de Vries et al. 2013; Lim et al. 2016). These findings have led to proposals that PAF 

disturbances reflect ongoing, pathological processes such as Thalamocortical 

Dysrhythmia (e.g., Llinás et al. 1999). PAF, however, also appears to play a role in 

shaping the sensitivity of healthy individuals to prolonged pain (Nir et al. 2010; Furman 

et al. 2018, 2019). We have previously shown that the speed of PAF collected in the 

absence of a noxious stimulus is negatively related to an individual’s sensitivity to future 

prolonged pain events (i.e., slower PAF = greater pain sensitivity). This has led to the 

proposal propose that pain-free PAF is a biomarker of prolonged pain sensitivity and, 

furthermore, that chronic-pain-related disturbances of PAF may reflect differences in 

pain sensitivity that predate disease onset. 

In the current study, the relationship of pain-free PAF to two models of prolonged pain, 

CHP and PHP, was examined within the same group of participants at two separate 

timepoints. From these experiments, two key pieces of evidence emerged that support the 

hypothesis that pain-free PAF is a prolonged pain sensitivity biomarker. First, pain-free 

PAF shares a near identical, negative relationship to CHP and PHP sensitivity, with 
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increasingly slower PAF associated with increasingly greater pain intensity during each 

test. While relationship between pain-free PAF and CHP sensitivity has been previously 

reported (Furman et al. 2018), the described relationship to PHP sensitivity is entirely 

novel. Reproduction of this relationship across models, despite differences in their length 

of application, the temperatures used, and the presence of a sensitizing agent, provides 

important evidence that PAF is a marker of prolonged pain sensitivity per se and not 

specific portions of either model. This interpretation is also supported by the replication 

of initial CHP findings despite large procedural differences between the two studies (i.e., 

CHP preceded by a cognitive or separate pain task). Preservation of the PAF-pain 

sensitivity relationship through the rekindling phase of the CHP model provides yet 

another piece of evidence that PAF captures an element of the prolonged pain experience 

that is independent of the local context (i.e., continuous vs. interrupted pain). Although 

the association of pain-free PAF with nonthermal forms of prolonged pain was not tested 

in the current study, similar findings in a musculoskeletal model of prolonged pain 

provide some assurance that pain-free PAF is likely to apply to a wide range of prolonged 

pain modalities (Furman et al. 2019). 

Second, the relationship between pain-free PAF and prolonged pain sensitivity is reliable 

over time. Within the same set of individuals, the relationship between pain-free PAF and 

prolonged pain sensitivity is present at two separate testing visits. It should be 

acknowledged that this relationship was qualitatively stronger at Visit 2, which could be 

interpreted as evidence that factors that change with repeated testing, such as participant 

familiarity and/or vigilance, mediate the connection between pain-free PAF and 

prolonged pain sensitivity. While these effects cannot be entirely discounted, a separate 
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explanation centers on the limited participant sample available at Visit 2; restricting Visit 

1 analyses to only those participants completing both visits revealed relationship 

magnitudes, PHP: ρ = −0.50; CHP: ρ = −0.50; and CHP Rekindle: −0.52, closer to those 

found at Visit 2. 

This temporally stable association of pain-free PAF and prolonged pain sensitivity 

appears to be a consequence of the temporal stability of the measures themselves. For 

both pain-free PAF and prolonged pain sensitivity, we found that Visit 1 and Visit 2 

estimates were strongly correlated and did not significantly differ from one another. 

These findings fit well with previous studies of PAF and prolonged pain sensitivity that 

demonstrate that each is trait-like measures (e.g., Naert et al. 2008; Grandy et al. 2013; 

Koenig et al. 2014). Importantly, the average length of time separating visits (~8 weeks), 

as well as the absence of visual and haptic feedback during rating, provides comfort that 

the reliability of pain scores is not simply the result of participant’s explicit recollection 

of previous pain. From a broader perspective, these findings suggest that the relationship 

between pain-free PAF and prolonged pain is not uniquely determined at each visit but is 

instead an association that remains consistent across time; put another way, the same 

pain-free PAF and the same prolonged pain sensitivity are sampled from individuals at 

each visit. Indeed, the ability of Visit 1 pain-free PAF to predict prolonged pain 

sensitivity at Visit 2 provides strong evidence in favor of this conclusion. Thus, these 

findings clearly show that pain-free PAF can provide cogent information about prolonged 

pain sensitivity at both short (i.e., minutes/hours separating PAF acquisition and pain 

testing) and long (weeks/months separating visits) timescales. 
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Considering its apparent reliability as a pain sensitivity biomarker, as well as its ease of 

obtainment, pain-free PAF holds real promise as a pain management and prophylaxis 

tool. This may be especially true in cases of planned surgery, where postoperative pain 

sensitivity is consistently found to be an important risk factor for chronic pain 

development (Hah et al. 2019). For example, identification of high pain sensitivity with 

PAF could be used to inform clinician decision-making about surgical alternatives. To 

evaluate this possible real-world application, we examined whether pain-free PAF can 

predict the identify of high or low pain sensitive individuals. In almost all cases, an SVM 

trained on pain-free PAF was able to predict the identity of the most pain sensitive 

individuals. This held true when the test data came from the current study or when it 

originated from an entirely separate study (Furman et al. 2018). In contrast, identification 

of the least pain sensitive individuals occurred when classification was applied to data 

from the current study but not when applied to outside data. These results suggest that 

pain-free PAF is particularly well suited for identifying high pain sensitive individuals. 

Importantly, Visit 1 pain-free PAF could be used to predict high pain sensitivity at Visit 2 

suggesting that pain sensitivity prediction remains relevant across clinically relevant 

periods of time. Prospective collection of pain-free PAF at routine check-ups may 

therefore prove an effective strategy for ensuring that information about an individual’s 

pain sensitivity is available to clinicians in cases of unplanned surgical intervention. 

Despite the promise of the current findings, some potential limitations must be 

acknowledged. First, a subset of individuals demonstrating insensitivity to CHP were not 

included in the main set of analyses. Although a wide range of factors can render an 

individual less sensitive to capsaicin, at least, some cases appear to be determined by 
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physiological factors, such as genetic polymorphisms (Campbell et al. 2009), that limit 

the effects of the TRPV1 agonist itself (i.e., model failure). The sources of pain 

sensitivity for these individuals and for those susceptible to the full range of capsaicin 

effects are thus fundamentally different and not comparable. This represents a limitation 

of the CHP model and not, in our opinion, a limitation of PAF’s ability to reflect pain 

sensitivity. To overcome this potential pitfall, we only included CHP-insensitive 

individuals if they also reported minimal pain in response to PHP. In these cases, the 

presence of PHP insensitivity provided important evidence that CHP insensitivity was at 

least partly attributable to an individual’s high tolerance of pain and not just model 

failure. While this decision could be interpreted as a confound to analyses of PHP, where 

sensitivity to capsaicin is not a relevant factor, results when all participants were included 

are provided for each test and, in all cases, conclusions regarding the relationship of pain-

free PAF and PHP remained unchanged. Similarly, averaging pain scores across tests 

revealed that, even when including all participants, this broader description of pain 

sensitivity was well described by pain-free PAF. As a result, we feel confident that pain-

free PAF’s relationship to pain sensitivity holds broadly across individuals. 

Additionally, the current study remains unable to provide concrete information about 

PAF’s source or identity. For the sole purpose of remaining consistent with our earlier 

methods, we chose to explicitly focus on PAF recorded from sensorimotor channels. As 

we have noted previously (Furman et al. 2019), PAF’s relationship to pain sensitivity is 

not restricted to sensorimotor channels and instead appears to encompass nearly every 

scalp channel. This continued to hold true in the current study even when possible 

volume conduction effects were controlled with a Laplacian transform. Although 
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considered a limitation here, the widespread nature of PAF’s relationship to pain 

sensitivity may provide an important clue to its identity. In line with findings that the 

alpha rhythm travels across the cortex in “waves” (Zhang et al. 2018; Lozano-Soldevilla 

and Van Rullen 2019), PAF may reflect processes or sources whose actions are 

distributed across the brain. The thalamus represents one obvious candidate given its 

extensive cortical projections (e.g., Behrens et al. 2003) and central role in generating the 

alpha rhythm (Hughes and Crunelli 2005). Large-scale functional networks like those 

involved in attention also represent promising possibilities. Among these, the 

frontoparietal network is particularly interesting given that its relationship to the alpha 

rhythm is speed dependent (Sauseng et al. 2005; Sadaghiani et al. 2012) and has itself 

been implicated in individual differences in pain sensitivity (Kong et al. 2013; Tu et al. 

2019).  

Some readers may also be concerned with the limited, 9–11 Hz frequency range that was 

used to calculate PAF. Alpha activity is not limited to 9–11 Hz range and has even been 

suggested to extend beyond the canonical 8–12 Hz range (Haegens et al. 2014). One 

advantage of the restricted calculation range we employed is that it most effectively 

negates the impact of the 1/f aperiodic signal on PAF estimation (Furman et al. 2018). 

While methods for isolating narrowband signal from aperiodic signal are advancing 

quickly (i.e., Donoghue et al., 2020), we found that they were unable to generate 

adequate solutions for all participants. As a result, we chose to focus on the 9–11 Hz 

range in order to provide the cleanest possible estimate of PAF. Importantly, results for 

all analyses were unchanged when PAF was calculated using the full 8–12 Hz range. 

Similarly, correlations of pain with estimates of spectral power at each 0.2-Hz element 
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within the 8–12 Hz range confirmed that this relationship is not an artifact of either the 

range or method used to calculate PAF. Frequency elements below 10 Hz showed a 

consistent, positive relationship to pain sensitivity, whereas elements above 10 Hz were 

negatively associated with pain. This finding reinforces that where power is expressed 

within the alpha range is relevant to pain sensitivity and, furthermore, suggests that 

different elements of the alpha range may represent distinct processes (e.g., Klimesch et 

al. 1998). 

