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Oscillatory neural activity involves widespread neural ensembles in the central nervous 

system, and the oscillation in each frequency band is associated with specific functions, and can 

be used to trace the flow of information in the brain.  Moreover, they are usually found as 

objective indices of cognitive dysfunction in the clinical conditions. By analyzing the 

multimodality imaging in animals and humans, we addressed the mechanisms and the functional 

roles of synchronized ongoing oscillatory activity in processes such as anticipatory attention and 

task control, and used the oscillatory activity to investigate the neuronal processes underlying 

pain.  

First, by analyzing local field potentials and multiunit activities from the inferotemporal 

cortex of macaque monkeys during an intermodal selective attention task, we found an attention 

enhancement on ongoing alpha power and multiunit activities, and also found a positive 

relationship between ongoing alpha activity and subsequent visual stimulus processing.  The 

functional role of alpha oscillation is suggested as maintaining stimulus template in the 

inferotemporal cortex. Second, we looked for a neuronal signature for the throbbing percept, a 

quality associates with many severe pain conditions. By combining the psychophysical recording 

and the EEG recording, we rejected the conventional vascular origin theory, and proposed that 



 

13 

the rhythmic throbbing percept does not originate from the peripheral sensory input but instead 

has a representation in the central neuronal system. Third, by applying a new measurement to 

assess the functional connectivity on BOLD signals, we expounded temporal relationship 

between cortical areas that was ignored by the conventional measurements, and showed that the 

new measurement advances the identification of functional networks.  Fourth, our EEG-fMRI 

study revealed the positive correlation between the activity of introspective mental processing 

network and the visual alpha power under resting state, while prior studies failed to report the 

relationship between the two variables. Our result indicates that visual input influences the 

coupling.  
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CHAPTER 1 

BACKGROUND 

Neuronal networks in the human and animal cortex display oscillatory activity in several 

frequency bands from approximately 0.02 Hz to 500 Hz.  Biophysical studies revealed that even 

single neurons are endowed with complex dynamics, possessing intrinsic abilities to resonate and 

oscillate at multiple frequencies. The pattern of neuronal oscillation was related to various 

cognitive states such as memory, attention and even consciousness. Hence, the synchronous 

activity of oscillating network is viewed as the “middle ground” linking single-neuron activity to 

behavior.  Furthermore, neurological and psychiatric disorders are often accompanied by 

abnormal oscillations. Thus, the study of neuronal oscillations carries both basic and translational 

significance. 

The electrophysiology activity of neuronal ensembles as measured by invasive electrodes 

or by non-invasive EEG or MEG, exhibits a broad range of oscillatory activity. The fluctuation 

of field potential was divided into several frequency bands, delta (1-3 Hz), theta (4-9 Hz), alpha 

(8-12 Hz), beta (13-25 Hz) and gamma (25-90 Hz). These oscillatory neural activities were 

observed both in humans and animals, and different frequency oscillations exhibit distinct task 

related modulation in their strength and synchrony. Oscillations in theta and alpha range have 

been long shown to reflect memory processes (Kahana et al., 1999; Klimesch, 1999; Weiss and 

Rappelsberger, 2000; Raghavachari et al., 2001; Jensen and Tesche, 2002; Vertes, 2005; 

Anderson et al, 2010). Alpha oscillations have been associated with alertness, arousal and 

attentional demands (Ray and Cole, 1985; LaBerge, 1997; Foxe et al., 1998; Bastiaansen and 

Brunia, 2001; Babiloni et al., 2006; Kelly et al., 2006; Thut et al., 2006; Klimesch et al., 2007, 

Rajagovindan and Ding 2011). The beta rhythm has been shown to be reduced in strength 

preceding movement and subsequently increase in strength after the movement is complete 
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(Pfurtscheller and da Silva, 1999; Zhang and Ding 2010). The gamma range oscillations are 

often found in early sensory areas and have been suggested to be involved in the binding of 

sensory information (Miltner et al., 1999; von Stein and Sarnthein, 2000; Herrmann et al., 2004; 

Palva et al., 2005; Womelsdorf et al., 2006; Doesburg et al., 2008). In particular, the neuronal 

oscillatory activity is considered the substrate for communication between functionally relevant 

cortical areas (Roelfsema et al., 1997; Miltner et al., 1999; Fries, 2005; Zanto et al., 2011; 

Anderson et al., 2010) 

Recently, low-frequency oscillations observed in fMRI approaches and scalp EEG 

recordings have gained increased attention (Demanuele et al., 2007; Fox and Raichle, 2007; Zuo 

et al, 2010). Using these modalities, researchers consistently identified coherent spontaneous 

low-frequency fluctuations in the 0.01–0.1 Hz range during both resting and active-task 

conditions, which were considered as reflecting cyclic modulation of corresponding cortical 

excitability and long distance neuronal synchronization. Though lacking of strong experiment 

constraint, resting state fMRI was shown to generate robust results across datasets (Biswal et al, 

2010). As one of the prominent results, assessing the temporal correlation between the resting 

state BOLD signals revealed “intrinsic networks”, which coincide with functionally related areas 

(Biswal, 1996; Fox et al,. 2006; Wen et al., 2012). What’s more, the task-free intrinsic 

connectivity network was able to predict task performance (Seeley et al., 2007). 

Despite their relation to distinct cognitive conditions, the neuronal oscillations in different 

bands were found organized in a hierarchical way. Power of oscillation in high frequency band is 

modulated by the phase of the low frequency band, which appeared as the cyclical variations in 

the neuronal excitability (Lakatos et al., 2005). The impact of the ongoing brain state at the onset 

of an external stimulus on the effectiveness of the ensuing stimulus processing was shown since 
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the study of Arieli et al., (1996). In-vitro and in-vivo single unit recordings in addition to the 

computational modeling have explored mechanisms by which background synaptic activity can 

influence the responsiveness of cortical neurons to afferent input (Ho and Destexhe, 2000; 

Chance et al., 2002; McCormick et al., 2003; Wolfart et al., 2005; Haider et al., 2007). Similar 

effect was found in MRI study; the ongoing BOLD level preceding the stimuli showed 

significant impact on the subsequent event response (Fox et al., 2006). Contrary to some 

randomness assumptions, the trial-to-trial variability of stimulus response shows a temporal 

dynamic that oscillates in a low frequency (<0.1Hz, Kam et al., 2009), while the band limited 

power of ongoing oscillation in visual cortex displayed fluctuation in the same frequency range 

(Leopold et al., 2003).  Hence, investigating the relationship between different frequency bands 

would improve our understanding of task performance variability. 

The recent resurgence of interest in understanding the association between oscillatory 

activities under different temporal scales is owed to the development in multi-modal recording 

techniques. On the one hand, the efforts were made in understanding the neurophysiological 

basis of intrinsic activity (Tsodyks 1999, Arieli 1996). On the other hand, the limited spatial 

resolution in EEG/MEG required a complementary measurement in localizing the neuronal 

activity. An important clue that low-frequency BOLD coherence and neuronal activity may be 

related was the discovery that low-frequency fluctuations of the band-limited power of local field 

potential, recorded from cortical electrodes in the awake monkey, fluctuates approximately at the 

same frequency as the BOLD signal (Leopold 2003). Moreover, several studies in humans have 

reported significant correlations between alpha (Goldman 2002, Moosmann 2003, Laufs 2003a; 

Laufs 2006, Feige 2005) and beta (Laufs 2003b) power in the EEG, and simultaneously recorded 

BOLD signal fluctuations with different brain networks during rest. Yet, the significance of the 
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association depends on the experimental circumstance, and no biophysical model has been 

proposed to explain the previous observations consistently (Kilner et al., 2005). 

In this dissertation, the characterization and functional significance of oscillations observed 

under different measuring scales and different experimental preparations is under investigation. 

First, local field potential and multiunit activity recorded from monkeys, scalp EEG and fMRI 

recorded from young students were analyzed separately, and then, simultaneous EEG-fMRI 

technique was used to link the activity under different temporal scales. 

Aim 1: To identify how attention modulates ongoing alpha oscillations and how this 

internal modulation in advance of sensory stimulation improves signal processing in the high 

order visual region. It is well known from early studies that responses to stimuli at attended 

locations and attended sensory modalities are enhanced relative to unattended stimuli. It has also 

been shown in recent years that attention modulates baseline ongoing brain activity in advance of 

sensory input (Kastner et al., 1999; Dehaene and Changeux, 2005; Bestmann et al., 2007; Raj 

Rajagovindan & Ding, 2011; Anderson and Ding 2011). However, the mechanisms linking the 

pre- and post- stimulus attentional effects remain not well understood. An emerging consensus 

(Ray and Cole, 1985; Cooper et al., 2003, 2006) is that when a subject attends to external events, 

alpha power in scalp EEG decreases with attention (Worden et al., 2000; Sauseng et al., 2005; 

Rajagovindan & Ding, 2011; Anderson and Ding 2011). In contrast, when attention is directed 

internally, such as during visual imagery and retention of working memory, alpha power 

increases with attention (Bastiaansen et al., 2002; Jensen et al., 2002; Raghavachari et al., 2006) . 

Through the analysis of the data recorded from monkeys selectively attending the auditory 

or visual stimulation, we expound the relationship between the magnitude of ongoing activity 

and the stimulus evoked response, and show that the relationship depends on the functional role 
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of the recorded regions.  According to the earlier finding, primary alpha activity generators are 

located in the deep layers in V2 and V4, whereas in IT, such generators are located in the 

superficial layers (Bollimunta et al., 2008). This difference in laminar organization is 

hypothesized to be linked to the difference in function alpha might support. In particular, in V2 

and V4, faster reaction time (RT) to auditory stimulus detection, considered an index of 

increased auditory attentiveness at the expense of lower visual attention, is associated with 

increased visual alpha power. In IT, however, faster auditory RT is associated with decreased 

alpha power, suggesting that visual attention increases alpha power in IT. In this study, we 

showed the relationship between the single trial response and its pre-stimuli oscillation depends 

on the function role of alpha in the particular region. 

Aim 2: To identify the central representation of the throbbing percept associated with 

chronic pain. The subjective qualities of a patient’s pain are essential, at times life-saving, 

features of the diagnostic evaluation.  These clinically relevant pain qualities, or percepts, such 

as throbbing, crushing, lancinating, or aching pain, are critical details of the evaluation because 

they suggest invaluable, even pathognomonic, clues to the underlying disorder.  Our present 

knowledge of these relationships holds that a family of receptors transduce touch, heat, cold, and 

chemical irritants into the activation of modality-specific sensory neurons, securing the 

fundamental basis for primary percepts (Basbaum, 2009).  In turn, these sensory neurons engage 

pain-related circuits within the spinal cord and brain (Braz, 2005).  However, there remains a 

substantial gap in knowledge between these “bottom up” molecular events (Ma, 2010) and the 

“top down” picture of how the brain represents experimental pain (Hashmi, 2008), and little 

knowledge of how this activity is related to clinically relevant pain qualities (Backonja, 2004).   
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Given the rhythmic nature of throbbing we wish to examine whether neuronal oscillation 

can serve as a neural signature of throbbing pulsatile pain, a clinically relevant pain quality 

associated with severe, disabling pain, and whose presence has well-established diagnostic, 

therapeutic, and prognostic significance.  To accomplish this goal we combined a psychophysical 

approach with high-density scalp EEG recordings to characterize the cortical rhythms associated 

with this clinically relevant pain quality.  We show that a modulation of the alpha rhythm (8-12 

Hz) power correlates with throbbing percepts.  

Aim 3: To examine whether total interdependence as a statistical connectivity measure 

would advance our understanding of resting state oscillatory functional networks. Resting-state 

fMRI has become a powerful tool for studying network mechanisms of normal brain functioning 

and its impairments by neurological and psychiatric disorders. The most common way to 

construct a connectivity map is based on the zero-lag correlation. Analytically, independent 

component analysis and seed-based cross correlation are the main methods for assessing the 

connectivity of resting-state fMRI time series. A feature common to both methods is that they 

exploit the covariation structures of contemporaneously (zero-lag) measured data but ignore 

temporal relations that extend beyond the zero-lag. To examine whether data covariations across 

different lags can contribute to our understanding of functional brain networks, a measure that 

can uncover the overall temporal relationship between two resting-state BOLD signals is needed. 