In summary, our results clearly demonstrate that pain-free PAF is a reliable predictor of 

prolonged pain sensitivity. In addition to demonstrating that pain-free PAF is related to 

multiple models of prolonged pain, we provide compelling evidence that this relationship 

is stable over both immediate, that is, minutes/hours, and more extended, that is, 

weeks/months, periods of time. Furthermore, we demonstrate that pain-free PAF can be 

used to accurately identify high pain sensitive individuals in multiple datasets. These 

findings now firmly position pain-free PAF as a biomarker of pain sensitivity with 

untapped potential in clinical settings. 
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Chapter IV: Prolonged Pain Reliably Slows Peak Alpha Frequency by Reducing 

Fast Alpha Power 

A. Abstract 

The relationship between the 8-12 Hz alpha rhythm, the predominant oscillatory activity 

of the brain, and pain remains unclear. In healthy individuals, acute, noxious stimuli 

suppress alpha power while patients with chronic pain demonstrate both enhanced alpha 

power and slowing of the peak alpha frequency (PAF). To investigate these apparent 

differences, EEG was recorded from healthy individuals while they completed two 

models of prolonged pain, PHP and CHP, at two testing visits occurring roughly 8 weeks 

apart. We report that PAF is reliably slowed and that alpha power is reliably decreased in 

response to prolonged pain. Furthermore, we show that alpha power changes, but not 

PAF changes, are fully reversed with stimulus removal suggesting that PAF slowing 

reflects pain associated states such as sensitization rather than the presence of ongoing 

pain. Finally, we provide evidence that changes to alpha power and PAF are due to power 

decreases in the “fast” (10-12 Hz) range of the alpha rhythm. This frequency dependent 

pain response aligns with the hypothesis that the alpha rhythm is composed of multiple, 

independent oscillators, and suggest that modulation of a putative “fast” oscillator may 

represent a promising therapeutic target for treating ongoing pain. In sum, we provide 

strong evidence that PAF is reliably slowed during prolonged pain and additionally 

identify a mechanism, “fast” alpha Power, which is responsible for these PAF changes. 
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B. Introduction 

The 8-12 Hz “alpha” rhythm is the predominant oscillatory activity observed over human 

and primate sensory cortices and is thought to reflect processes associated with the phasic 

inhibition of mesoscopic, neuronal activity (e.g., Haegens et al., 2011). In the spectral 

domain, alpha activity can be roughly described by two key features: 1) the specific 

frequency at which maximum power is expressed, the so called peak or individual alpha 

frequency (PAF/IAF), and 2) the amount of power present across the entire alpha range 

(alpha power).  

In Chapters 2 and 3, we investigated, and found strong support for, the hypothesis that 

pain-free PAF is a reliable biomarker of human sensitivity to prolonged pain. In the 

current study, we aimed to investigate whether slowing of PAF is a reliable consequence 

of prolonged pain. Evidence of PAF slowing in response to prolonged would provide 

significant support to the hypothesis that the apparent slowing of PAF in patients with 

chronic pain is a disease-related process (Sarnthein et al., 2006). In the event we could 

identify PAF slowing, we were additionally interested in determining how alpha power 

changes produce PAF changes. In theory, PAF slowing can be produced through two 

mechanisms: 1) Increases in “slow” 8-10 Hz Alpha power or 2) decreases in “fast” 10-12 

Hz Alpha Power. Experimental models of phasic pain have largely found evidence of 

suppression of alpha power (Dowman et al., 2008, Peng et al., 2014, Huishi Zhang et al., 

2016), suggesting that decreases in fast Alpha Power are a likely mechanism of PAF 

slowing. Resolving how Alpha Power changes produce PAF changes may reveal novel 

alpha mechanisms that can be leveraged therapeutically to either treat pain or prevent the 

transition from acute to chronic pain. 
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To investigate how PAF is impacted by prolonged pain, we collected EEG data during 

two experimental models of prolonged pain occurring at two procedurally identical visits 

separated by 8 weeks on average. We aimed to determine: 1) whether PAF is reliably 

slowed at both testing visits in response to two tests of prolonged pain; 2) whether Alpha 

Power is increased in response to prolonged pain; and 3) whether PAF slowing is 

produced by power decreases in the 10-12 Hz frequency range.  

C. Materials and Methods 

Participants  

Sixty-one pain-free, adult participants (31 males, mean age = 27.82, age range = [21 42]) 

without history of neurological or psychiatric disorder took part in the experiment 

between 7/6/2016 and 10/20/2017. This study was approved by the University of 

Maryland, Baltimore Institutional Review Board, and informed written consent was 

obtained from each participant prior to any study procedures. The study was pre-

registered on ClinicalTrials.gov (NCT02796625), and the primary and secondary 

outcomes were previously reported, demonstrating a reliable relationship between pain-

free PAF and prolonged pain sensitivity (Furman et al., 2020).   

Table 3 provides information regarding how many participants contributed data to each 

analysis. For a few participants, we were unable to collect data for a particular EEG 

session or a technical malfunction prevented us from accurately matching their EEG and 

pain rating data.   
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EEG  

Scalp EEG was collected from 63 channel BrainVision actiCAP system (Brain Products 

GmbH, Munich, Germany) labeled according to an extended international 10–20 system 

(Oostenveld and Praamstra, 2001). All electrodes were referenced online to the average 

across all recording channels and a common ground set at the AFz site. Electrode 

impendences were maintained below 5 kΩ throughout the experiment. Brain activity was 

continuously recorded within a 0.01–100 Hz bandpass filter, and with a digital sampling 

rate of 500 Hz. The EEG signal was amplified and digitized using an actiCHamp DC 

amplifier (Brain Products GmbH, Munich, Germany) linked to BrainVision Recorder 

software (version 2.1, Brain Products GmbH, Munich, Germany).  

Thermal Stimulator 

Thermal stimuli were delivered to the volar surface of the participant's left forearm using 

a thermal contact heat stimulator (27mm diameter Medoc Pathway CHEPS Peltier 

device; Medoc Advanced Medical Systems Ltd., Ramat Yishai, Israel).   

Quantitative Sensory Testing  

Participants completed four threshold tests, in which they were asked to report when: (1) 

they felt a temperature increase (Warmth Detection Threshold; WDT); (2) they felt a 

temperature decrease (Cool Detection Threshold; CDT); (3) an increasing temperature 

first became painful (Heat Pain Threshold; HPT); and (4) a decreasing temperature first 

became painful (Cold Pain Threshold; CPT). A total of three trials were presented for 

each test with an ISI of 4-6 seconds (randomly determined on a per trial basis). 

Participants provided feedback for each test by clicking a computer mouse button placed 
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in their right hand. For each test, temperatures were applied with a rise rate of 1°C/second 

and return rate of 2°C/second.  

All sensory testing was performed on the volar surface of the left forearm. The distance 

from the wrist to elbow joint was measured and the forearm was divided into three equal 

length zones. For each test, the first trial was administered to the zone closest to the wrist, 

the second trial administered to the middle forearm zone, and the third trial administered 

to the zone closest to the elbow.  

Phasic Heat Pain (PHP) Model   

Temperatures used during the PHP model were determined during each participant’s 

initial screening visit to the laboratory (Visit 0). During these sessions, participants were 

exposed to 12, 20 second trials in which a single temperature (2.5 second rise and fall) 

was applied to the volar surface of the left forearm. At the conclusion of each trial, 

participants reported the average pain they experienced during temperature application; 

participants were instructed to report pain ratings on a scale of 0-10, with 0 indicating no 

pain and 10 the most pain imaginable. Temperatures of 37, 40, 42, 44, 46 and 48°C and 

were each presented twice in a pseudorandom order. Trials were separated by 10 seconds 

and after each trial the thermode was moved to a neighboring forearm zone in order to 

minimize sensitization. Using pain reports from these trials, the temperature that most 

closely evoked an average pain rating of 5/10 was selected. This level of pain was 

targeted in order to best match the intensity of pain evoked by the CHP model (Furman et 

al., 2018). For a few participants, none of the applied temperatures evoked a pain rating 

that reached 5/10. For these individuals, 48°C was used during PHP testing.  
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The PHP model consisted of a series of five consecutive stimulus trains. Each train lasted 

one minute and consisted of application of a predetermined temperature for 40 seconds 

(rise and fall times of 2s) followed by application of a neutral skin temperature stimulus 

(32°C) for 20 seconds. PHP scores were calculated by averaging pain ratings from the 

five, forty second periods in which the temperature was present (including temperature 

rise and return).  

Capsaicin Heat Pain (CHP) Model  

The CHP model lasts for hours to days and recapitulates some cardinal sensory aspects of 

chronic neuropathic pain (Culp et al., 1989; LaMotte RH, et al.,1992; Baron 2009; Lötsch 

et al., 2015) without causing lasting tissue damage (Henriques & Moritz, 1947). CHP 

procedures were similar to those used in our prior study (Furman et al., 2018). In brief, 

we applied ~1 g 10% capsaicin paste (Professional Arts Pharmacy, Baltimore, MD) 

topically to the volar surface of the left forearm, fixing it in place with a Tegaderm 

bandage. A thermode was then placed on top of the capsaicin application, heated to 40°C 

and held in place for 20 minutes to allow for capsaicin incubation. Given that pain from 

topically applied capsaicin varies as a function of skin temperature (Anderson et al., 

2002), the thermode temperature was held at 40°C for all participants. This temperature 

was selected because, in the absence of capsaicin, all participants had heat pain 

thresholds higher than this temperature. CHP scores were calculated by averaging ratings 

across the entire five-minute CHP test that followed incubation.  