 In this dissertation we propose such a measurement referred to as total interdependence 

(TI). Comparing TI with zero-lag cross correlation (CC) we report three results. First, when 

combined with a random permutation procedure, TI can reveal the amount of temporal 

relationship between two resting-state BOLD time series that is not captured by CC. Second, 

comparing resting-state data with task-state data recorded in the same scanning session, we 
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demonstrate that the resting-state functional networks constructed with TI match more precisely 

the networks activated by the task. Third, TI is shown to be more statistically sensitive than CC 

and provides better feature vectors for network clustering analysis.   

Aim 4: To identify the association between slow BOLD fluctuations and the amplitude 

modulation of the posterior alpha oscillation. It was suggested in 1932 (Bishop,1932) that 

cortical responsiveness fluctuate in a cyclic way, little is yet known about the neuronal basis and 

anatomical substrate of this temporal dynamic. Both fast and slow oscillation was found 

correlated to the behavior score. Lower score is associated with momentary attention lapse, 

during which the introspective process overcomes the extrospective process. This introspective 

process is thought to be mediated by the default mode network, which is comprised of regions as 

mPFC, PCC, bilateral IPL, and is anti-correlated with the task-positive network under either 

resting state or task state. Also, the attention lapse is accompanied by lower activation in visual 

area (Mason et al. 2007; Christoff et al. 2009; Gilbert et al. 2007; Weissman et al. 2006).  The 

insufficient inhibition in DMN was shown to predict longer RT and higher error rate in detecting 

the upcoming target (Hayden et al. 2009; Jerbi et al. 2010). It is generally agreed that a critical 

functional role of ongoing alpha power is inhibiting the unattended sensory input and protecting 

internal information (S. Palva & J. M. Palva 2007; P Sauseng et al. 2005; Cooper et al. 2003). 

The moment-to-moment introspective judgment of attentional state, in which higher rating stands 

for better task engagement, is negatively correlated with the temporal dynamic of posterior alpha 

power (Macdonald et al. 2011). Therefore, expounding the relationship between the two 

neuronal indices will advance our understanding of the mechanism underlying involuntary 

attention lapse. 

http://www.jneurosci.org/content/31/10/3813.full#ref-8
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So far, no evidence suggests there is synchrony between the posterior alpha power and 

DMN activation. Based on the resting state studies with fMRI, the intrinsic connectivity map of 

the DMN is not disturbed under different resting-state conditions. Yet, the synchrony strength is 

enhanced within the network by eye-opening, and at the same time, stronger anticorrelation 

between the DMN and task positive network was observed (Yan et al. 2009). Both studies 

implied that DMN could be involved in activating mechanisms to repel external interruption 

under eye-open condition. In this dissertation, the relationship between the posterior alpha power 

and DMN was examined under both eyes-closed and eyes-open condition. Our result shows that 

the posterior alpha power and the activity of DMN are correlated only during the eyes-open 

condition, providing a view that, when the brain turns from an extrospective mode to an 

introspectively oriented mode (default mode), the posterior alpha increases to block out visual 

inference. 
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CHAPTER 2 

GENERAL METHODS 

The primary goals of this dissertation involve the investigation of spontaneously oscillating 

activities over a wide range frequency and under different imaging modality. Their functional 

role is examined by associating them with stimulus evoked responses and hence cognitive 

performance. The oscillatory nature of the signal necessitates the need for a spectral domain 

approach to study this problem. There is consensus that complex cognitive processes involve 

complex interaction between disparate regions of the brain. Synchrony (functional connectivity) 

analysis has emerged as a principled approach of identifying and quantifying inter-areal 

interaction and inferring causal influence among distributed networks. The spectrum and 

connectivity analysis were performed selectively with either parametric or nonparametric 

estimation method. 

2.1 Parametric Multivariate Spectral Estimation 

Multivariate autoregressive (MVAR) modeling is a parametric spectral analysis method in 

which time series models are extracted from datasets having either one long realization or a 

number of shorter realizations. In the latter case, the fundamental assumption of this algorithm is 

that the short-window time series can be treated as realizations of an underlying stationary 

stochastic process. As cognitive information processing involves transient changes in neural 

activity, MVAR can be used to investigate time series in short window size (<100 ms). The 

following is the procedure of MVAR proposed by Ding et al. (2000).  

Let ( ) [ (1, ), (2, ), , ( , )]TX t X t X t X m t  be an m-dimensional jointly stationary random 

process. T denotes matrix transposition. In the case of neural recordings, m refers to the total 

number of recording channels to be analyzed. Assuming ( )X t is a zero mean stationary process, 

( )X t  can be modeled by the following p
th

 order autoregressive equations:  
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( ) (1) ( 1) (2) ( 2) ( ) ( ) ( )X t A X t A X t A p X t p E t         (2-1) 

where p is the model order, and ( )A i  are the unknown m m  coefficient matrices and ( )E t  is 

the uncorrelated noise term with covariance matrix  . Multiplying ( )TX t k  to Eq. 2-1 and 

taking expectation on both sides we arrive at the Yule-Walker equations.  

( ) (1) ( 1) ( ) ( ) 0R k A R k A p R k p          (2-2) 

where ( )R j  is covariance matrices of ( ) ( )TX t X t j  with lag j. Also note that 

( ) ( ) 0TE t X t k   , since ( )E t is an uncorrelated noise process. The unbiased estimator of the 

covariance matrix in Eq. 2-2 for a single realization of the X process is given by 

1

1
( ) ( ) ( )

N n
T

i

R n x i x i n
N n





 

  

In the case of multiple realizations of the process, as is usually the case, the covariance 

matrix is computed for each individual realization and then averaged across all the realizations to 

obtain the most robust estimate. In the case of short window of data, i.e. short sample length 

where N is small, it is apparent that the estimation from a single realization is poor. However, 

with increasing number of realizations this problem can be offset for short sample length time 

series. In the limiting case with number of realizations approaching infinity, the sample length of 

each realization may be as short as the model order plus one (N = p+1). 

Coefficient matrices ( )A i  and covariance matrix   of noise term ( )E t  is obtained by 

solving Eq. 2-2 through the Levinson, Wiggins and Robinson (LWR) algorithm. The noise 

covariance matrix  is obtained as part of the LWR algorithm. One may also obtain   as  

1

(0) ( ) ( )
p

i

R A i R i
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It is instructive to note that the Eq. 2-2 contain a total of pm
2
 unknown model coefficients to be 

estimated from the same number of simultaneous linear equations. 

Although the primary objective is to fit the best model to the data, which is to minimize the 

residual noise variance, this constraint alone may result in over-parameterization. The reason for 

this is because the variance of the residual term decreases monotonically with incorporating 

more and more past values of the process. Over-parameterization leads to inaccuracies in the 

estimation of the model coefficient besides the obvious increase in the computational 

complexity. Thus a penalization scheme to avoid over-parameterization is employed. Criterions 

that incorporate both minimization of the variance of the residual term and penalize excessive 

coefficients are the Akiake Information Criterion (AIC) and Bayesian Information Criterion 

(BIC) among several other similar criterions. The AIC is defined as  
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( ) 2log det( )
total

m p
AIC p

N
     

where Ntotal is the total number of data points from all the trials. The first term on the right hand 

side accounts for the variance minimization and the second term correspond to the cost 

associated with increasing parameters. Plotted as a function of p, the optimum model order 

corresponds to the minimum of this function. For typical neurobiological data Ntotal is very large 

and hence for practical ranges of p, the AIC function does not achieve a minimum due to 

inadequate penalization as the second term vanishes with large values of Ntotal. An alternative 

criterion is the Bayesian Information Criterion (BIC), which is defined as 
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( ) 2log det( ) total

total

m p N
BIC p

N
     

This criterion can compensate for the large number of data points and may perform better in 

neuroscientific applications. A final step and critical step necessary for determining whether the 
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autoregressive time series model is suited for a given data set, is to check whether the residual 

term is white. Here the residual term is obtained by computing the difference between the 

model’s predicted values and the actually measured values.  

Once an autoregressive model is adequately estimated, it becomes the basis for both time 

domain and spectral domain causality analysis. Spectral features are derived from MVAR 

models after acquiring ( )A i  and   estimates. Taking the Fourier transform, Eq. 2-1 can be 

rewritten in the spectral domain as 

( ) ( ) ( )A f X f E f , 

Defining 

1

2

0

( ) ( )
m

ij f

i

H f A i e 







 
  
 
 , then    ( ) ( ) ( )X f H f E f  

where ( )H f  is the transfer function. The spectral matrix can be readily derived from  

* *1
( ) lim [ ( ) ( )] ( ) ( )

N
S f E X f X f H f H f

N
    

where * means both transpose and complex conjugate.  

Spectral power is contained in the diagonal terms of the spectral matrix and the off-

diagonal terms represent the cross spectra. Coherence spectra between two random process 

( , )X i t  and ( , )X j t  is defined as: 

2

( )
( )

( ) ( )

ij

ij

ii jj

S f
C f

S f S f
   

If the coherence value is equal to 1 or 0, the two processes are maximally interdependent or 

independent, respectively.  

Once the transfer function, the noise covariance and the spectral matrix are estimated, 

Granger causality may be derived according to the procedures outlined in the following sections. 
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2.2 Multitaper Spectral Estimation 

Multitaper spectral estimation (Thomson, 1982) refers to a set of nonparametric methods 

for estimating power spectra, coherences and related spectral quantities using an orthogonal set 

of data tapers, in specific, the discrete prolate spheroidal a.k.a Slepian sequences and their 

approximate minimum bias sine tapers. 

Before proceeding to the mathematical formulation of the multitaper spectra estimation 

techniques it is worth noting the several favorable properties that motivated the use of this 

approach from among several other available estimation techniques. The problem of optimum 

spectral estimation is confronted with several key issues including that of minimizing the (a) bias 

of the estimators (b) variance of the estimators and (c) the spectral leakage among several other 

considerations. For further details on each of these considerations the readers may refer to 

(Lfeachor and Jarvis; Thomson, 1982; Mitra and Pesaran, 1999; Mitra and Bokil, 2007). For 

example consider one of the conventional nonparametric spectral analysis techniques, the 

Welch’s method. In order to reduce the variance in the estimation, the approach involves 

splitting the data into overlapping segments followed by the estimation of the power or the cross 

spectrum for each segment and then averaging over all the segments. For data of short length, 

such approaches suffer from severe bias in the estimation. In comparison, the multitaper 

approach does not suffer from these limitations. Both reduction in bias and variance of the 

estimation is achieved since averaging the spectral estimates over different tapers enable 

reduction in the variance and since each taper is applied to the entire data instead of short 

segments of the data as in Welch’s method the resulting bias in the estimation is smaller in 

comparison. Further the choice of the orthonormal Slepian tapers enables maximum sidelobe 

suppression hence offering the least spectral leakage in comparison to all other spectral 

estimation techniques. Thus multitaper approach offers the optimum spectral estimation in the 
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face of short sample length data or short sample length and limited realizations of data as often 

encountered in neuroscientific applications as is the case in this study. It is apparent from the 

aims set out to be addressed that it is crucial to be able to achieve single-trial estimation of the 

spectra. In light of this crucial requirement, this study utilizes the full advantage of this technique 

to enable single-trial estimation of spectral features during short prestimulus time periods which 

otherwise would not have been possible to estimate with sufficient accuracy using either the 

parametric framework based on autoregressive models presented earlier or through other 

common non parametric approaches.  

A brief exposition of the mathematical formulation of the multitaper spectral estimation 

technique for univariate case is as follows. The extension to multivariate case is straightforward. 

Consider time series x(t) (t = 1,2…N) a zero mean second order stationary random process and 

let w ( )k t  denote the k
th

 Slepian taper (window sequence) and k = 1,2…K. 

Step 1: Let us define the time-bandwidth product given by C = NW, where N is the sample 

length and W the desired spectral bandwidth. If C is too small, the estimate will be unstable and 

may not have sufficient dynamic range and if C is too large, the estimate may not have adequate 

frequency resolution. For a given choice of C there are K = 2C data taper sequences. Since the 

energy concentration of higher order tapers is poorer than the low order tapers, in practice it is 

common to choose K = 2C-1 or K = 2C-2. 

Step 2: The Slepian tapers having the maximum energy concentration in the bandwidth W 

is determined by solving the following eigenvalue problem 

1

0

sin[2 ( )]
( ) ( )
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N
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  ,    for t = 1, 2…N.  
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Step 3: The eigen coefficients of this problem reduces to the Fourier transform of the data 

sequence multiplied by the tapers (similar to periodogram). The windowed Fourier transform of 

the data x(t) is given by 

-1
-

0

 ( ) ( ) ( )
N

j t

k k k

t

X x t w t e  


   

Step 4: The spectrum then estimated as the average of the spectra obtained through each 

taper is given by 

1
*

0

1
( ) ( ) ( )

K

k k

k

S X X
K

  




   

In the case of multiple realizations, the above estimate is further averaged across all 

realizations. For further treatment of this topic refer (Thomson, 1982; Thomson, 2007). 
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CHAPTER 3 

ATTENTIONAL MODULATION OF ALPHA OSCILLATIONS IN MACAQUE 

INFEROTEMPORAL CORTEX 

3.1 Introduction 

Stimulus-evoked neural responses and their attentional modulation have been extensively 

studied (Gazzaniga et al. 2009). Whether and how attention modulates ongoing brain activity 

when it is deployed in advance of sensory stimulation has also attracted increased research 

interest (Kastner et al. 1999; Driver & Frith 2000; Pasternak & Greenlee 2005; Procyk & 

Goldman-Rakic 2006; Fuster 2008). This internally generated expectancy state improves 

behavioral performance by shortening reaction time and reducing the number of errors and is 

thought to be implemented by top-down control mechanisms (Knight et al. 1999; Hopfinger et al. 

2000; Miller & Cohen 2000; Engel et al. 2001; LaBerge 2005; Buschman & Miller 2008; Rossi 

et al. 2007; Fuster 2008; Gregoriou  et al. 2009).  

In humans the relationship between field oscillations in the 8 to 12 Hz range, known as 

alpha oscillations, and attention has been the subject of extensive investigation (Pfurtscheller et 

al. 1997; Shaw 2003). An emerging consensus (Ray & Cole 1985; Cooper et al. 2003; 2006) is 

that when a subject attends to external events, alpha power in scalp EEG decreases with attention 

(Worden et al. 2000; Sauseng et al. 2005; Rangarajan & Ding 2010). In contrast, when attention 

is directed internally, such as during visual imagery and retention of working memory, alpha 

power increases with attention (Bastiaansen et al. 2002; Jensen et al. 2002; Raghavachari et al. 

2006). Physiologically, whereas the decreased alpha power with external attention is thought to 

reflect increased excitability over sensory cortices to enhance stimulus processing (Jones et al., 

2000; Thut et al., 2006; Klimesch et al., 2007; Romei et al., 2008; Rangarajan & Ding 2010), the 

significance of increased alpha power with internal attention remains debated. According to the 

alpha inhibition hypothesis (Jensen et al. 2002; Klimesch et al., 2007), the increased alpha power 
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reflects decreased excitability over sensory cortices, which in turn serves as a mechanism to 

protect the information maintained in working memory from external interference. On the other 

hand, the alpha representation hypothesis (Palva & Palva 2007) posits a direct role of alpha 

oscillations in representing the information maintained in working memory. Although recent 

studies lend support to the alpha inhibition hypothesis (van Dijk et al. 2010), the possibility that 

certain higher-order brain areas may utilize increased alpha oscillations to represent task-relevant 

information cannot be ruled out. The main reason is that noninvasive measures such as 

EEG/MEG have limited spatial resolution and lacks access to neuronal firing properties. 

We have recently investigated spontaneous ongoing cortical alpha oscillations in behaving 

macaque monkeys. Our results showed that the laminar profile of the alpha generating 

mechanism in the inferotemporal (IT) cortex is different from that in V4 and V2 (Bollimunta et 

al. 2008). A natural question is whether this “structural” difference in alpha organization 

between higher-order versus lower-order visual areas can give rise to the difference in function 

supported by alpha oscillations. This study examined this issue at the level of IT by analyzing 

laminar profiles of local field potentials (LFPs) and multiunit activity (MUA) from two macaque 

monkeys performing an intermodal selective attention task, in which they received bimodal 

stimulation, but alternated attention between trial blocks to either visual or auditory stimuli.  

3.2 Materials and Methods  

3.2.1 Experiment Paradigm 

Two male macaque monkeys, B and V, were trained to perform an intermodal selective 

attention task (Mehta et al. 2000a; 2000b; Lakatos et al. 2008). In this task (Figure 3-1A), 

interdigitated auditory and visual stimuli (beeps and flashes) were delivered with random 

stimulus onset asynchronies varying between 500 and 800 ms (Gaussian distribution), with a 

mean of 650 ms within each stream. Flashes were presented on a diffusing screen subtending 20 
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retinal degrees, at 1 meter in front of the monkey. To begin a trial block, the monkey had to 

depress a hand switch and fixate within a central 10 degree window centered on the visual 

stimulator. In alternating trial blocks, the monkey had to attend to either the visual, or the 

auditory stimulus stream, and make a manual response to an infrequently presented “oddball” 

stimulus (14% of trials) in the attended modality. Task difficulty, defined in terms of percent 

correct rate, was kept approximately the same between modalities to control the effects of 

arousal. 

Data acquisition: Monkeys were surgically prepared for chronic awake recording as 

described before (Mehta et al. 2000a and 2000b). Briefly, the tissue overlying the calvarium was 

resected, and appropriate portions of the cranium were removed. The neocortex and overlying 

dura were left intact. Recording chambers incorporating parallel guide tube grids (Crist 

Instrument) were positioned normal to the brain surface for orthogonal penetration of 

foveal/parafoveal regions of IT cortex lying on the lower bank of the superior temporal sulcus. 

Implantation was guided by stereotaxic transformation of magnetic resonance imaging data, 

which delineated the cortical gyral pattern. Laminar profiles of local field potential (LFP) and 

multiunit activity (MUA) were sampled at 2k Hz using a linear array multielectrode with 14 

equally spaced recording contacts (channels) schematically illustrated in Figure 3-1B (left). In 

each subject multiple penetrations were made in different visual cortical areas. Here, the data 

from a total of 9 penetrations from the inferotemporal cortex where the percent correct rates were 

all greater than 97% were analyzed, 6 in monkey B and 3 in monkey V.  

3.2.2 Data Analysis  

3.2.2.1 Preprocessing 

Continuous LFP data were bandpass filtered between 3-100Hz and downsampled to 200 

Hz. Both LFP and MUA data were epoched from -200 to 400 ms with 0 ms denoting the onset of 
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visual standard stimulus. For each penetration, following the rejection of trials with incorrect 

responses and trials with excessively large LFP and MUA magnitude, the number of trials 

available for analysis was roughly the same for the attend-visual and the ignore-visual (attend-

auditory) conditions. Specifically, combining all nine penetrations, there are a total of 9762 

attend-visual trials and 9846 ignore-visual trials.  

3.2.2.2 Analysis of prestimulus ongoing activity 

 The prestimulus time period is defined to be -200 ms to 0 ms during which the monkey 

sustained attention to a given modality (Figure 3-1A). For a given channel and a given 

experimental condition, the trials of LFP data during the prestimulus time period were treated as 

realizations of a underlying stationary stochastic process and subjected to parametric 

autoregressive data modeling, where the model order was chosen to be 12 according to the 

Akaike Information Criterion (Ding et al. 2000). From the model coefficients the power 

spectrum was derived and the alpha band power was obtained by integrating the power spectrum 

from 8 to 12 Hz. Because the magnitude of alpha power varied significantly from channel to 

channel, to minimize the effect of this variability on population averaging, a normalization 

procedure was implemented in which the alpha power for a given condition is divided by the 

sum of the alpha power from both attention conditions. From the normalized alpha power of each 

recording channel, two types of averages were carried out: (1) across all penetrations to produce 

overall alpha power and (2) across channels in given layers to produce layer-specific alpha 

power. The MUA data from each trial were first averaged between -200 ms and 0 ms and then 

over all the trials in a given condition. The resulting quantity was subjected to the same analysis 

as that of alpha power. The statistical significance between conditions was assessed by a paired t-

test. 
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3.2.2.3 From ongoing activity to evoked response 

To investigate the impact of prestimulus alpha power on stimulus processing, a single-trial 

sorting and grouping procedure was used for the attend-visual condition. Step 1: For a given 

recording channel, LFP power in the alpha band during the prestimulus time period was 

estimated on a trial by trial basis by the multitaper method (Thomson 1982; Mitra and Pesaran 

1999). Step 2: The alpha power was log-transformed to yield an approximately normally 

distributed variable and converted into a z-score. Step 3: The trials were rank-ordered according 

to prestimulus alpha power z-score and sorted in an ascending fashion into 50 nonoverlapping 

groups of equal size. Step 4: For each group, the efficacy of stimulus processing was assessed by 

two quantities: (a) power of stimulus-evoked LFP gamma oscillation (25 Hz to 50 Hz) and (b) 

magnitude of stimulus-evoked MUA, both during the time period of 50 ms to 150 ms. Each 

quantity, after log-transformation and z-scoring, was plotted as a function of the group mean 

alpha power z-score, from which a correlation coefficient was computed. Step 5: The above steps 

1-4 were repeated for all recording channels across all 9 penetrations. The correlation 

coefficients were Fisher-transformed and tested for statistical significance. Step 6: The 

correlation coefficient between stimulus-evoked MUA magnitude and stimulus-evoked gamma 

power was also computed, Fisher-transformed, and tested for statistical significance.  

3.3 Results 

The percent correct rates for the attend-visual and ignore-visual conditions are 99.0% ± 

0.31% and 98.3% ± 0.28%, respectively. LFP oscillations in the alpha band (8 to 12 Hz) were 

observed in all 9 penetrations during the prestimulus time period (-200 to 0 ms). An example is 

shown in Figure 3-1B (middle). Figure 3-2A is the power spectra from a representative channel 

where alpha peaks are readily identifiable and alpha power is higher for attend-visual than for 

ignore-visual conditions. Across nine penetrations, the average alpha peak frequency is 8.69 ± 
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0.88 Hz, and the average alpha power is significantly higher with visual attention (p<0.001), as 

seen in Figure 3-2B.  

Bollimunta et al. (2008), analyzing data from a different condition of the same overall 

experiment in which the monkey discriminated auditory stimuli in the absence of visual input, 

found that the main alpha current generator of a source-sink-source configuration is located in 

the superficial layers of IT, and a weaker alpha current generator is located in the deep layers. 

This is illustrated in Figure 3-1B (right) for the attend-visual condition where the current source 

density profile was obtained using the phase realigned averaging technique (Bollimunta et al. 

2008). Granger causality analysis further revealed that the superficial layer generator exerts 

unidirectional causal driving on the deep layer generator. Consistent with this overall picture, 

alpha power in the superficial layers is on average 19% higher for the attend-visual relative to the 

ignore-visual condition, and this contrasts with a 13% attentional increase of alpha power in the 

deep layers. Concomitant with increased alpha power in the LFP profile, MUA in the same 

prestimulus time period was also significantly elevated by visual attention (Figure 3-2C, p<0.05), 

suggesting that there is an attention-induced increase in excitability which is sufficient to cross 

the threshold for generating an increase in action potentials.  