To assess how reliable CHP-induced changes to PAF and alpha power, we included a 

“rekindling” phase (CHP Rekindle; Dirks et al., 2003). After the initial CHP testing was 

completed, an icepack (see below for details) was applied to the forearm until a complete 
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termination of pain was reported. Afterwards, the thermode was again placed over top of 

the site of capsaicin application, heated to 40°C, and held in place for five minutes. CHP 

rekindle scores were calculated as the average of the pain ratings provided during this 

five-minute period. 

Icepack Application 

At the conclusion of the PHP and CHP tests, the thermode was removed and a disposable 

icepack was applied the stimulated area of the left forearm. This was done to prevent pain 

carryover from one test to another and to ensure that pain ratings for subsequent tests 

were captured from a starting state of no ongoing pain. The icepack was left in place until 

the complete absence of pain was reported by the participant. No participants indicated 

that the icepack itself was ever painful. Following each icepack application and removal, 

a 5-minute pain-free, eyes closed EEG session occurred. 

Pain Ratings  

Pain ratings were collected continuously with a manual analog scale consisting of a 

physical sliding tab (Medoc Advanced Medical Systems Ltd., Ramat Yishai, Israel). Prior 

to testing, participants were instructed that the lower and upper bounds of the scale 

represented no pain and the most pain imaginable, respectively, and that they should 

continuously update the slider to indicate the amount of pain currently being experienced. 

Care was taken by experimenters to avoid providing numerical anchors when describing 

the scale and no additional physical landmarks were present on the scale. Prior studies 

have found that analog scales are superior to numerical scales for capturing the pain 

power function often encountered in psychophysical testing (Price et al., 1994; Nielsen et 

al., 2005). Prior to testing, participants were given an opportunity to practice using the 
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device with their eyes open and closed. During testing, participants were permitted to 

briefly open their eyes while rating. Pain ratings were collected from the manual analog 

scale at a rate of 1000 Hz. Manual analog scale data was transformed by converting the 

horizontal position of the slider into a continuous value between 0 and 100.  

Procedure  

An outline of the experimental timeline and procedures is presented in Figure 16. In order 

to allow sufficient time for any long-term effects of capsaicin exposure to subside, visits 

were separated by 21 days or more (except for one case where a subject returned at 19 

days because of a scheduling conflict; mean separation of Visit 1 and Visit 2 = 54.74 

days, SD = 55.92 days, range = [19 – 310 days]).   

Figure 16. Overview of the experimental paradigm and naming conventions. At Testing 

Visits 1 and 2, participants completed the progression of experimental sessions. Prior to 

Pain-Free 2 & 3, an icepack was applied to the stimulated forearm for three minutes 

(not shown in figure). Representative data reflects the average Visit 1 pain ratings from 

participants who responded to capsaicin (average CHP pain > 10). Instances where EEG 

sessions were separated into distinct datasets are denoted by the presence of different 

colors within the same panel. Naming conventions for all datasets are provided in the 

table and, where an EEG session was divided into multiple datasets, shading color in 

the table has been matched to the color provided in the data panels.    
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Participants first underwent an initial screening visit, Visit 0, that included quantitative 

sensory testing as well as additional tests to ensure that 40°C was rated as minimally-

painful, to identify the appropriate PHP temperature, and to provide initial exposure to 

capsaicin. For the first four participants, these procedures, excluding capsaicin exposure, 

were performed during Visit 1.  

Participants returned for Visit 1 at least three weeks after completing Visit 0. Most 

participants then returned at least three weeks after Visit 1 for Visit 2. Procedures for 

Visits 1 and 2 were identical. For the entirety of Visits 1 and 2, participants were seated 

in a comfortable chair in a quiet room that was isolated from strong electrical 

interference. For all EEG sessions, lights in the testing room were turned off and 

participants were instructed to close their eyes, remain still, relax without falling asleep, 

and continuously rate any pain they experienced with the manual analog scale placed at 

their right hand. Visits 1 and 2 began with quantitative sensory testing. For the first four 

participants, this sensory testing was not performed at Visit 2. After quantitative sensory 

testing, a brief 2-minute EEG was collected to ensure the quality of EEG recording. Next, 

a room temperature thermode was placed onto the left forearm while eyes closed, pain-

free EEG was collected for 5 minutes. The relationship of PAF recorded this eyes-closed, 

pain-free session to pain sensitivity was reported in an earlier publication (Furman et al., 

2020).    

Following the pain-free EEG, prolonged pain was induced with the PHP model. During 

the five minutes of PHP, EEG was collected while participants rested with their eyes 

closed and continuously rated the intensity of pain.  Upon completion of the PHP model, 

a disposable ice pack was placed onto the participant’s left forearm until they reported 
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being completely free of pain after which 5 minutes of eyes closed EEG was collected.  

Next, the second model of prolonged pain, CHP, was induced. Participants were 

instructed to continuously rate pain intensity during this incubation period.   

Following the 20-minute incubation period, and with the thermode temperature still held 

at 40°C, 5 minutes of eyes closed, continuous EEG was recorded while participants 

continuously rated the intensity of pain. An icepack was then applied to the forearm, 

removed once pain was reported to be completely absent, and followed by 5 minutes of 

eyes closed EEG was collected. Afterwards, a 40°C thermode was placed over the site of 

capsaicin application to induce CHP rekindling. Five minutes of eyes closed EEG was 

then recorded while participants continuously rated pain intensity.  

Data Processing   

We analyzed data from the six sessions collected throughout the experiment: Pain-Free 1, 

PHP, Pain-Free 2, Capsaicin Incubation (Incubation), CHP, Pain-Free 3, and CHP 

Rekindle (Figure 16). The PHP session was further divided into periods when the noxious 

temperature was applied (PHPon) and when the skin temperature was applied (PHPoff). 

Incubation data was also split into two segments based on the temporal profile of pain 

ratings. During the first ~13 minutes of incubation pain ratings grew steadily 

(IncubationEarly) whereas during the last ~7 pain ratings were largely stable 

(IncubationLate). 
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Table 3. Overview of available datasets for each EEG session. Numbers reflect relevant 

datasets for Visit 1 / Visit 2. 

 

EEG data were preprocessed with EEGLAB 13.6.5b (Delorme and Makeig, 2004). 

Unless otherwise noted, participants contributed 8 EEG datasets at each visit (see Table 

3). For each data set, preprocessing began with filtering the data between .2 and 100Hz 

using a linear FIR filter. To account for potential volume conduction effects, the surface 

Laplacian was computed and applied to the data (Perrin et al., 1989). Finally, 

Independent Components Analysis (ICA) using the Infomax algorithm (Bell & 

Sejnowski, 1995) was performed and components with spatial topographies and time 

series resembling blinks and/or saccades were removed from the data. 

Quantification of PAF  

Frequency decomposition was performed using routines in FieldTrip (Oostenveld et al., 

2011). Data from each EEG dataset was segmented into non-overlapping 5 second 

epochs and power spectral density in the .2–100 Hz range (0.2 Hz bins) was derived with 

the ‘ft_freqanalysis_mtmfft’ function. A Hanning taper was applied to the data prior to 

calculating the spectra to reduce edge artifacts (e.g., Mazaheri et al., 2014).   

At every channel and for each epoch, PAF was estimated using a center of gravity (CoG)  
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method (Klimesch et al., 1993). We defined CoG as follows:   

 

where fi is the ith frequency bin including and above 9 Hz, n is the number of frequency 

bins between 9 and 11 Hz, and ai the spectral amplitude for fi. From our previous work, 

we have determined that this restricted frequency range reduces the influence of 1/f EEG 

noise on PAF estimation (Furman et al., 2018). Epoch-level PAF estimates were 

averaged separately for each EEG session (i.e., Pain-Free 1, CHP) to yield a single mean 

PAF estimate for each channel during each EEG session. Although our earlier work has 

relied exclusively on sensors putatively sampling from the sensorimotor cortices, we 

elected to focus our analyses on all channels given clear evidence that PAF effects are 

not restricted to those sensorimotor channels (Furman et al., 2018, 2019, 2020).  

To ensure that results were not an artifact of the range used for PAF estimation, PAF was 

also calculated with the wider 8-12 Hz range.  

Quantification of Alpha Power  

Epoch-level Alpha Power (AP) estimates were calculated as the average power across the 

8-12 Hz range. Epoch-level estimates from each EEG session were then averaged to yield 

a single AP estimate for each EEG channel during each EEG session.  

Statistical Analysis  

All analyses and statistical tests were performed using custom scripts implemented in the 

Matlab environment (version 2019a).  
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For all analyses, we removed any data that was 3 standard deviations above the mean. 

PHP analyses were performed on all available data while CHP analyses excluded data 

from individuals demonstrating CHP model insensitivity. In short, we excluded 

participants from CHP analyses if they showed a clear pain response (average pain > 10) 

to PHP but not CHP.   

For all analyses, linear mixed models were used to explain variance in either EEG or pain 

responses (see below for specifics regarding each model). To account for the large 

number of tests across EEG sensors, statistical differences between conditions were 

evaluated using non-parametric cluster-based permutation tests (Maris & Oostenveld, 

2007; Pernet et al., 2015). Unless otherwise stated, tests at the single channel level were 

first thresholded at p < .05. In some cases, channels were required to surpass thresholds 

for multiple comparisons (i.e., a conjunction analysis) in order to move on to the cluster 

forming stage (see below for details specific to each analysis). Next, spatially adjacent 

channels surpassing this threshold were grouped into clusters based on the requirements 

that 1) a cluster be composed of at least two sensors and 2) that each sensor within a 

cluster be immediately neighbored by at least one sensor from the overall cluster.    