To investigate how prestimulus alpha activity impacted stimulus processing, prestimulus 

alpha power for each trial under the attend-visual condition from a given channel was log-

transformed, z-scored, and sorted in an ascending fashion into 50 nonoverlapping groups. For 

each group, the average stimulus-evoked gamma power and stimulus-evoked MUA activity in 

the period of 50 ms to 150 ms was estimated, z-scored, and plotted as a function of the average 

alpha power z-score for that group. The results for a representative channel are shown in Figures 

3-3A and 3-3B. For both evoked gamma and evoked MUA, a positive correlation is clearly seen, 
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suggesting that the stronger the prestimulus alpha oscillation, the stronger the stimulus-evoked 

activity. Across all recording channels, the average correlation coefficient is r=0.4 for evoked 

gamma and r=0.1 for evoked MUA, both significantly greater than zero at p<0.0001. Figure 3-

3C plots the relation between evoked gamma and evoked MUA. Again a linear correlation is 

seen. Across all recording channels, the average correlation coefficient is r=0.2, which is 

significantly greater than zero at p<0.0001.   

3.4 Discussion 

Despite decades of investigation the physiological genesis and functional significance of 

alpha oscillations (8 to 12 Hz) are still debated (Andersen & Andersson 1968; Shaw 2003; Palva 

& Palva 2007). While data from animal models including rats, cats and dogs have contributed 

much to our understanding of the cellular basis of alpha (Lopes da Silva et al. 1973; Steriade et 

al. 1980; Hughes & Crunelli 2005), relatively little has been done in the behaving monkey, 

perhaps the most widely used animal model in cognitive neuroscience. Analyzing data from 

visual cortex of macaques performing auditory discrimination, we recently reported that in V2 

and V4, primary alpha activity generators are located in the deep layers, whereas in the 

inferotemporal cortex (IT), such generators are located in the superficial layers (Bollimunta et al. 

2008). This difference in laminar organization is hypothesized to be linked to the difference in 

function alpha might support. In particular, in V2 and V4, faster reaction time (RT) to auditory 

stimulus detection, considered an index of increased auditory attentiveness at the expense of 

visual attention, is associated with increased visual alpha power, consistent with the classical 

alpha reactivity in that visual attention reduces alpha power in sensory cortices. In IT, however, 

faster auditory RT is associated with decreased alpha power, suggesting that visual attention 

increases alpha power in IT.  
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In Bollimunta et al. (2008) the level of visual attention is indirectly inferred from the 

magnitude of auditory reaction time. In this study attention to visual and auditory stimuli is each 

explicitly manipulated. Three results are reported. First, prestimulus LFP alpha power is higher 

for the attend-visual condition relative to the ignore-visual (attend-auditory) condition. Second, 

prestimulus multiunit activity (MUA), reflecting the temporal envelope of local neuronal firing, 

is larger for the attend-visual than the ignore-visual condition. Third, on a trial by trial basis, 

stronger prestimulus alpha activity predicts stronger stimulus-evoked response, measured by 

evoked LFP gamma power and MUA magnitude. Taken together, these results suggest that alpha 

oscillations in the inferotemporal cortex are not only organized differently than lower level 

sensory cortices, they may also play a direct role in amplifying the representation of task-

relevant information and facilitating sensory processing, which is in marked contrast to occipital 

alpha where its increase in power is often linked to functional inhibition. 

In humans, when attention is directed externally to the environment (intake tasks), 

increased attention is associated with decreased alpha power (Worden et al. 2000; Sauseng et al. 

2005; Rajagovindan and Ding 2010). In contrast, when attention is directed internally (rejection 

tasks), alpha oscillation increases with an increase in attentional demand (Bastiaansen et al. 

2002; Jensen et al. 2002; Raghavachari et al. 2006). A common physiological interpretation is 

that decreased alpha power reflects increased cortical excitability for enhanced stimulus 

processing, whereas increased alpha power reflects reduced cortical excitability, providing an 

active inhibition mechanism for protecting the task-relevant information maintained in working 

memory from interference (Jones et al., 2000; Worden et al., 2000; Sauseng et al., 2005; Thut et 

al., 2006; Klimesch et al., 2007; Romei et al., 2008; Rangarajan & Ding 2010). Recently, in an 
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alternative explanation for the increase in alpha during internal attention tasks, alpha oscillations 

are given a direct role in representing task-relevant information (Palva and Palva 2007).   

Many attention paradigms involve both a sensory intake component and an internal 

representation component. In the present experiment, monkeys discriminated either visual or 

auditory stimuli, while ignoring all stimuli in the unattended sensory modality. To perform the 

task effectively, the monkey must maintain a template of the stimulus attributes (representation) 

between successive stimulations in the working memory buffer (Knight and Nakada 1998), and 

at the same time direct attention externally to the environment for accurate detection and 

encoding of sensory input (intake). The inferotemporal cortex, as part of the working memory 

network, has been hypothesized as a higher-order area where task-relevant information is being 

maintained (Miller & Desimone, 1997). The observed increase in IT alpha with visual attention 

suggests that it may be part of the mechanism involved in representing such information. The 

concurrent increase of multiunit firing is consistent with this view. In addition, the positive 

correlation between prestimulus alpha power and stimulus-evoked response, particularly the 

gamma response, can be seen as providing further evidence of the alpha representation idea. Past 

work has suggested that stimulus-evoked gamma is a reflection of pattern matching between 

sensory input and working memory content (Herrmann et al. 2004); better representation (higher 

alpha) leads to more effective pattern matching (high gamma). These results, in conjunction with 

the previously reported decrease of alpha power in occipital areas of V2 and V4 with visual 

attention (Bollimunta et al. 2008), demonstrate that both increased and decreased alpha 

oscillations may be realized in the same experiment across diverse brain systems. It is worth 

noting that the experimental task used here is not a traditional internal attention task which in 

humans often involves visual imagery or manipulation of working memory load.   
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Attentional modulation of neuronal activity in the absence of sensory stimulation is 

thought to be implemented by top-down control mechanisms. Numerous studies employing a 

variety of techniques (Miller & Desimone 1994; Chao & Knight 1998; Knight et al. 1999; Naya 

et al. 2001; Moore & Armstrong 2003; Fuster 2008; Zhang & Ding 2010) have implicated the 

prefrontal cortex as a source of the top-down control signal. Because the projections from the 

prefrontal cortex terminate mostly in the superficially layers of IT (Rempel-Clower & Barbas 

2000), the stronger attentional effect we observe in the superficial layers is consistent with this 

view. Functionally, given the interference of auditory stimuli on visual discrimination, the 

prefrontal cortex is especially important in resisting distraction and in maintaining stimulus 

representation necessary for task performance (Knight et al. 1999).  

Besides alpha power, the phase of prestimulus alpha oscillations can also significantly 

affect stimulus processing (Jansen and Brandt, 1991; Makeig et al., 2002; Mathewson et al. 

2009). However, the degree of interstimulus jitter is sufficiently large (hundreds of milliseconds) 

in the present experiment that the stimulus timing appears random at the time scale of alpha, 

which leaves alpha power as the main independent variable. 
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Figure 3-1.  Protocol of attention experiment and the laminar distribution of alpha oscillation. 

(A) Time course of stimulus presentation in both the visual and auditory domains. 

The shaded interval prior to each standard visual stimulus defines the prestimulus 

time period. Vertical bars represent stimuli and the deviant stimuli are indicated by 

arrows. (B) Schematic of electrode (left), 200 ms of LFP data showing the presence 

of alpha oscillations (middle), and the current source density profile of alpha 

oscillations with MUA superimposed (right). Here the LFP data was bandpass filtered 

between 3 to 100 Hz.
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Figure 3-2.  Attentional modulation of prestimulus neuronal activity. (A) LFP power spectra 

from a representative channel. (B) Comparison of averaged LFP alpha power. (C) 

Comparison of averaged MUA. For both LFP alpha power and MUA, a normalization 

procedure was carried out for each recording channel according to the formula: 

condition/(attend-visual+ignore-visual), before averaging. Error bar denotes the 

standard error of the mean. ATTV: attend-visual and ATTA: attend-auditory (ignore-

visual).
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Figure 3-3. From prestimulus ongoing activity to stimulus-evoked response. (A) Stimulus-

evoked gamma power (25 Hz to 50 Hz) and (B) stimulus-evoked MUA magnitude as 

a function of prestimulus alpha power for a representative recording channel. Here all 

quantities were converted into z-scores to facilitate comparison across different 

recording channels (see Methods). (C) Stimulus-evoked gamma power in Figure 3-

3(A) versus stimulus-evoked MUA magnitude in Figure 3-3(B). 



 

42 

CHAPTER 4 

CENTRAL REPRESENTATION OF THROBBING PAIN 

4.1 Introduction 

The subjective quality of pain is an essential part of the clinical evaluation.  These 

clinically relevant pain qualities, such as throbbing, crushing, lancinating, or aching pain, are 

critical details of the evaluation because they suggest invaluable, at times life-saving, clues to the 

underlying disorder (Armstrong et al., 1998, Rosman et al., 1998, Kreiner et al., 2010). Many 

recent advances have propelled our understanding of the molecular mechanisms underlying the 

transduction of thermal and chemical stimuli by pain-responsive sensory neurons (Basbaum et 

al., 2009).  However, very little is known about how these neurophysiologic responses initiate 

the great diversity of clinically relevant subjective qualities (Ma, 2010).  A clearer understanding 

of the neurobiological basis of these clinically relevant pain qualities would not only improve our 

fundamental knowledge of pain pathophysiology but would also greatly enhance our ability to 

diagnose, measure, and design new therapies for clinical pain (Backonja and Stacey, 2004, 

Hansen et al., 2007, Victor et al., 2008, Jensen et al., 2010).   

Among the many pain qualities, a throbbing or pulsatile quality is clinically relevant 

because it accompanies the most severe forms of acute pain (Aslan et al., 2009), correlates with 

disease severity (Ballard et al., 2010), and signals disease progression, such as the metastatic 

spread of cancer (Lam and Schmidt, 2011).  The experience of throbbing pain also associates 

strongly with a lack of response to currently available therapies (Burstein et al., 2000, Walny et 

al., 2001), greater functional disability (Jensen et al., 2010, Blumenfeld et al., 2011), and 

comorbid depression (Kolotylo and Broome, 2000).  Thus a delineation of the peripheral and 

central origins of the throbbing quality could provide important insights leading to the 

development of novel strategies for the relief of clinically significant pain.   
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The prevailing scientific view is that throbbing is a primary sensation caused by the 

rhythmic activation of pain-sensory neurons by closely apposed blood vessels. In dentistry, this 

model plays a key diagnostic role in inferring the viability of dental pulp from the presence of 

sensitized afferents and blood vessels (Seymour et al., 1983), though evidence for this view 

remains indirect (Grushka and Sessle, 1984, Hermanstyne et al., 2008, Kreiner et al., 2010).   

Recently, we questioned whether the throbbing quality in the case of migraine pain were related 

to heart rate (Ahn, 2010), challenging – if only indirectly - an important aspect of the long-held 

presumption that dilation of the cranial arteries underlies the throbbing quality of migraine pain 

(Graham and Wolff, 1938).  However, because the pathophysiology of migraine pain is still 

controversial (Strassman and Levy, 2006, Olesen et al., 2009), the ability to generalize to other 

painful conditions is uncertain.  The first study in Chapter 4 focused on the throbbing quality in 

dental pain, a condition where the peripheral origin of the pain is indisputable.  In addition, by 

analyzing the simultaneously recorded throbbing pain rhythm and arterial pulse with advanced 

analytical methods, we were able to obtain greater insight into the mechanisms underlying these 

complex biological rhythms.   

The throbbing quality is present in a great diversity of acute pain conditions associated 

with tissue injury and inflammation, such as acute post-surgical pain (Aslan et al., 2009), sickle-

cell crisis (Ballas, 1993), acute bone fracture (Cottalorda, 2009), cervical artery dissection 

(Arnold, 2006), giant cell arteritis (Rozen, 2010), and acute dental pain (Seymour, 1983), is often 

cited as supporting evidence.  However, the throbbing quality is also highly prevalent in a range 

of chronic pain conditions, many of which are associated with nerve injury alone, such as carpal 

tunnel syndrome (Jensen, 2010) and post-herpetic neuralgia (Niv, 1989), or conditions primarily 

affecting the central nervous system, such as chronic post-spinal cord injury pain (Cruz-Almeida, 
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2009), chronic post-traumatic brain injury pain (Ofek, 2007), and multiple sclerosis (Houtchens, 

1997).  Moreover, conditions involving isolated lesions of the central nervous system, in which 

throbbing pain is referred to the contralateral side of the body, such as in post-stroke central pain 

(Leijon, 1989) are fully inconsistent with the perception of hemodynamic events in the 

periphery. Isnard and colleagues also recently reported a patient whose episodic seizures were 

characterized by a throbbing pain sensation, and whose clinical and electrographic abnormalities 

resolved with the ablation of a focal area of cortical dysplasia within the right posterior insula 

(Isnard, 2011).   

The broad clinical spectrum of throbbing pain thus suggests that the widely held view of 

the vascular origins of the throbbing rhythm could be examined more discerningly.  Indeed our 

recent studies of the throbbing rhythm in patients with migraine (Ahn, 2010) and dental pain 

(Mirza & Mo, 2012) support the conclusion that subjective throbbing experiences do not 

correspond simply to hemodynamic events in the periphery.  Here we report the psychophysical 

and neurophysiological characteristics of the throbbing rhythm in a patient with an unusual 

migrainous condition, whose isolated throbbing sensations, in the absence of pain or headache, 

presented the opportunity to gain further insights into the mechanisms underlying the experience 

of throbbing pulsations.   

We chose the electroencephalogram (EEG) because of its established utility in capturing 

the neurophysiological representations of pain (Sarnthein et al. 2006; Stern et al. 2006), and 

because the high temporal resolution of the EEG was well suited to looking for a brain signature 

of the throbbing rhythm.  A well-established neurophysiological correlate of pain is its 

modulation of the power of alpha oscillations (8-12 Hz) in clinical and experimental pain models 

(Backonja, 1991;  Babiloni et al. 2006; Shao et al. 2012).   Of particular interest to the neural 
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origin of throbbing pulsations was the observation that the frequency of the temporal variations 

of alpha power is in the range of 1Hz (M. J. Schroeder & Barr 2000; Montez et al. 2009), which 

is similar to the frequency of the throbbing sensations, and the relationship between the two 

rhythmic activities is thus a natural target of the present case investigation.  

4.2 Methods 

4.2.1 Experiment 1: Throbbing Quality in Dental Pain 

4.2.1.1 Subjects  

Subjects with acute dental pain were recruited from patients of the Student Oral & 

Maxillofacial Surgery Clinic at the University of Florida College of Dentistry, under a protocol 

approved by the Institutional Review Board.  In the normal course of their evaluation clinic 

personnel identified patients with acute dental pain who additionally reported a sustained 

throbbing quality. Study personnel were on hand to obtain informed consent and perform the 

study in a manner so as to minimize interference with the usual course of treatment. The 

inclusion criteria were that subjects are 18 years or older, fluent in English, and have a recent 

onset of dental pain, within one week of the evaluation.  A post hoc criterion was that analgesia 

was achieved after the injection of local anesthetic, which was satisfied in all cases. 

4.2.1.2 Descriptors of dental pain.   

Subjects rated the overall intensity of their dental pain on a 0-10 scale, with 0 representing 

no pain and 10 representing the worst imaginable pain. Subjects described the qualities of their 

pain and confirmed the presence of throbbing pain on a questionnaire containing a column of 21 

pain descriptors (Table 4-1) with a 0-10 scale of relative intensity next to each descriptor.  This 

questionnaire closely follows the short form McGill Pain Questionnaire (SF-MPQ) (Melzack, 

1987) with minor modifications intended to more clearly define the temporal characteristics of 

the pain (items 7-10).   
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4.2.1.3 Recording of throbbing rhythm.  

Simultaneous recording of the throbbing rhythm and arterial pulse were recorded on a 

BIOPAC MP-150 acquisition device (BIOPAC, Inc, Goleta, CA) at a sampling rate of 1000 Hz.  

Subjects indicated the rate and timing of the maximal point of pressure of the throbbing 

experience through the use of a sliding rheostat or push button. A pulse plethysmography probe 

attached to the earlobe simultaneously monitored the waveform of the subjects’ extracranial 

arterial blood flow.  The subjects provided 2-3 min of a simultaneous digital recording of their 

report of a throbbing rhythm and their arterial pulse.  We obtained 48 recordings and analyzed 29 

of these records more closely.  There were 19 records that were excluded from some of the 

analysis because they were clearly too slow and/or too irregular to have a plausible relationship 

to arterial pulse.   

4.2.1.4 Statistical analysis.  

Arterial pulse and throbbing rates were obtained from representative portions of the record, 

excluding periods in the record containing interruptions of the task or artifacts in the arterial 

pulse, which were infrequent.  The average rates are presented as the mean beats per minute 

(bpm) ± standard error of the mean (SEM).  The average difference between throbbing and 

arterial pulse rates was tested versus a null of no difference with a paired Student’s t-test, with 

p<0.05 set as the criteria of significance.  The Pearson product moment correlation coefficient 

between the two measured rates was determined with the null hypothesis of unity.  We present a 

95% confidence interval, noting that the conventional view predicts a high correlation (such as 

r>0.85).   

For the 19 rejected records, the average throbbing rate from these 19 records (17.2 bpm ± 

2.6 SEM) was clearly much slower than their corresponding average heart rates (75.5 bpm ± 2.6 

SEM. P<0.0001 unpaired t-test), and the standard deviation of the inter-event interval (3.7s ± 
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0.68) was much larger than those reported by the other subjects included in this study (0.29s ± 

0.03, P<0.0001 paired t-test).  In the post-recording debriefing, all of these subjects indicated a 

distinct lack of confidence in their report of the timing of their throbbing experiences.  This 

proportion of people with difficulty reporting an internally perceived rhythm is consistent with 

our separate psychophysical control studies in which we asked normal healthy subjects to report 

their own arterial pulse, using the same recording apparatus; those who were unable to report 

their own arterial rhythm similarly recorded slow and non-rhythmic responses.  The exclusion of 

these records from the present analysis did not affect the conclusions of this study.  In fact, their 

inclusion would have further strengthened the numerical differences between the throbbing 

rhythm and arterial pulse.   

4.2.1.5 Spectral analysis of heart rate variability and throbbing rate variability.  

We investigated the temporal dynamics of throbbing and arterial pulse rhythms using 

spectral methods.  The throbbing and arterial pulse records were filtered through a zero-phase 

filter set between 0.01 and 100 Hz and downsampled to 200 Hz. We used the midpoint of the 

rising phase in each cycle to represent discrete throbbing and arterial pulse events. The temporal 

sequence of discrete events was smoothed by using a Gaussian kernel at full width half 

maximum (FWHM, equal to the average inter-event interval) We calculated the power spectrum 

of each smoothed time series using Welch’s method, normalized by dividing the total power, and 

then averaged across all subjects to yield the population power spectrum for throbbing and 

arterial pulse.  

4.2.1.6 Determination of fractal scaling exponent.  

We further analyzed the throbbing and heart rate variability by converting the discrete 

event sequence into an instantaneous rate time series where the instantaneous rate was defined as 

the inverse of the interval between two adjacent events (Berger et al., 1986, Potter and Kinsner, 
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2008). We calculated the power spectrum of each instantaneous rate time series, again using 

Welch’s method. For the arterial pulse, this analysis is in agreement with previous fractal 

analyses of heart rate variability (Kobayashi & Musha T 1982),showing that the power spectra of 

the instantaneous heart rate time series are well described by a power law (1/f
α 

type), where the 

fractal scaling exponent  is defined by the slope of the log-log plot in the frequency range 

between 0.04 and 1Hz.  Previous work on changes in heart rate variability after cardiac bypass 

surgery have hypothesized that changes in the value of α represent a change in the autonomic 

regulation of the heart (Komatsu et al., 1997).  To our knowledge the present work is the first 

study to apply an analogous fractal analysis to the rhythm of throbbing pain.  The significance of 

the difference in α between heart and throbbing rate variability, assessed by a paired t-test, was 

taken as evidence of distinct mechanisms underlying these two rhythms.  

4.2.1.7 Phase coupling analysis.  

To address the temporal relationship between the two rhythms, we analyzed the phase 

synchronization between the heart rate and throbbing rate waveforms. Because the throbbing and 

heart rates were usually different ( HR throbbingf f
), we applied a method that can examine phase 

relationships between two non-identical oscillators synchronized at a m:n frequency ratio (Tass 

et al., 1998). Let the relative phase between the two oscillators be, , 1 2( ) ( ) ( )n m t n t m t   
, 

where 1  is the phase for heart rate, and 2  is the phase for throbbing rate at time t determined by 

the Hilbert transform. Here m and n are integers so that m/n is close to 
/HR throbbingf f

. For 

example, if the total event number of heart beat and throbbing is 75 and 65, then we used both 

7/6 and 8/7 as m/n for the tests. If the two oscillatory activities are independent then the 

distribution of , ( )n m t
 is uniform. A departure from uniform distribution gives evidence for 



 

49 

coupling between the two oscillators.  We assessed the uniformity of the relative phase 

distribution using Kuiper’s test (Fisher 1995).  If the Kuiper statistic V is larger than 1.62 (p<0.1) 

then the distribution is considered non-uniform.  Setting even this lenient criterion none of the 

subject records (including the 19 records that were set aside from the main analysis) showed 

evidence of phase coupling.   

4.2.2 Experiment 2: EEG Signature of the Persistent Throbbing Pain 

4.2.2.1 Case history.   

Subject was a 56 year old clinical psychologist with a prior adult headache history 

consistent with the diagnosis of migraine, consisting of episodic throbbing frontal head pain 

accompanied by nausea, photophobia and phonophobia, whose usual triggers included stress, 

lack of sleep, wine, and skipped meals, and who obtained consistent relief from oral sumatriptan.  

Her present clinical history began at the age of 49 when she was disabled by chronic low back 

pain due to multi-level degenerative disc disease, obtaining only partial pain relief with a daily 

regimen of oxycodone. However, concurrent with this chronic back pain and opiate use, the 

subject developed a chronic daily headache, consisting of dull holocephalic pressure, from which 

she no longer obtained complete relief from sumatriptan, NSAIDS, and caffeine containing 

combination analgesics.   

At age 53, she underwent a multi-level laminectomy and stabilization of the L2-3, L3-4, 

and L4-5 intervertebral spaces, which together with continued physical therapy, resulted in a 

successful resolution of her chronic back pain. However the patient’s headache and continued 

opioid use continued until age 54, when the presumptive diagnosis of analgesic overuse 

headache prompted the withdrawal from all abortive medications, including opioids, triptans, 

NSAIDs, and caffeine.  Patient also discontinued estrogen replacement therapy.  The chronic 

daily headache gradually remitted over several months, and by age 55 she returned to a stable 
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baseline of episodic migraine attacks at less than one per month, with full or near-complete relief 

from oral sumatriptan.   

However, despite the remission of her chronic daily headache, the subject became aware of 

a chronic throbbing, pulsatile, or wooshing sensation located in the frontal and bitemporal 

regions of the head.  Subject was aware of this sensation at all times, though the sensation 

became more intense towards the end of the afternoon, during which times she found them 

intrusive and disruptive to concentrating on her work.  There were no other provocative 

maneuvers, such as bending, coughing, valsalva, or physical exertion, though the throbbing 

sensation was aggravated by agitation and strong emotions.  The throbbing sensation also 

became much more intense leading up to and during her episodic migraine attacks.  The only 

known palliative technique was distraction, such as with vigorous physical activity.   

An extensive imaging workup failed to reveal evidence for an arteriovenous fistula, 

cerebral sinus thrombosis, or other abnormality that could account for a pulsatile tinnitus.  