After cluster formation, test statistic values (i.e., t or F statistics) were summed across all 

cluster channels to produce a single, composite test score for the entire cluster. For each 

cluster, this composite score was then compared against a null distribution of 1000 

iteratively generated composite scores produced by randomly shuffling dependent 

variable values across participants and conditions at each EEG sensor belonging to the 

cluster in question. For t tests, clusters were evaluated as significant if their composite 

test statistic surpassed the 97.5th percentile of the relevant tail of the null distribution. For 
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F tests, clusters were evaluated as significant if their composite test statistic surpassed the 

95th percentile of the null distribution.  

Where applicable, the effect size of significant fixed effects of interest (i.e., Session or 

PAF/Alpha Power) were calculated using Cohen’s f2 (Selya et al., 2012).  We refer to 

results as having small, medium, or large effect sizes according to Cohen’s originally 

guidelines (Cohen 2013), where .02 > f2 < .15 is considered a small effect, .15 > f2 < .3 is 

a medium effect, and f2 > .35 is a large effect. 

Assess Whether PAF is Slowed in Response to Prolonged Pain: 

Separately for PHP and CHP, PAF estimates from each channel were submitted to a 

linear mixed effects model with Session and Visit as fixed effects (no interaction 

specified) and a random effects term for Participant nested within Visit. For PHP models, 

clustering was performed on channels meeting the following criteria: 1) a significant (p < 

.05) difference between PHPOn and Pain-Free 1, and 2) a significant a priori contrast (p < 

.05) of PHPOn versus PHPOff and Pain-Free 2. For CHP models, clustering was performed 

on channels demonstrating the following: 1) a significant difference (p < .05) between 

CHP and Pain-Free 2, and 2) a significant a priori contrast (p < .05) of CHP Rekindle 

versus Pain-Free 3. Cluster-based analyses were performed for both fixed effects (t 

values) and contrasts (F values) and only clusters surpassing the null distribution 

threshold for both tests were evaluated as significant.  

To evaluate whether PAF is modulated by motor activity, we correlated PAF changes 

occurring during PHPOn with an estimate of slider movement. Slider movement was 

calculated by taking the sum of the absolute, first derivative of PHP pain ratings. Prior to 
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this calculation, pain ratings were z-scored in order to best isolate slider movement from 

pain intensity.   

Likelihood-ratio tests were used to assess effect stability by comparing model results 

against an otherwise identical model including an additional term for Session X Visit 

interaction. Failure to find a significant difference was taken as evidence of effect 

reliability across Visits.   

Channels contributing to significant clusters to both PHP and CHP analyses were 

identified with a conjunction analysis. These results are presented for illustrative 

purposes and should not be used draw conclusions about any EEG channel given that 

significance was tested solely at the cluster level. 

Assess whether Alpha Power Increases in Response to Prolonged Pain: 

An identical set of analyses to those used for PAF were performed for estimates of AP.  

Assess Whether PAF and Alpha Power Changes are Scaled by Pain Intensity: 

PAF changes (ΔPAF) were calculated as:  

𝛥𝑃𝐴𝐹 = 𝑃𝐴𝐹𝑥 −  𝑃𝐴𝐹𝑃𝑎𝑖𝑛−𝐹𝑟𝑒𝑒 𝑌 

Where PAFx refers to the PAF estimate at session X and Pain-Free Y refers to either 

Pain-Free 1 or Pain-Free 2 depending on which is most proximate to the EEG session in 

question (for example, Pain-Free 2 is used for CHP).  

AP changes (ΔAP) were calculated as:  

∆𝐴𝑃 =  𝐴𝑃𝑥 − 𝐴𝑃𝑃𝑎𝑖𝑛−𝐹𝑟𝑒𝑒 𝑌 
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Where APx refers to the AP estimate at Session X and APPain-Free Y refers to the AP 

estimate from the most temporally proximate, preceding Pain-Free session (i.e., the CHP 

session is most immediately preceded by the Pain-Free 2 session).  

PHP pain scores were modelled at each EEG channel with a linear mixed effects model 

including fixed effects terms for ΔPAF, ΔAP, Visit, and the ΔPAF x ΔAP interaction as 

well as a random effects term including unique intercepts and slopes for ΔPAF, ΔPAF, 

and ΔPAF x ΔAP at each visit. CHP pain scores were modelled at each EEG channel 

with a linear mixed effects model including fixed effects terms for ΔPAF, ΔAP, Visit, 

and the ΔPAF x ΔAP interaction as well as two random effects terms (one for session 

and one for visit) that included unique intercepts and slopes for ΔPAF, ΔAP, and ΔPAF x 

ΔAP. Models were only supplied with estimates from sessions in which pain was present 

(PHP: PHPon; CHP: CHP & CHP Rekindle), and an initial cluster forming threshold of p 

<.0125 (4 predictors) was used. Cluster based analyses were performed separately for 

each predictor. 

Assess How Prolonged Pain Modulates “Fast” and “Slow” Alpha Power: 

Although often considered in isolation of one another, changes in PAF can be 

deterministically related to changes in alpha power. For example, PAF slowing can be 

produced via either focal power reductions in “faster” (i.e., 10-12 Hz) AP or power 

enhancements in “slower” (i.e., 8-12 Hz) AP. To understand how PAF changes may 

result from AP changes, the average 2-50 Hz (.2 Hz bins) power spectra during each 

EEG session was separately calculated for each EEG channel. Prior to averaging across 

participants at the channel level, spectra were Z-scored to account for individual 

differences in total alpha power amount.  
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For PHP, PHPOn spectra were subtracted from spectra obtained during Pain-Free 1. For 

CHP, spectra obtained during CHP and CHP Rekindle were subtracted from Pain-Free 2 

spectra. To evaluate how spectral changes are related to an individual’s pain-free PAF we 

performed Spearman correlations to evaluate the relationship between spectral changes at 

each .2 Hz frequency element within the 8-12 Hz range (i.e., 8 Hz, 8.2 Hz, etc.) and PAF 

recorded during Pain-Free 1.  

D. Results  

The total number of EEG datasets available at each Visit are listed in Table 3.  

On average, both PHP and CHP produced moderate pain with relatively large between 

subject variance at both Visit 1, PHP: 26.31 (SD = 17.40); CHP: 18.81 (SD = 22.59); 

CHP Rekindle: 21.86 (SD = 23.78), and Visit 2, PHP: 26.95 (SD = 20.41); CHP: 20.49 

(SD = 24.74); CHP Rekindle: 20.54 (SD = 20.54).  

PAF is Reliably Slowed at a Left, Frontocentral Cluster During Prolonged Pain 

Across the entire montage, PHP Session-level effects (see Statistics for details) were 

maximally observed across a left frontocentral cluster, 8 channels, Average PHPOn t = -

3.16, range = [-2.50 -3.57], summed t =-25.24, 97.5th % null summed t = -5.27; Average 

PHPOn vs. PHPOff & Pain-Free 2 Contrast F = 5.72, range = 3.92 7.72, summed F = 

45.77, 97.5th % null summed F = 18.66. Across this cluster, the average Cohen’s f2 was 

.06, range = [.04 .09]. For descriptive purposes, we present session-level estimates from 

the peak sensor, C3 (Figure 17C).  As can be seen, Peak Alpha Frequency (PAF) 

recorded from the left frontocentral cluster transiently slowed during PHPOn before  
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Figure 17. PAF is slowed during two models of prolonged pain. A. Topoplot of the 

estimated effect of PHPOn on PAF. Cooler colors reflect that PAF decreased from Pain-

free 1 to PHPOn while warmer colors indicate that PAF became faster. PHPOn PAF was 

found to be significantly slower than PAF recorded during Pain-Free 1 and from PAF 

recorded during PHPOff and Pain-free 2 with this effect being observed maximally at a left, 

frontocentral cluster (black dots with white outlines). B. Topoplot of the estimated effect 

of Visit 2 on PAF during PHP. Cooler colors reflect that PAF was slower during Visit 2 

than during Visit 1. Visit 2 PAF was found to be significantly slower, which was 

maximally observed over (1) and left (3) occipital clusters as well as a right frontal 

cluster. C. Line plot (mean +/- SEM) depicting PAF estimates recorded from the C3 

channel during Phasic Heat Pain. For ease of visualization, PAF estimates are presented as 

relative to Pain-Free 1. D. Topoplot of the average estimated effect of CHP, Pain-Free 3, 

and CHP Rekindle on PAF. PAF was found to be significantly slower during all three 

sessions at a bilateral maximally observed over a frontocentral cluster. E. Topoplot of the 

estimated effect of Visit 2 on PAF during CHP. No significant clusters associated with the 

effect of Visit were identified. F. Line plot (mean +/- SEM) depicting PAF estimates 

recorded from the C3 channel during Capsaicin Heat Pain. Estimates are shown as relative 

to Pain-Free 2. White dots outlined with black reflect channels belonging to a significant 

cluster. Red numbers are used to denote instances where multiple, significant clusters 

were identified. If no numbers are present within a panel, all outlined channels belong to 

the same cluster.   
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returning to Pain-Free 1 levels during PHPOff and Pain-Free 2. In comparison, PAF at the 

CPz sensor was elevated during PHPon before returning to baseline levels. Visit-level 

effects were greatest over a right posterior cluster, 8 EEG sensors, Average Visit t = -

2.50, range = [-2.22 -2.86], summed t = -19.96, 97.5th % null summed t = -5.27, and a 

right frontal cluster, 4 EEG sensors, Average PHPOn t = -3.16, range = [-2.50 -3.57],  

summed t = -25.24, 97.5th % null summed t = -17.26, which reflected that PAF was  

slower during Visit 2. Importantly, we could not identify any EEG channels where the 

expanded mixed effects model including a Session x Visit term provided a better fit to the 

data. Consistent with our prior studies that used a wider frequency range for PAF 

calculation (Furman et al., 2020), performing these analyses with 8-12 Hz PAF estimates 

yielded qualitatively similar, albeit weaker, results (data not shown) and PAF changes 

during PHPOn were not correlated with participant slider activity (Figure 19).   

For CHP, we could not identify any significant clusters for either the effect of Session or 

Visit. Inspecting session-level data revealed that this was likely due to sustained PAF 

slowing during Pain-Free 3 (Figure 17F). To identify channels demonstrating persistent 

PAF slowing, we performed a series of post hoc contrasts on sessions occurring during 

the last ~20 minutes of capsaicin exposure (CHP, Pain-Free 3, and CHP Rekindle 

Sessions). This revealed a large cluster of frontocentral channels (Figure 17D) where 

PAF slowing was greatest during the last three sessions capsaicin exposure (p < .0167 for 

all 3 contrasts), 24 channels, Average CHP t = -3.41, range = [-2.14 -4.92], summed t = -

81.94, 97.5th % null summed t = -10.03; Average Pain-Free 3 t = -3.62, range: [-2.90 -

4.73], summed t = -86.76, 97.5th % null summed t = -10.15; Average CHP Rekindle t = -

3.87, range = [-2.62 -6.11], summed t = -92.77, 97.5th % null summed t= -9.63. Across 
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this cluster, the average Cohen’s f2 = .06, range = [.04 .13].  Similar magnitudes of 

slowing were not evident at posterior sensors and, in some instances, PAF speeding was 

apparent during CHP Rekindle (data now shown). The effect of Visit was not associated 

with any significant clusters (Figure 17E), and we could not identify any channels where 

the Session X Visit interaction model provided a better fit of the data. Reanalyzing the 

data using the expanded 8-12 Hz PAF yielded similar results and changes in PAF 

occurring during either CHP or CHP Rekindle were not related to participant slider 

movement (Figure 19).  

PAF was consistently slowed at a left, frontocentral cluster during both PHP and CHP 

(Figure 20A-C). Since these channels were surprisingly ipsilateral to noxious stimulation, 

we examined PAF effects in a mirrored channel cluster on the right side of the head. 

Session effects at this cluster during were qualitatively similar, albeit weaker, to those on 

the left side of the head (data from the center sensor in this cluster, C4, are shown in 

Figure 21).  

We could not identify any clusters where PAF changes were consistently correlated with 

reported pain intensity during PHP and CHP. 

Alpha Power is Reliably Decreased at a Left, Frontocentral Cluster During Prolonged 

Pain 

Significant effects of PHP Session on Alpha Power (AP; Figure 18A) were identified in a 

large, bilateral frontocentral cluster, 24 channels, Average PHPOn t = -4.28, range = [-

2.27 -7.25], summed t = -102.77, 97.5th % null summed t = -9.69; Average PHPOn – 

PHPOff/Pain-Free 2 Contrast F = 54.30, range = [27.50 94.59], summed t = 1,303.10, 

97.5th % null summed F = 41.18, and in a smaller posterior cluster, 2 channels, Average  
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Figure 18. Alpha power (AP) is decreased during two models of prolonged pain. A. 

Topoplot of the estimated effect of PHPOn on AP. PHPOn AP was found to be significantly 

less than Pain-Free 1 AP and significantly less than PHPOff and Pain-free 2 AP, here 

maximally observed over a bilateral, frontocentral cluster (1). In contrast, AP was 

significantly enhanced at a left, parietal cluster (2) during PHPOn relative to Pain-Free 1 

and relative to PHPOff and Pain-Free 2. B. Topoplot of the estimated effect of Visit 2 on 

PHP AP. PHP AP was found to be significantly smaller during Visit 2 than during Visit 1 

at a left (1) and right (2) posterior cluster. C. Line plot (mean +/- SEM) depicting AP 

estimates recorded from the C3 channel during Phasic Heat Pain. For ease of 

visualization, estimates are presented as relative to Pain-Free 1. D. Topoplot of the 

average estimated effect of CHP and CHP Rekindle on AP. AP was significantly 

decreased during CHP and CHP Rekindle at a left, frontocentral cluster. E. Topoplot of 

the estimated effect of Visit 2 on PHP AP. AP was significantly decreased during Visit 2 

at a cluster extending over posterior and temporal channels on both sides of the head. F. 

Line plot (mean +/- SEM) depicting AP estimates recorded from the C3 channel during 

Capsaicin Heat Pain. Estimates are shown as relative to Pain-Free 2. For all topoplots, 

black dots reflect sensor-level effects surpassing the initial cluster formation threshold 

but not belonging to a significant cluster (see Statistics section for specific details on 

cluster formation for PHP and CHP analyses). White dots outlined with black reflect 

channels belonging to a significant cluster. Red numbers are used to denote instances 

where multiple, significant clusters were identified. If no numbers are present within a 

panel, all outlined channels belong to the same cluster.   
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Figure 19. Movement of the rating slider is not reliably related to PAF or AP changes.  

A. Exemplar z-transformed pain rating data from the PHP task and its first derivative (B). 

The summed absolute first derivative was used as a proxy for slider movement since it 

reflects any change in position of the slider. C-D.  None of the previously identified 

frontocentral channels from the main text show a relationship between slider movement 

and changes in PAF or AP during PHP (PHPOn – Pain-Free 1). G-J. The same is true for 

PAF and AP changes during CHP (CHP – Pain-Free 2). K-L. Correlations between slider 

movement and changes in CHP Rekindle PAF or AP (CHP Rekindle – Pain-Free 2) at 

Visit 1 or Visit 2. Only during Visit 1 is there a relationship between changes in PAF and 

slider movement. This relationship is in the opposite direction to what was found in the 

main analyses (Figure 17). For all topoplots, black dots reflect channels demonstrating a 

relationship between PAF and slider movement with an associated p < .05. 
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PHPOn t = 2.84, range = [2.84 2.85], summed t = 5.70, 97.5th % null summed t = 2.68; 

Average PHPOn – PHPOff/Pain-Free 2 Contrast F = 5.38, range = [4.32 6.44], summed F = 

10.76, 97.5th % null summed F = 7.66.  Across this cluster, the average Cohen’s f2 was  

.26, range = [.12 .49]. As can be seen in Figure 18C, AP recorded from the frontocentral 

cluster decreased during PHPOn before increasing during PHPoff and Pain-Free 2. In 

comparison, posterior AP increased throughout PHPOn, PHPOff, and Pain-Free 2. 

Significant effects of Visit were identified at two separate posterior clusters on the right, 

Average Visit t = -2.80, range = [-2.58 -2.95], summed t = -16.82, 97.5th % null summed 

t = -6.07, and left sides of the head, Average Visit t = -2.47, range = [-2.12 -3.14], 

Figure 20. PAF is consistently slowed and AP is reliably decreased during both PHP and 

CHP. A. Channels denoted with a black dot in the topoplot contributed to significant 

clusters for both PHP and CHP PAF analyses. B – C. Average, z-scored spectra from the 

C3 sensor during PHP-related sessions at Visits 1 and 2. Increases in 8-10 Hz AP and 

decreases in 10-12 Hz AP can be seen at both visits (compare blue and orange spectra). 

D. Channels denoted with a black dot in the topoplot contributed to significant clusters 

for both PHP and CHP Alpha Power analyses. E – F. Same as in B-C but for CHP-

relation sessions. Decreases in 8-12 Hz power are evident throughout CHP and CHP 

Rekindle (compare dark blue spectra to purple and and light blue spectra).     
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summed t = -9.88, 97.5th % null summed t = -5.82. For both clusters, the effect of Visit 

indicated that alpha power was reduced during Visit 2. AP estimates from several of  

Figure 21. Effects of prolonged pain on PAF and AP at the C4 sensor are similar to those 

seen at left frontocentral channels. A. Line plot (mean +/- SEM) depicting PAF (A) or 

Alpha Power (B) estimates recorded from the C4 channel during Phasic Heat Pain. For 

ease of visualization, estimates are presented as relative to Pain-Free 1. In comparison to 

the C3 channel (Figure 2C), C4 PAF undergoes less slowing during PHPon before 

returning to baseline levels during PHPOff and Pain-Free 2 while Alpha Power changes 

are nearly identical. E. PAF(C) or Alpha Power (D) estimates (mean +/- SEM), relative 

to Pain-Free 2, recorded from the C4 channel during Capsaicin Heat Pain. Like what is 

seen at the C3 channel, C4 PAF slows throughout capsaicin exposure while Alpha Power 

decreases throughout the initial capsaicin exposure period (IncubationEarly – CHP) but 

does not decrease during CHP Rekindle. 
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these posterior sites, but none of the frontocentral clusters, were better captured by a 

linear mixed effects model including the Visit X Session interaction. This interaction 

always reflected that AP increases were greater at one or more Visit 2 sessions.  

AP decreased at a left, frontocentral cluster (Figure 18D) during the CHP and CHP 

rekindle sessions (Figure 18F), 4 channels, Average CHP t = -3.10, range = [-2.15 -4.44], 

summed t = -12.40; 97.5th % null summed t = -3.92; Average Pain-Free 3 – CHP 

Rekindle Contrast F = 5.60, range = [4.49 7.01], summed F = 22.38, 97.5th % null 

summed F = 11.75. The average Cohen’s f2 for this cluster was .12, range = [.09 .16].  

Across a large, bilateral temporo-posterior cluster (Figure 18E), AP was reduced during 

Visit 2, 22 channels, Average Visit t = -2.46, range= [-1.97 -3.30], summed t = -54.10, 

97.5th % null summed t = -18.90. Data from a few channels were better described by an 

expanded model including the Session X Visit interaction but none belonged to the left, 

frontocentral cluster demonstrating significant Session effects.  