Medications that had no effect on the throbbing sensation included naproxen, sumatriptan, 

atenolol, verapamil, topiramate, valproic acid, and gabapentin.  It was notable that atenolol 

produced a symptomatic bradycardia without any effect on the rate or quality of the throbbing 

sensation. At one year follow up from the time of evaluation and two years from the onset of 

symptoms, the subject continues to experience a daily throbbing sensation.   

4.2.2.2 Experiment protocol.  

The subject refrained from using pain medications for 72 hours prior to the evaluation. As 

was customary for the subject, the throbbing intensity increased gradually throughout the day.  

She recorded the psychophysical properties of the throbbing quality at the beginning and end of 

the day, while we simultaneously recorded the arterial pulse.  High-density EEG was recorded in 

two sessions each lasing 5 minutes.  Each recording session consisted of a brief resting state 
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during which she fixed gaze at a fixation target, followed by a psychophysical task in which she 

was asked to indicate the throbbing rhythm by pressing an instrument key in synchrony with the 

timing of the throbbing pulsations. Based on the subjective rating of the throbbing intensity, the 

two EEG recording sessions were referred to as weak and strong throbbing conditions, 

respectively. The throbbing rate obtained from averaging the response interval in the weak 

throbbing condition is 50 bpm, which is slower to the 68 bpm in the stronger throbbing 

condition.   

4.2.2.3 EEG recordings and data preprocessing.  

The electroencephalogram (EEG) data was recorded with a 128-channel BioSemi Active 

System at a sampling rate of 1024Hz. The stimulus and the response was delivered and 

registered by E-Prime and by a Berisoft EXKEY microprocessor logic pad. Raw EEG signals 

were bandpass filtered with cutoffs set at 0.53 and 50Hz and downsampled to a sampling 

frequency of 250Hz. Data from each channel were re-referenced against the average reference. 

Independent component analysis (ICA) (EEGLAB tutorial) implemented in EEGLAB 7.2 was 

used to remove muscle artifacts, movement artifacts and excessive eye blinks. To mitigate the 

impact of volume conduction, BESA 5.2 was used to transform voltage time series into current 

source density (CSD) time series. 

4.2.2.4 Estimation of alpha power time series.  

The CSD time series was divided into nonoverlapping windows of 500 ms in duration. The 

power spectrum for each window was estimated using a multitaper approach (Mitra & Pesaran 

1999) and the alpha power was obtained by integrating the power spectral density between 8 to 

12Hz. Alpha power as a function of time was referred to as the alpha power time series or alpha 

power oscillation.  
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4.2.2.5 Analysis of alpha power time series.  

To assess the relation between alpha power and throbbing sensation, the sequence of 

throbbing reports was transformed into a continuous waveform by convoluting the sequence of 

discrete key presses with a Gaussian kernel, and synchrony between the alpha power time series 

and the continuous events was measured by coherence. Here the window length was 10 s and the 

overlap was half the window length. Further smoothing was achieved by the multitaper method 

(Mitra & Pesaran 1999). 

To test the statistical significance of the coherence between the throbbing rhythm and the 

alpha power oscillation, we created a baseline condition by pairing the throbbing record with 

randomly chosen epochs of alpha power time series from the resting state record. The 

distribution of coherence estimated in this fashion constituted the null hypothesis distribution 

where no relationship between the throbbing record and the alpha power oscillation existed.  

The dynamics of the neuronal networks during strong and weak throbbing sessions was 

evaluated by computing and averaging coherence of alpha power time series for all pairwise 

combination of posterior channels. The window length used was 25 s (50% overlapping). 

4.3 Results 

4.3.1 Experiment 1: Throbbing Quality in Dental Pain 

At a university-based student oral surgery clinic, in the normal course of 512 evaluations, 

clinic staff identified 48 subjects who reported a strong and distinct sense of throbbing pain.  Of 

these, 29 subjects were able to record a throbbing pain whose rhythm could possibly be related to 

their arterial pulse (see Methods).   

4.3.1.1 Overall pain characteristics.  

Subjects were on average 36 years old ± 2 SEM, and were 66% women.  They reported 

moderately high pain intensity, averaging 7.7 ± 0.4 SEM on a scale from 0 to 10 (see Methods).  
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In addition, the subjective qualities of their dental pain, described by ratings of words from a 

questionnaire with 21 pain descriptors (Table 4-1; Figure 4-1A), had characteristic features.  The 

qualities of throbbing (descriptor #8), aching (descriptor #1) and tender (descriptor #16) were 

prominent, and were similar to the responses from an unselected sample of 51 consecutive 

patients obtained on alternate clinic days.  This unselected sample also resembled the overall 

characteristics of the subject group, being on average 37 years old ± 2 SEM, 55% women, and 

also reported moderate to high pain intensity levels (7.2 ± 0.3 SEM).   

4.3.1.2 Throbbing rate and arterial pulse rate.  

To obtain a psychophysical record, subjects signaled the rhythm and timing of their 

throbbing experience by pressing a button connected to a digital recording device, while 

simultaneously recording their arterial pulse for 2-3 min.  Overall temporal characteristics of the 

throbbing rhythms included an average throbbing rate (44 bpm ± 3 SEM) that was distinctly 

slower than the average heart rate (73 bpm ± 2 SEM, p<0.001).  On an individual basis, the 

paired throbbing and arterial pulse rates (Figure 4-1B) were numerically independent (best fit in 

blue; Pearson r=0.10 with 95% CI from -0.28 to 0.45) and inconsistent with the values that 

would have been predicted by the traditional view (the identity line in red - Figure 4-1B).  

Whereas arterial pulse rates respected the usual physiological range, throbbing rates ranged 

widely, with the most highly represented throbbing rates at 31-40 bpm (Figure 4-1C).   

4.3.1.3 Spectral analysis of throbbing rhythms.  

Next we compared the spectral characteristics of each rhythm.  Figure 4-2 shows 

representative segments of the analyzed waveforms of arterial pulse and the throbbing rhythm 

from two subjects, one in whom the two rates match closely (Figure 4-2A) and one in whom the 

arterial pulse rate and throbbing rate ratio was approximately 3:2 (Figure 4-2B).  The averaged 
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power spectra for all 29 subjects for the arterial blood flow and throbbing experience (Figure 4-

2C) demonstrated the incongruous relationship between these two rhythmic events. 

4.3.1.4 Heart rate and throbbing rate variability observe distinct power laws.  

We previously noted that for migraine pain the physiologic variation in heart rate (related 

to respiration) allowed us to observe a clear mismatch between the two rhythms (Ahn, 2010).  To 

address this relationship more systematically, we compared the variability in the arterial and 

throbbing records, through a spectral analysis of heart rate and throbbing rate variability. To 

analyze beat-to-beat variability, we first converted the smoothed waveforms of each record into 

an instantaneous rate time series (Figures 4-3A and B), and plotted the averaged power spectra 

for the instantaneous rate time series for all subjects on a log-log scale, for arterial pulse (HRV) 

and throbbing rhythm(TRV), respectively (Figures 4-3C and D).  The linear region over the low 

frequency range indicated the presence of a 1/f
α
 power law relationship, as has been previously 

reported for heart rate variability (Kobayashi & Musha T 1982; Komatsu et al., 1997).  As was 

the case for heart rate variability, the power spectra of the throbbing rate time series were also 

well described by a power law.  However, the fractal-scaling exponent α, which correspond to 

the average slopes of the log-log plots, are significantly different (1.06 ± 0.10 SEM for heart rate 

variability and 1.59 ± 0.09 SEM and for throbbing rate variability, paired t-test p<0.0001), 

providing strong evidence that the variability in these rhythms arise from distinct physiological 

mechanisms.  

4.3.1.5 Phase coupling analysis.  

Another independent way to appreciate a relationship between two rhythms is to treat each 

as an oscillator and determine whether there is a relationship (synchrony) between the two 

oscillators.  For a given pair of heart rate and throbbing rate oscillators whose rates had a ratio of 
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m:n the relative phase can be calculated as , , 1 2( ) ( ) ( )n m t n t m t   
, where 1  is the phase for 

heart rate, and 2  is the phase for throbbing at time t. Figure 4-4A shows the relative phase 

distribution for a typical subject where the Kuiper statistic V=0.27 (p>0.1), falls far short of a 

minimal threshold value of V=1.62 (p=0.1) indicating that the distribution is uniform and that the 

two oscillators are not coupled. Figure 4-4B shows the Kuiper’s statistic (V) for all subjects, 

which demonstrates that none of the individual records showed evidence for coupling between 

the two rhythms.  

4.3.2 Experiment 2: EEG Signature of the Persistent Throbbing Pain 

4.3.2.1 Psychophysical recording.  

The subject recorded her subjective perception of the throbbing rhythm into a digital 

recording device while we simultaneously recorded her cranial arterial pulsations with a pulse 

oximeter attached to her earlobe (see Methods).  The subjective throbbing rate of 48 ± 1.7 bpm 

was significantly slower than the subject’s regular heart rate of 68 ± 2 bpm (p <0.005, paired t-

test).   

4.3.2.2 Throbbing intensity influences alpha power.  

We compared the overall EEG spectral power between weak and strong throbbing 

conditions. Figure 4-5A shows the power spectra from a representative parietal-occipital 

channel, which indicates that the overall alpha power (8-12Hz) was higher in the session 

associated with the stronger throbbing pulsations.  When represented topographically as the 

percent change of alpha power over the whole scalp, the change in alpha power was most 

prominent over the posterior channels (Figure 4-5B). 
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4.3.2.3 Throbbing rate synchronizes with the dominating oscillation in the alpha power 

time course.  

The magnitude or power of alpha oscillations fluctuates over time. The alpha power 

oscillation was found to be in synchrony with the reported instances of throbbing pulsations 

(Figure 4-6A and Figure 4-6B). The coherence between the smoothed button press time course 

and the simultaneous alpha power time series from the parietal-occipital site (PO3) has a 

significantly higher value in the strong throbbing session (0.35), compared to that in the weak 

throbbing session (0.25), and both are significantly higher than that of the baseline null 

hypothesis dataset created using a random permutation approach (p<0.05). Critically, when the 

same analysis was applied to the alpha power time course from the somatosensory/premotor 

region (electrodes C3/C5), a coherence value of 0.08 was found, which was not significantly 

higher than the baseline null hypothesis value (p>0.3), providing evidence that the EEG-behavior 

coupling is not induced by movement.  

To further examine the synchrony between alpha power time series and the concurrently 

recorded instances of throbbing, we measured the variability of the lag between each throbbing 

instance and the nearest peak of the alpha power time series, and found that it was smaller during 

the strong throbbing session (~0.24 second) compared to the weak session (~ 0.43 second). The 

decrease in variance is significant (two sample F-test, p<0.1). In the strong throbbing session, the 

average interval between adjacent throbbing events is around 1.25 ± 0.05 second, which is close 

to the average interval between adjacent peaks in the alpha power time series (1.20 ± 0.49 

second), whereas in the weak throbbing session, the average interval between adjacent throbbing 

events is around 1.44 ± 0.11 second, which is larger compared to the average interval between 

adjacent alpha power peaks of 1.18 ± 0.45 second.  
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4.3.2.4 Throbbing intensity modulates the power and coherence of alpha power time course 

in posterior channels.  

Increased alpha power is observed consistent among the posterior channels exhibiting 

throbbing modulated alpha power in Figure 4-5B. Among the same group of channels, the 

enhancement in coherence of alpha power time course is observed in the strong throbbing 

session across wide frequency band (Figure 4-6C). The inter-channels coherence is significant 

different between the weak and throbbing session under paired t-test (p<0.01). 

4.4 Discussion 

The experience of throbbing pain is prevalent and clinically relevant but poorly 

understood.  Its pulsatile character compels the common presumption that it is in some way 

linked to heart rate.  Some clinical conditions that involve vascular pathology, such as cerebral 

sinus thrombosis (Wasay et al., 2010), sickle cell crisis (Ballas and Delengowski, 1993), giant 

cell arteritis (Rozen, 2010), and spontaneous cervical artery dissection (Arnold et al., 2006), have 

characteristic throbbing qualities that would appear to implicate the experience of vascular 

dilation, though only indirectly.   