During either PHP or CHP, AP changes were unrelated to individual differences in 

participant slider movement (Figure 19). 

Common to both PHP and CHP analyses were two left, frontocentral channels that had 

also been identified for the PAF conjunction analysis (Figure 20D-F). Effects at these 

sites were mirrored, but weaker, at right, frontocentral channels (Figure 21). As with 

PAF, we could not identify any clusters demonstrating a reliable relationship between AP 

changes and reported pain intensity during PHP and CHP. 

Prolonged Pain Slows PAF by Reducing “Fast” Alpha Power 

As can be seen in Figure 22, prolonged pain reliably evoked AP reductions in the “fast” 

10-12 Hz range. These “fast” AP reductions were largely restricted to frontal and central 
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sites during PHP and occurred more globally during CHP. Similarly, “fast” AP 

reductions were largely reversed when PHP was completed (i.e., Pain-Free 2) but not 

when capsaicin was still present (Pain-Free 3; data not shown).  There did not appear to 

be any appreciable relationship between changes in power at each individual alpha 

frequency (i.e., 8 Hz, 8.2 Hz, etc.) and pain intensity. 

Figure 22. Slowing of PAF reflects focal decreases in “fast” 10-12 Hz power during PHP 

(A-C), CHP (D-F), and CHP Rekindle (G-I). A. Differences between PHPOn and Pain-

Free 1 spectra at Visit 1 (Black) and Visit 2 (Blue). Data is taken from the C3 channel and 

shaded regions reflect the 95th confidence interval. B. Same as in A., but with each row 

representing one of the 63 EEG channels. Increasingly warmer colors indicate greater 

power increases while increasingly cooler colors indicate greater power decreases. Power 

increases in the “fast” range are exclusive to parietal and occipital channels. C. 

Correlation between Pain-Free 1 PAF and power changes (PHPOn – Pain-Free 1) 

throughout the 8-12 Hz range for each EEG channel.  Increasingly warmer colors indicate 

a greater positive correlation while increasingly cooler colors indicate a greater negative 

correlation; for ease of visualization, figures represent correlation values averaged across 

Visits 1 and 2. A patch of negative correlation can be seen that overlaps with the location 

of “fast” power decreases seen in B. D-F. Same as in A-C, except with spectral 

differences between CHP and Pain-Free 2. G-I. Same as in A-C, except with spectral 

differences between CHP Rekindle and Pain-Free 2. 
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Interestingly, power decreases in the “fast” range were anti-correlated with PAF. This 

indicated that those individual’s with relatively faster PAF experienced the greatest 

power decreases in this range (Figure 22 – note similarity between rows 2 and 3). To 

further illustrate this point, we split participants into groups based on whether their initial 

Pain-Free 1 PAF was above or below 10 Hz and then calculated changes to “fast” or 

“slow” AP for each group. As can be seen in Figure 23, decreases in “fast” AP for 

individual’s with > 10 Hz PAF represented the predominant spectral change for all three 

prolonged pain tasks at both visits. 

 

 

Figure 23. For all prolonged pain tests, decreases in “fast” 10-12 Hz power occur 

predominantly in individuals with PAF greater than 10 Hz. For all panels, data from the 

C3 channel is shown. Participants were split based on whether their Pain-Free 1 PAF 

from the relevant visit was above and or below 10 Hz. Bars reflect the mean +/- 1 

standard deviation.   



111 
 

E. Discussion 

The 8-12 Hz “Alpha” rhythm is hypothesized to reflect processes that control how 

sensory systems interact with the external environment (Wutz et al., 2018). Patients with 

chronic pain often present with alpha disturbances (e.g., Kim et al., 2019). Most notably, 

the frequency of maximal alpha power, or Peak Alpha Frequency (PAF), is slower in 

patients than in healthy controls. Similarly, Alpha Power (AP) decreases are associated 

with experimental models of acute pain while patients demonstrate elevated alpha power 

while at rest (Babiloni et al., 2006, Sarnthein et al., 2006). These abnormalities have been 

interpreted as markers of prolonged pain even though their actual coincidence with 

chronic pain remains unclear. Understanding if these abnormalities are evoked by 

prolonged pain represents an important step for potentially using these markers to 

identify emerging cases of chronic pain. To that end, the current study examined the 

reliability of PAF slowing and alpha power enhancements in response to two prolonged 

pain tasks, PHP and CHP, that were repeated at two separate study visits. We report that 

PAF is reliably slowed and AP is reliably decreased in response to prolonged pain and, 

furthermore, that these changes reflect a common effect specific to the “fast” (10-12 Hz) 

range of the alpha rhythm.    

In response to PHP and CHP, PAF recorded from a cluster of left, frontocentral EEG 

channels was consistently slowed across Visits 1 and 2. For PHP, slowing occurred 

during periods where noxious temperature was applied and was restored to baseline 

levels both when the noxious temperature was intermittently removed during the task and 

during the pain-free session that followed. Perhaps more interestingly, slowing occurred 

throughout the late phases of CHP and even persisted when pain was reported to be 
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absent (Pain-Free 3). As we discuss in more detail below, we believe this latter effect is 

unrelated to potential changes in participant alertness. Instead, we believe it represents 

the latent capsaicin induced sensitization that was subsequently realized during the 

“rekindle” phase of the protocol. If correct, this indicates that PAF slowing reflects states 

associated with the potential for experiencing prolonged pain (i.e., sensitization) rather 

than the overt experience of it. This may be particularly important for the identification of 

chronic pain states given the dynamic nature of its pain intensity (Jamison et al., 2001). 

More broadly, this is, to the best of our knowledge, the first study to demonstrate clear 

evidence of PAF slowing in response to prolonged pain.  

Prolonged pain also reliably reduced AP at a left, frontocentral cluster that overlapped 

with the PAF cluster. Unlike PAF, however, AP changes were similar for both PHP and 

CHP with decreases occurring during periods where pain was reported (i.e., PHPOn and 

CHP Rekindle). These AP decreases subsequently returned to baseline levels when pain 

was absent, regardless of whether latent sensitization existed. This pattern fits well with 

the hypothesis that AP tracks the intensity of noxious stimuli (Nickel et al., 2017). 

Perhaps more importantly, prolonged pain’s failure to produce power enhancements 

should be taken as strong evidence that pain type (i.e., acute vs. prolonged) is not a 

relevant variable in shaping alpha responses in healthy individuals. The current study 

also demonstrates a potential mechanism by which pain-related PAF slowing is realized. 

More specifically, PAF changes during PHP and CHP appear to originate from focal 

reductions in “fast” 10-12 Hz power. In turn, these “fast” reductions lead to a relative 

increase in the proportion of “slow” 8-10 Hz power contributing to total AP. This process 

occurs to greater degrees in individuals expressing a large amount of “fast” alpha power 
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at baseline (i.e., individuals with fast PAF). Although this might be interpreted to reflect 

an active pain process, our earlier work on pain-free PAF using this same dataset has 

identified these individuals as the least pain sensitive (Furman et al., 2020). As such, 

diminishment of “fast” AP may reflect something like a pain management resource that 

is depleted over time. If true, this may help to explain why individuals with slow PAF 

tend to be the most pain sensitive.   

Importantly, reductions in “fast” AP were not accompanied by increases in “slow” AP. 

This result fits better with the hypothesis that the alpha rhythm is comprised of multiple 

oscillators rather than a single oscillator whose center frequency changes (Figure 24; 

Klimesch et al., 1997; Lobier et al., 2018; Benwell et al., 2019, Barry et al., 2020). In the 

Figure 24. Single and multiple oscillator mechanisms for slowing PAF and reducing AP. 

A. – C. In the case where a single oscillator (A) both reduces its speed and power (B), the 

pattern of differences will represent a sigmoid and the sum of differences will equal 0. D. 

– F. Two oscillators (D, red and blue denote each oscillator while the black represents 

their summed representation) can produce PAF and power changes without changing 

their frequency location (E). In this instance, spectral changes will present a focal 

reduction and the sum differences will not be equal to 0. Data from Figures 5 and 6 

appear to more closely follow a multi-oscillator scheme.   
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context of pain, there appears to be at least two relevant oscillators (Egsgaard et al., 

2009). Whereas the “slow” 8-10 Hz range has been associated with pain sensitivity (Nir 

et al., 2012) the “fast” 10-12 Hz range has been associated with pain tolerance (Furman 

et al., 2020). Given this apparent dichotomy, deciphering the cognitive processes 

represented by each oscillator as well as determining whether the two share a similar or 

disparate anatomical localization represents important targets for future research.  

Before discussing the potential clinical implications of these findings, we acknowledge 

some possible limitations of the current work. First, PAF slowing during cognitive tasks 

has been reported to occur passively with the passage of time and has been suggested to 

reflect changes in alertness and/or stimulus salience (Benwell et al., 2019). Given that our 

experiments occurred over the course of hours, it is possible that any identified PAF 

slowing may owe to these sources rather than prolonged pain. Time-associated slowing 

of PAF is accompanied, however, by enhancements rather than decreases in AP. This 

suggests that the effects of time on PAF are realized through increases in “slow” 8-10 Hz 

power. This appears to be an entirely different mechanism than the one identified in the 

current work. Second, effects of prolonged pain on PAF and AP were primarily identified 

at EEG channels ipsilateral to noxious stimulation and, perhaps more importantly, 

contralateral to the hand providing continuous ratings. We believe these effects are 

unlikely to reflect motor activity for two reasons: 1) Effects were present at contralateral 

channels, albeit at weaker strengths, and were strongly correlated with those occurring at 

ipsilateral sites, and 2) we could not find any evidence of a consistent relationship 

between motor activity (i.e., rating device use) and changes in either PAF or AP (Figure 

19).  
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These limitations aside, the current findings serve to further expand our understanding of 

how PAF abnormalities may relate to chronic pain. While our prior work with the very 

same dataset has suggested that pain-free PAF reflects traits associated with chronic pain 

vulnerability (i.e., pain sensitivity; Furman et al., 2020), the current work indicates that 

PAF slowing is a product of states associated with prolonged pain. This opens the door to 

the possibility that there exist two populations of people at risk for developing chronic 

pain: 1) Those with slow PAF before injury, and 2) those whose PAF slows after the 

onset of injury.  