Vascular sensations are also a key feature of the current view of migraine (Olesen et al., 

2009), a highly prevalent headache disorder whose throbbing quality (Scher et al., 1998, Kelman, 

2006) is a diagnostic hallmark (IHS, 2004) and is associated with high severity, frequency, and 

disability (Blumenfeld et al., 2011).  Early studies of migraine focused on the amplitude of 

cranial artery pulsations, leading to the so-called vascular theory, which hypothesized that the 

pain of migraine is a primary disorder of cranial artery dilation (Graham and Wolff, 1938).  

However, several important inconsistencies with the clinical condition draw strong criticism 

against this theory (Goadsby, 2009). Moreover, data showing a direct relationship between 

vascular pulsations and the subjects’ perception of throbbing remain elusive. More recent 
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electrophysiological evidence for this traditional view, which in physiological terms predicts that 

pain-sensory neurons are activated by the dilation of blood vessels by normal arterial pulsations, 

suggest otherwise (Malliani and Pagani, 1976, Goder et al., 1993, Strassman et al., 1996, Levy et 

al., 2005, Strassman and Levy, 2006).   

The finding in Experiment 1, that the throbbing rhythm exhibits a fractal power law, lays a 

novel framework for further studies aimed at determining how throbbing pain engages brain 

regions involved in other important cognitive functions, such as the awareness of pain (Craig, 

2009, Lee et al., 2009), or the perception of rhythm and timing (Meck et al., 2008).  In addition, 

because the throbbing quality is associated with a broad range of disabling pain conditions that 

are refractory to presently available therapies, such as cancer pain (Lam and Schmidt, 2011), 

traumatic brain injury (Ofek and Defrin, 2007), sickle cell crisis (Ballas and Delengowski, 1993), 

pelvic pain (Ballard et al., 2010) and migraine (Blumenfeld et al., 2011), the perception of 

throbbing pain could possibly serve as a functional target in the development of novel 

therapeutic approaches for severe and disabling pain.    

In addition to the limitations that are inherent to the cross-sectional study conducted in 

Experiment 1, the lack of additional historical detail about the dental patients could have 

adversely affected the results of this study.  For example, neuropathic conditions unrelated to 

dental pulp involvement, such as trigeminal neuralgia, would misrepresent the subject 

population.  However, this clinic by and large provides primary care for patients with dental pain 

resulting from dental caries, periodontal disease, and trauma.  Accordingly, subjects had 

substantial relief of their pain after the injection of local anesthesia, which assisted in relating the 

pain to the pulp or associated periodontal tissue.  The inclusion of a subject with one of these 
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other conditions would thus be uncommon, and their very infrequent inclusion would not 

significantly affect the overall conclusions of this study.  

Non-invasive electrophysiological approaches such as EEG represent an important 

opportunity to understand pain processing (Hauck et al., 2008) and the insights generated may 

suggest novel neuromodulatory approaches for the treatment of chronic pain (Jensen et al., 

2008).  Among the most prominent and consistent changes in the EEG pattern with pain is the 

increase in overall power in the alpha (8-12Hz) range (Sarnthein et al. 2006; Stern et al. 2006; J. 

G. van Dijk et al. 1991). By combining the EEG recording with the psychophysical property of 

throbbing in the Experiment 2, we showed that alpha power is significantly higher in strong 

throbbing relative to weak throbbing is consistent with this line of evidence. Functionally, given 

alpha relationship to attention (Steriade et al. 1990; Bollimunta et al. 2011), the increase in alpha 

power in pain has been thought to represent a change in selective attention to nociceptive 

stimulation (Dehghani et al. 2003), possibly representing a reduction in attention to visual stimuli 

(Cao et al. 1999; Sanchez del Rio et al. 1999; Jonkman & Lelieveld 1981), and whose 

hemispheric asymmetry may explain certain aspects of the migraine attack (de Tommaso et al. 

1998; Jonkman & Lelieveld 1981).  A modulation of the alpha rhythm is also appreciated in 

experimental models of pain (Backonja, 1991; Babiloni et al. 2006; Shao et al. 2012), where it 

may also represent a gating of nociceptive input and sensory processing (Hauck, 2008) .   

Close inspection of EEG data reveals that the magnitude or power of alpha oscillations 

fluctuates over time. These fluctuations observe characteristic temporal behavior known as 

power-law long-range correlation, which exhibits 1/f dynamics as a function of frequency 

(Linkenkaer-Hansen et al. 2001; Nikulin & Brismar 2004). This feature was thought to be the 

basis for effective communication in the brain and is also known to be affected by pain 
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processing (Linkenkaer-Hansen et al. 2001; Linkenkaer-Hansen et al. 2004; Leopold et al. 2003) 

Recent simultaneous fMRI-EEG studies demonstrate that alpha power can be modulated by 

various large-scale brain networks (Laufs et al. 2003a 2003b; Mantini et al. 2007) and suggest its 

potential as a biomarker for some clinical conditions (Montez et al. 2009; Smit et al. 2011).  Our 

finding that alpha power fluctuations are synchronized with the reported throbbing events and 

the degree of synchrony is modulated by throbbing intensity, provides not only a neuronal 

signature of the experience of throbbing pain, but also a direct pathway toward uncovering the 

large scale network activities underlying the perception of throbbing pain.  

What underlies the modulation of alpha power? A recent theory proposes that the power of 

a higher frequency oscillatory activity may be rhythmically modulated by the phase of a lower 

frequency oscillation (Canolty & Knight 2010). Although we found evidence that alpha power is 

modulated the phase of the delta rhythm (0 to 3 Hz) (Lakatos et al. 2008; Gomez-Ramirez et al. 

2011), the delta rhythm itself is not synchronized with the throbbing reports. 

Two comments are in order for the EEG results. First, the subject reported rhythmic 

throbbing events by pressing an instrument key, raising the possibility of motor contamination. 

This is unlikely as the synchrony between the sensorimotor channels and throbbing percept is not 

significant and is not modulated by throbbing intensity. Second, due to EEG’s limited spatial 

resolution, it’s hard to distinguish the contribution from different brain regions. Future work with 

improved technology is necessary to over this problem and to further reveal the activation of 

deep brain structures in pain perception.  
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Figure 4-1.  Throbbing is a characteristic feature of dental pain, and its rate is distinctly slower 

than heart rate.  (A) Subjects (n=29) and an unselected sampling of the general clinic 

population (Clinic, n=51) confirmed the prevalence of the throbbing quality in dental 

pain, and demonstrated that the overall pain characteristics of the study sample are 

similar to the general clinic population.  (B) The individual throbbing and arterial 

pulse rates were unrelated (in blue; Pearson r=0.10 with 95% CI -0.28 to 0.45), and 

clearly distinct from the prediction by the prevailing view (in red).  Overall, the 

average throbbing rate (44 bpm ± 3 SEM) was distinctly slower than the average 

arterial pulse rate (73 bpm ± 2 SEM, p<0.001).  (C) Throbbing rates ranged widely, 

but the most common rates were in the range of 31-40 bpm.   
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Figure 4-2. Spectral analysis of the throbbing rate and the arterial pulse rate reveals their distinct 

temporal characteristics. The superimposed and smoothed waveforms of the recorded 

arterial pulse (HR) and throbbing rhythm (TR) from two representative patients (A) a 

subject whose frequency ratio 
/HR throbbingf f

 is 1:1 (B) another subject whose 

frequency ratio 
/HR throbbingf f

 is 3:2.  (C) The average normalized power spectra from 

all subjects reveals the distinct frequency characteristics of the HR and TR 

waveforms.   
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Figure 4-3. Fractal analysis of heart rate (HRV) and throbbing rate variability (TRV) shows that 

the two rhythms observe distinct power laws.  Representative instantaneous heart rate 

and throbbing rate series are shown in (A) and (B) from the same subjects in Figure 

4-2A and 4-2B. The instantaneous rate was determined by 1/interval between 

adjacent two events (see Methods).  The log-log plots of averaged power spectra of 

the instantaneous rate series are shown in (C) for heart rate and in (D) for throbbing 

rate. The black line is the best linear fit.  The spectral scaling exponents, defined by 

the respective slopes (HRV 1.06 ± 0.10; TRV 1.59 ± 0.09), are significantly different 

(Student’s paired t-test p<0.0001).   
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Figure 4-4.An analysis of synchrony between arterial pulse and throbbing rhythm shows no 

relationship.  (A) The distribution of the relative phase in the record from a single 

subject is approximately uniform, indicating a lack of synchrony.  (B) Using a 

quantitative measure of the uniformity of distribution, the Kuiper’s statistic V is 

below the level of significance for all subjects (p>0.1), where the horizontal line 

signifies V=1.62 (p=0.1), a minimal threshold for a non-uniform distribution.   
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Table 4-1. Pain descriptors used to identify pain qualities 

Descriptor Number Pain quality 

1 Aching* 

2 Heavy 

3 Squeezing 

4 Sharp 

5 Stabbing 

6 Shooting 

7 Electric shock 

8 Throbbing, pulsing* 

9 Jack-hammering 

10 Exploding 

11 Hot/Burning 

12 Cold/Freezing 

13 Tingling or “Pins and Needles” 

14 Itching 

15 Numbness 

16 Tender* 

17 Pain caused by light touch 

18 Tiring/Exhausting 

19 Sickening 

20 Fearful 

21 Punishing/Cruel 

Descriptors marked with asterisk (*) are those found to be most prominent in this study. 
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A                                                                        B 

Figure 4-5. Spontaneous alpha power (power between 8-12Hz) is modulated by the intensity of 

the throbbing sensation. (A) Power spectra from one of the parietal-occipital channel. 

(B) Topography of the percentage change in alpha power, in which each channel is 

calculated by (Astrong- Aweak)/Aweak, A stands for alpha power. 
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A 

       

B                                                                      C  

            

Figure 4-6. The point process of reported throbbing onset (vertical dash line) is plotted over 

alpha power time series from parietal-occipital channel during (A) the strong 

throbbing session. (B)The throbbing movement is more synchronized with the alpha 

power from parietal-occipital in the strong throbbing session than the weak throbbing 

session, though in the synchrony is significant under either condition (p< 0.05 under 

random permutation). (C) Coherence of amplitude envelop of alpha oscillation was 

calculated between pairwise posterior channels, and then averaged. The temporal 

dynamic of alpha powers is more synchrony when stronger throbbing sensation was 

reported. The difference between two conditions is significant under paired t-test 

across channels (p<0.01). 
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CHAPTER 5 

EXPLORING RESTING-STATE FUNCTIONAL CONNECTIVITY WITH TOTAL 

INTERDEPENDENCE 

5.1 Introduction  

The brain is comprised of many anatomically and functionally distinct networks. These 

networks are spontaneously active even in the absence of sensory input or motor output (Biswal 

et al., 1995; Fox and Raichle 2007; Kenet et al. 2003; Raichle and Mintun 2006).  Progress over 

the past 15 years has firmly established that functional magnetic resonance imaging (fMRI) data 

recorded during rest is an important tool to reveal the spatial organization and temporal dynamics 

of these networks (Lowe et al. 2000; Yan et al. 2009; van den Heuvel and Hulshoff Pol 2010). 

When two distinct brain regions are said to belong to the same functional network the main 

criterion is that the intrinsic blood oxygen level dependence (BOLD) fluctuations from the two 

regions significantly co-vary with one another (Dosenbach et al., 2007; Fox et al., 2006). 

Remarkably, functional networks identified in such a statistical manner match the brain networks 

activated by various cognitive tasks (Biswal et al., 1995; Fox, et al., 2006), correlate with 

behavior during development and aging (Beason-Held et al., 2009; Church et al., 2009; Jolles et 

al. 2011; Kelly et al., 2009), and predict brain pathology (He B.J. et al., 2007a; He Y. et al., 

2007b; Lynall et al., 2010; Supekar et al., 2008). 