Although it remains to be seen whether chronic pain produces PAF slowing, monitoring 

of PAF slowing after injury could provide important real-time information to caregivers, 

even when overt pain is absent, about the development of states that may be associated 

with chronic pain. Secondly, new interventions that aim to either enhance “fast” alpha 

power prior to injury, especially in those individuals with slow PAF, may be useful in 

preventing chronic pain. Similarly, restoring “fast” AP after injury may hold promise for 

preventing the transition to chronic pain. Focal reductions in the “fast” alpha range may 

explain why previous attempts to modulate pain via non-invasive alpha modulation have 

not been as successful as anticipated (Arendsen et al., 2018; Ahn et al., 2019). These 

studies have generally modulated the alpha rhythm at a frequency, roughly 10 Hz, that is 

shown to respond neutrally to prolonged pain in the current study (Figure 22).  

In summary, we present evidence that PAF is reliably slowed and that AP is reliably 

reduced during pain. Based on its occurrence during the non-painful portions of capsaicin 

exposure, PAF slowing appears to reflect the emergence of states that promote pain such 

as sensitization. In contrast, changes in AP appear to track the presence of a noxious 
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stimulus. Importantly, we demonstrate that both effects derive from a common source: 

focal reductions in “fast” alpha power. Taken together, these results highlight PAF 

slowing as a marker of states associated with prolonged pain and suggest that 

manipulations of the 10-12 Hz band of the alpha rhythm may hold promise for 

combatting emerging cases of chronic pain.    
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Chapter V: Summary of Findings and Future Directions 

A. Hypothesis and Approach  

Chronic pain is a pervasive disease with a relative scarcity of effective treatment options. 

Given this treatment inefficiency, prophylaxis represents a key strategy for combatting 

chronic pain. One avenue for achieving this goal is the development of biomarkers that 

can be used to identify, and target interventions at, those individuals most at risk for 

disease development. The intensity of pain immediately after an injury has been found to 

be one of the best predictors of chronic pain risk (Kehlet et al., 2006; Macrae, 2008; 

Althaus et al., 2013; Hah et al., 2019). This sensitivity to pain is only available after 

injury has occurred, which may be too late to halt or prevent processes related to the 

transition to chronic pain. Biomarkers that can identify sensitivity prior to injury are 

therefore needed if pain sensitivity is to become a useful clinical tool for preventing new 

cases of chronic pain.  

Peak Alpha Frequency (PAF), a measure of alpha rhythm speed thought to reflect the 

temporal resolution of cortical processing (Samaha & Postle, 2015), has been found to be 

abnormally slow in cases of chronic pain (e.g., Sarnthein et al., 2006). Although this 

slowness has been interpreted to reflect processes related to the emergence and 

persistence of chronic pain (Llinás et al., 1999), previous work has found that PAF speed 

is related to acute pain sensitivity in healthy individuals (Nir et al., 2010) thereby 

suggesting that PAF slowness in chronic pain may reflect a heightened sensitivity to pain 

that predated disease development.  
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In the current set of studies, I investigated whether PAF is a reliable predictor of human 

sensitivity to prolonged pain. To test this hypothesis, electroencephalography (EEG) was 

used to record PAF from healthy individuals prior to experiencing either an experimental 

model of neuropathic pain, Capsaicin Heat Pain (CHP), or an experimental model of 

prolonged thermal pain, Phasic Heat Pain (PHP). If PAF is a reliable predictor of 

prolonged pain sensitivity, then PAF recorded prior to either CHP or PHP should 

correlate with the amount of pain experienced in response to either. Additionally, PAF 

was recorded during exposure to both pain models in order to determine whether PAF is 

actively slowed in response to prolonged pain. 

B. Main Findings 

Across multiple studies, PAF was able to predict sensitivity to prolonged pain. This 

predictive ability was present across distinct pain models and over time and was found to 

be strongest for the most pain sensitive individuals. In comparison, evidence of PAF 

slowing could only be identified in one study and we unable to find a reliable relationship 

between pain-induced changes in PAF and pain sensitivity. When PAF slowing was 

captured, however, it occurred via reductions in Fast Alpha Power rather than an overt 

shifting of all Alpha activity. Before discussing possible limitations with the current set 

of studies, I will briefly explore the significance of these two findings.   

First, PAF recorded prior to a prolonged pain event was found to be related to the amount 

of pain experienced by an individual with increasingly slower PAF associated with 

increasingly greater pain sensitivity. In Chapter 2, this association was initially described 

for participants experiencing the CHP model. In Chapter 3, the CHP findings were 
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replicated and further expanded with evidence of a similar relationship for the PHP 

model.  

As alluded to in Chapter 3, this replication across and within studies is notable because it 

provides strong evidence that PAF’s relationship to pain is not contingent on any 

experimental detail specific to either PHP or CHP. For example, participants in Chapter 2 

experienced CHP for nearly 40 minutes whereas participants in Chapter 3 experienced 

CHP for only 25 minutes; in both cases, slow PAF was found to be associated with 

greater pain. Indeed, replication across the two paradigms gives confidence that PAF is 

related to pain sensitivity per se rather than experimentally adjacent processes such as 

rating modality (i.e., verbal versus manual) that varied across the studies (i.e., Chapter 2 

vs Chapter 3). While the current studies were not configured to determine the identity of 

the processes captured by PAF, factors such as attention, which has been related to pain 

sensitivity (Baum et al., 2011), represent key candidates for future investigation.    

PAF was also able provide cogent predictions about pain sensitivity at multiple 

timescales. More specifically, PAF predicted pain sensitivity at both two separate points 

in time and across the two time points. This demonstrates that PAF, and prolonged pain 

sensitivity by extension, are likely to reflect trait-like markers that do not change much 

over time. This provides significant support to the idea that PAF could be used in the 

clinic to identify pain sensitivity prior to a planned or, if collected during annual check-

ups, an unplanned injury. What’s, PAF’s ability to provide information about pain 

sensitivity across significant temporal gaps (~7 weeks on average in Chapter 3) provides 

further evidence that this relationship is not confounded by experimental factors. Factors 

such as fatigue are simply unlikely to remain relevant across the time frame studied. 
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Second, PAF slowing was identified in Chapter 4 but not in Chapter 2. Indeed, we could 

not identify either speeding or slowing of PAF in Chapter 2. While this could be 

interpreted as evidence against the hypothesis that prolonged pain produces PAF slowing 

some caution is warranted. Although due in part the PAF calculation method employed, 

results from Chapter 4 indicated that PAF slowing is small in magnitude. As a result, it is 

possible that failure to detect PAF slowing in Chapter 2 owes to a sample size that was 

much smaller than then one needed to detect a small effect.  

Even through group-level slowing was not identified, changes in PAF were still inversely 

related to pain sensitivity in Chapter 2. Individuals whose PAF became slower in 

response to CHP were those who experienced the most pain. As discussed below, one of 

the main limitations of the CHP model is that its effectiveness varies considerably 

between individuals. In Chapters 3 and 4, this variability in model efficacy could be 

identified from sensitivity to PHP. No second model was available in Chapter 2, and it is 

possible that slowing only occurred in those individuals for whom the model was fully 

effective. This may help to explain why the relationship between pain-induced changes in 

PAF and pain sensitivity were not replicated in Chapter 4; namely, only individuals who 

displayed evidence of model success were included in the main analyses. Given that PAF 

slowing has been found to be related to disease duration rather than pain intensity, it 

seems reasonable to suspect that the relationship between PAF shifts and pain sensitivity 

may have been confounded by factors such as the depth or speed of CHP induction.  

While follow-up is needed to determine whether these factors can explain failure to 

detect PAF slowing in Chapter 2, the fact that PAF slowing was reliably detected for both 
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pain models at both testing visits should provide reassurance that pain induced PAF 

slowing is a real phenomenon.  

These concerns aside, this represents the first time that reliable PAF slowing has been 

demonstrated in response to prolonged pain. PAF slowing occurred during all periods 

where pain was present, and the magnitude of slowing appeared to reflect the length of 

prolonged pain exposure. As evidenced by sustained slowing during the pain-free session 

that followed CHP, however, PAF slowing is not dependent on the presence of a noxious 

stimulus. Instead, it appears that PAF slowing reflects pain adjacent processes such as 

sensitization rather than pain itself. The quick reversal of PAF slowing after PHP, where 

sensitization resolves rapidly, serves to reinforce this point. This finding raises the 

possibility that detection of PAF slowing, in comparison to a baseline recording, could be 

used as a clinical biomarker for the presence of prolonged pain.         

PAF slowing was found to occur exclusively through reductions in the “fast” 10-12 Hz 

range of the alpha rhythm. This represents the first evidence of a possible mechanism by 

which PAF slowing occurs and suggests that the alpha rhythm may be composed of 

multiple oscillators. As described in Chapter 4, frequency shifts that occur through non-

zero power changes are inconsistent with the shift of a single oscillator. The fast Alpha 

range thus represents a key target for studies that aim to better understand and/or 

manipulate human pain sensitivity. Fast alpha as a principal driver of PAF slowing 

represents a significant departure from theories suggesting that increases in slow PAF or 

Theta power are a key feature of chronic pain (LeBlanc et al., 2014; Case et al., 2018; 

Fallon et al., 2018)). Ultimately, longitudinal studies investigating the transition from 
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acute to chronic pain will be needed to determine whether disease emergence is tied to 

changes in fast Alpha Power, slow Alpha Power, or an entirely different mechanism.        

C. Limitations 

While these results provide strong evidence that PAF is related to prolonged pain 

sensitivity, they cannot provide much insight into the specificity of this relationship. 

Indeed, it has been suggested that PAF is related to aversive stimuli in general rather than 

pain alone (Valentini et al., 2019). This is not entirely surprising given that PAF 

disturbances have been identified in several non-pain syndromes, such as tinnitus (Weiler 

et al., 2000) and schizophrenia (Murphy & Öngür, 2019). Results such as these, as well 

as findings that PAF’s relationship to pain sensitivity can be recovered at almost every 

EEG sensor, suggest that PAF’s relationship to pain sensitivity is not directly mediated 

through pain perception. As such, there is no reason to suspect that PAF shares a 

privileged relationship to pain sensitivity. Instead, more widespread processes, such as 

attentional control, appear to play an important role in linking PAF and pain sensitivity. 

Ultimately, determining whether PAF’s relationship to pain and non-pain diseases is 

mediated by similar processes may provide important insight into chronic pain’s high 

comorbidity, such as in the case of Alzheimer’s disease (Cao et al., 2019).    

Similar to concerns regarding specificity, the current studies focused exclusively on 

thermal prolonged pain thereby calling into question how well PAF may apply to 

sensitivity in other modalities. Even though pain-free PAF has been related to 

musculoskeletal pain sensitivity (Furman et al., 2019), concerns remain given that 

variability in pain sensitivity is not consistent from one modality to the next (e.g., Lynn & 
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Perl, 1977). For example, heat and cold pain sensitivity have been shown to be largely 

distinct probably owing to their reliance on several non-overlapping receptors and genes 

(Nielsen et al., 2008; Foulkes & Wood, 2008). This distinctiveness is, on its face, difficult 

to reconcile with the seemingly rigid negative relationship between PAF and pain 

sensitivity. Studies have found that factors, such as pain unpleasantness (Morin & 

Bushnell, 1998), can be shared across pain modalities and high pain sensitivity itself has 

been found to be independent of modality (Hastie et al., 2005). This latter explanation fits 

well with the finding from Chapter 3 that PAF is particularly well suited for identifying 

the most pain sensitive participants.  

Finally, insensitivity to the CHP model served as an obstacle to cleanly determining 

PAF’s relationship to pain sensitivity. In particular, some may view the decision to 

remove individuals who did not display pain in response CHP as evidence that PAF is not 

a strong predictor of pain sensitivity. CHP is well known to fail to elicit pain in a subset 

of individuals and this insensitivity has been related to polymorphisms in the TRPV1 

gene (Campbell et al., 2009), suggesting that the model may be physically incapable of 

causing pain in those individuals. Given that the current studies did not employ methods 

for identifying insensitive individuals, it was impossible to determine whether low pain in 

response to CHP reflected high pain tolerance or an insensitivity specific to the CHP 

model. This should be viewed as a concern specific to the CHP model and not necessarily 

a global failure of PAF. Indeed, PAFs ability to predict PHP sensitivity in all individuals, 

regardless of their CHP sensitivity status, should provide evidence of this fact.        
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D. Future Directions 

The current results serve to immediately position pain-free PAF as a potential tool for 

identifying high pain sensitive individuals in the clinic. While studies are needed to 

determine whether pain-free PAF relates to actual clinical outcomes, PAF holds promise 

to greatly improve patient healthcare. Identification of high pain sensitivity can be used to 

inform clinical decision-making regarding interventions prior to injury, and patient care 

after injury. For example, the pain sensitivity profile of the individual can be used when 

considering amongst surgical alternatives; in the case of a high pain sensitive individual, 

invasive or higher-risk operations may not be warranted, or the use of enhanced 

prophylactic analgesia to prevent sensitization and pain. Similarly, pain-free PAF can 

serve to aid decisions regarding post injury care. For instance, attempts could be made to 

limit opiate prescription to only high pain sensitive individuals. This would serve to 

reduce the unwanted side effects in low pain sensitive individuals and to also reduce 

opiate related burdens more globally.  

Less immediately, PAF offers potential as a target itself for intervention. While it remains 

to be seen whether PAF is casually related to pain sensitivity, modulation of pain 

sensitivity, via putative modulation of PAF, offers a potential avenue by which chronic 

pain trajectories can be altered either before or after injury. Before attempts can be made 

to manipulate PAF, however, a better understanding of what and where to target must be 

achieved.  

The alpha rhythm has traditionally been assumed to reflect the activity of a single 

oscillator, denoted by the presence of a single spectral peak, and PAF has been assumed 
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to reflect the frequency location of this oscillator. This assumption is often violated, 

however, as multiple peaks are frequently identified in the Alpha range (e.g., Chiang et 

al., 2011). The presence of multiple peaks fits better with the hypothesis that the alpha 

rhythm is comprised of multiple, overlapping oscillators (Klimesch et al., 1997). 

Statistical analysis of resting state data has identified multiple oscillators in the Alpha 

range (Barry et al., 2020) and relationships between the alpha rhythm and behavior are 

often frequency dependent (Fink et al., 2011; Lobier et al., 2011; Albu & Meagher, 2016; 

Benwell et al., 2019); a phenomenon not easily reconciled with a single Alpha oscillator.  

In the current work, several lines of evidence fit with the hypothesis that at least two 

Alpha oscillators contribute to human pain (Egsgaard et al., 2009). First, The alpha 

rhythm’s relationship to pain sensitivity is frequency dependent. Power in the “slow” 8-

10 Hz range is associated with pain sensitivity while power in the “fast” 10-12 Hz range 

associated with pain tolerance. Second, power changes induced by prolonged pain are 

restricted to the fast range of the Alpha spectrum. In light of the observed, coincident 

PAF slowing, this non-zero power change is only compatible with the presence of 

multiple oscillators (Figures 21 & 23).  

Whether the alpha rhythm is comprised of a single or multiple oscillators has significant 

impacts on both how PAF should be viewed and how it might be best modulated. In the 

case of a single oscillator, PAF reflects an actual property of the alpha rhythm that is 

itself manipulated in order to shift the oscillator in frequency space. In the latter case of 

multiple oscillators, PAF is a descriptor of how power is balanced across multiple 

oscillators that can only be changed by modulating the power of each independent 

oscillator. For example, PAF could be slowed by either increasing the power of a slow 
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oscillator or decreasing the power of a fast oscillator. From a practical standpoint, 

determining whether frequency shifting or power modulation of specific frequency 

ranges is an effective strategy for altering pain sensitivity is an important next step for 

developing clinically relevant PAF therapeutics.  

Multiple oscillators also present challenges for where modulation of PAF should be 

targeted. EEG-fMRI studies of the alpha Rhythm have traditionally used metrics such as 

total or average alpha power to determine its localization. These studies have revealed 

widespread relationships between Alpha power and blood oxygenation measures of brain 

activity, with the most consistent findings being positive associations in the thalamus and 

negative associations in several sensory cortices (Goldman et al., 2002; Moosmann et al., 

2003; Laufs et al., 2003; Ritter et al., 2009). Investigation of specific ranges of the alpha 

rhythm have, however, revealed a more nuanced relationship between the two with one 

study identifying an association between the Frontoparietal Network and activity in the 

fast Alpha range (Sadaghiani et al., 2012). Multiple Alpha oscillators may therefore be 

separated in space (Sokoliuk et al., 2019), which would necessitate differential targeting 

based on which oscillator is to be manipulated.  

Determining the spatial location of the putative fast and slow oscillators identified in the 

current work thus becomes an important step to realizing PAF modulation. In principle, 

this can be accomplished by separately regressing timeseries for fast and slow Alpha 

power against fMRI measures of brain activity. Less straightforward, however, is the 

actual calculation of these power time series. In scalp-recorded EEG, fast and slow 

oscillators linearly summate thereby making it difficult to accurately assign power in a 
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standard power spectrum. One method to overcome this limitation is modelling of  

spectral oscillators with Gaussian probability density functions (Donoghue et al., 2020). 

Preliminary attempts to model multiple oscillators have proved successful in identifying 

fast and slow oscillators in EEG data from the current studies (Figure 25). Further 

refinement of these approaches will open the door to identifying the neural identity of 

these fast and slow oscillators. 

E. Conclusions 

Pain sensitivity is the best clinical predictor of chronic pain risk but can only be measured 

once pain is present. The current findings present strong evidence that PAF recorded in 

the absence of pain can be used to reliably predict pain sensitivity to a future pain event. 

Furthermore, they demonstrate that prolonged pain slows PAF by reducing power in the 

10-12 Hz frequency range. Based on these results, PAF holds strong clinical potential as 

Figure 25. Alpha activity from resting state EEG spectra can be modelled as a single (left 

panel) or double oscillator phenomenon (right panel). The double oscillator model 

provides a significantly better fit of the data and the underlying slow (~9.5 Hz) and fast 

(10.5 Hz) oscillators are presented in the red and blue dashed lines, respectively. 
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a tool for identifying individuals at high risk for developing pain and separately 

identifying those already suffering from prolonged pain. Modulation of PAF offers long-

term promise as a novel therapeutic for treating and preventing chronic pain, but further 

studies are needed to determine which spectral elements of the alpha rhythm should be 

manipulated and where in the brain these interventions should be targeted.          
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