There are two classes of methods for mapping resting-state functional brain networks: 

independent component analysis (ICA) (Beckmann et al., 2005; Damoiseaux et al., 2006) and 

seed-based correlation analysis (Biswal et al., 1995; Fox et al., 2005). Whereas ICA has the 

advantage of being model-free and entirely data-driven, seed-based correlation is more 

convenient for examining the connectivity between a given region of interest and the rest of the 

brain. Statistically, both methods exploit the contemporaneous covariation structures in the data. 

Among time series models, such characterization is only sufficient for the white noise process, 
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which, by definition, may only exhibit contemporaneous correlations. It is well-established that 

resting-state fMRI are not white noise; they are time series exhibiting rich temporal patterns such 

as rhythmic activities in the low frequencies (Chang and Glover, 2010). Physiological factors 

that can contribute to temporal relations across scans include intrinsic temporal structures in 

neuronal signals such as local field potentials, neuronal transmission delays (Nishitani and Hari, 

2002; Schmolesky et al., 1998; Van Essen et al., 1992), and variable latency in the hemodynamic 

response function (Handwerker et al., 2004). How much temporal dependence between BOLD 

signals was ignored by the prevailing statistical approaches? To what extent the ignored temporal 

structure may have contributed to our understanding of cognitive brain networks? These 

questions remain to be answered. In addition, the ignored temporal dependence may help explain 

the discrepancy between spatial structures identified by resting-state analysis and that by task 

activation.  

In Chapter 5, we introduce a novel method called total interdependence (TI) to measure the 

overall temporal relationship between two resting-state fMRI time series. Although this measure 

has been considered in past neurophysiological (Rajagovindan and Ding 2008; de Pasquale et al., 

2010) and task-state fMRI studies (Roebroeck et al., 2005), it has not been applied to resting-

state fMRI data. The mathematical theory behind the method was first developed by Gelfand and 

Yaglom in the context of assessing mutual information between two Gaussian stochastic 

processes (Gelfand and Yaglom, 1959). Geweke (1982) further showed that for two time series 

this quantity is the sum of three possible contributors towards their overall temporal 

interdependence: the influence the first time series exerts upon the second, the influence the 

second time series exerts upon the first, and co-varying common input (Rajagovindan and Ding, 

2008). This observation forms the basis of the term total interdependence. In this work, 
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analyzing resting-state fMRI data, we compared the performance of TI to that of the 

conventional cross correlation (CC) method. In addition, task-state fMRI data recorded 

immediately following the resting-state period in the same scanning session were used to further 

validate the TI method, and to establish the functional significance of the resting-state networks 

identified by TI.      

5.2 Methods 

5.2.1 Experimental Design and Data Acquisition 

Twelve healthy subjects gave informed consent and participated in the study. The 

experimental protocol was approved by the Institutional Review Board of Beijing Normal 

University. Both resting-state data and task-state data were recorded in the same scanning 

session. During resting-state recording, the subject was instructed to relax with their eyes closed 

for 10 minutes. After a 5 minute break, the subject performed a trial-by-trial cued visual spatial 

attention task (Wen et al., in press). There were 12 attention blocks (A blocks) and 12 passive 

view blocks (B blocks). Each attention block lasted 1 minute. The passive view block was of the 

same duration in which the same stimuli as the attention block were presented but no attention 

was required. There were 15 trials in each attention block. Each trial started with a cue directing 

the subject’s covert attention to either the left or the right visual field. Imperative stimuli were 

presented following a delay period. The subjects were instructed to respond to the target stimuli 

in the attended hemifield (Rajagovindan and Ding, 2011; Wen et al., in press) by pushing a 

button with their right hand. Fixation was maintained toward the center of the presentation 

screen throughout the experiment. Attention blocks and passive view blocks were divided into 6 

runs with each run containing 4 blocks organized in an ABBA and a BAAB fashion across runs. 

Brain activations and deactivations obtained by contrasting attention blocks against passive view 

blocks provide regions of interest to be used to initiate and validate the resting-state analysis.  
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Functional MRI data were recorded on a 3-Tesla Siemens whole-body MRI system at the 

Beijing Normal University MRI center using a T2*-weighed echoplanar imaging (EPI) sequence 

(echo time (TE), 30ms; repetition time (TR), 2000ms). Each whole-brain volume consisted of 33 

axial slices (field of view, 200 mm; matrix, 64×64; slice thickness, 3.60mm, flip Angle=90°, 

voxel size=3.13×3.13×3.60mm). For high-resolution anatomic images a T1-weighted 128-slice 

MPRAGE sequence was used (TR, 2530 ms; TE, 3.39 ms; flip angle, 7°; inversion time, 1100 

ms voxel size=1 ×1.33 ×1mm).  

5.2.2 Definition of Seed Regions 

Both cross correlation (CC) and total interdependence (TI) are seed-based methods. We 

combined task-state data and resting-state data to define seed regions. For task-state data, the 

first 5 time points (10 seconds) of each run were discarded to eliminate transient effects, and the 

remaining data were preprocessed using SPM2 (http://www.fil.ion.ucl.ac.uk/spm/). 

Preprocessing steps included slice timing, motion correction, coregistration to individual 

anatomical image, normalization to the Montreal Neurological Institute (MNI) template (Friston 

et al., 1995), and re-sampling of the functional images into a 3×3×3 mm
3
 per voxel resolution. 

Normalized images were spatial-smoothed using an 8mm FWHM (Full Width at Half 

Maximum) Gaussian core. Global scaling was then applied to remove the global signal before 

GLM analysis. We note that although the removal of global signal is a debated issue (Zarahn et 

al. 1997; Aguirre et a., 1998; Glover et al., 2000; Gavrilescu et al., 2002; Junghöfer et al., 2005; 

Macey et al. 2004; Wise et al., 2004; Birn et al. 2006; Lund et al., 2006; Fox et al., 2009), for our 

data, global scaling appeared to give more precisely defined regions of task activation, which 

was crucial for providing a template to compare with resting-state data. In the random-effects 

analysis, for each subject, from the fitted GLM model, the attend condition and the passive view 

condition were compared to produce the contrast image. These contrast images were fed into a 
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GLM that implemented a one-sample t-test to yield group-level activation regions (t>5.20, FDR 

corrected, p<0.002) and deactivation regions (t<-5.20, FDR corrected, p<0.002). Among regions 

activated by the attention task, we selected bilateral intraparietal sulcus (IPS) and bilateral frontal 

eyefield (FEF) of the dorsal attention network (DAN) (Corbetta and Shulman 2002; Corbetta et 

al., 2008), and dorsal anterior cingulate cortex (dACC) and bilateral anterior insular cortex (AI) 

of the task control network (TCN) (Dosenbach et al., 2006), to aid and to validate the resting-

state analysis. Voxels with local maximum t-values in these regions were chosen as the seed 

voxels. Their coordinates were given in Table 5-1.  

The resting-state time series was preprocessed using similar steps and filtered between 

0.01-0.1Hz with a zero-phase bandpass FIR filter (Fox et al., 2006; Lowe et al. 2000). Because 

the regions deactivated by the attention task are rather diffuse, to more precisely define the 

default mode network, an ICA analysis was applied where the resting-state time series from all 

subjects were concatenated for each voxel. Twenty five aggregate independent components (ICs) 

were identified using the GIFT toolbox (http://icatb.sourceforge.net/) where the number of 

components was determined by the Minimum Description Length (MDL) criterion provided by 

the toolbox. All aggregate ICs were visually inspected, and the IC representing the default mode 

network (DMN) was selected (Buckner et al., 2008). Among the DMN regions, we selected the 

posterior cingulate cortex (PCC), the medial prefrontal cortex (mPFC), and the bilateral inferior 

parietal lobe (IPL) for the resting-state analysis. The seed voxel in each region was chosen to be 

the voxel that attained the local maximum t-value in the group ICA map (t>4.75, FDR corrected, 

p<0.005). The coordinates of these voxels were given in Table 5-2. Importantly, seed voxels 

identified in this manner also fell in the task-deactivated regions, and the DMN network 

identified with ICA exhibited substantial overlap with the task-deactivation map.  
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5.2.3 Cross Correlation and Total Interdependence  

We compared two connectivity methods: cross correlation (CC) (Fox et al., 2005) and total 

interdependence (TI). For a pair of simultaneously acquired time series: (x1,y1), (x2,y2), 

(x3,y3),…(xn,yn), CC was computed according to  
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i iiyx yyxxyxCC .                 (5-1) 

From the definition, it is clear that CC only measures the contemporaneous (zero-lag) 

linear relationship between x time series and y time series, and does not account for the possible 

relations existing across different lags (e.g. between  xi and yi+2). In contrast, TI, as defined by 

Gelfand and Yaglom (1959), was computed according to: 
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where ( )xyC  is the coherence between the two random processes, x and y, at frequency 

/ 2f   . For two Gaussian processes this formula was shown to measure the total amount of 

mutual information between them. Geweke (1982) further demonstrated that TI captures the total 

linear relationship between x and y time series. Numerically, for a given sampling frequency
sf , 

Eq. 5-2 can be recast into an implementable form: 
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where
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N

 


 is the frequency resolution and N is the number of desired frequency 

points in the interval between 0 and the Nyquist frequency / 2sf .  

In this study CC was calculated directly from data using standard procedures. TI was 

estimated by fitting bivariate autoregressive (AR) models to pairs of BOLD signals (Bressler and 

Seth, 2011; Ding et al., 2000; 2006). Coherence was derived from the model coefficients and 

integrated over frequency according to Eq. 5-3. Applying Akaike information criterion (AIC) 
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and Lagrange multiplier whiteness test (Lütkepohl, 2005) the optimal model order was 

determined to be 2.  

5.2.4 Functional Connectivity Maps 

For a given seed region X, the CC values with respect to the rest of the brain were 

normalized by Fisher’s transformation for each subject before group analysis. The TI values 

were z-transformed for each subject according to, ti = (TIi-mean({TIi}))/std({TIi})), where TIi is 

the value of TI between the seed voxel and the ith voxel, and {TIi} denotes the collection of such 

values from all voxels. For both CC and TI, group level one-sample t-test was applied to yield 

the X-seeded CC map and the X-seeded TI map. 

5.2.5 Comparison of Methods 

Several tests were performed to compare the performance of TI and CC. First, for a pair of 

time series: (x1,y1), (x2,y2), (x3,y3),…(xn,yn), we randomly but synchronously shuffled the time 

indices to generate a pair of surrogate time series, (xk1,yk1), (xk2,yk2), (xk3, yk3),…(xkn,ykn), where 

(k1, k2, k3…, kn) were a random permutation of (1,2,3,…n). CC would remain the same for the 

shuffled time series according to Eq. 5-1. TI, however, would be reduced because the shuffling 

procedure destroyed the temporal relations across lags. By computing the percentage reduction 

of TI, we can demonstrate intuitively and quantitatively the degree of total interdependence 

between the two time series that is not captured by CC. For this test, time series from voxels in a 

spherical region of 5 mm in diameter surrounding the seed voxel of a region of interest were 

extracted to represent that region of interest. Between two regions of interest we considered all 

pairwise combinations of voxels within two similarly constructed spheres. For each pair of time 

series, random shuffling was carried out 50 times, and the 50 values of TI were averaged and 

compared with the TI from the original time series to calculate percentage reduction.  
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Second, the spatial patterns of CC and TI maps were compared. To assess the functional 

significance of these patterns, we further compared them with well-established network models. 

Two quantities were used for these comparisons: spatial correlation and spatial overlap. For a 

given brain, we generated a binary version of the map by assigning to its suprathreshold voxels 

the value of 1 and other voxels the value of 0, and treated the binary map as a vector in a space 

whose dimension equals to the total number of voxels. Spatial correlation between two maps is 

the normalized dot-product of the two corresponding vectors. Spatial overlap was used to 

compare the similarity between CC and TI maps in a given brain region. Letting{ }CCV denote the 

collection of the suprathreshold voxels (t>5.20) in the CC map and { }TIV the collection of 

suprathreshold voxels (t>5.20) in the TI map, and letting |{x}| denote the number of elements in 

the set {x}, the spatial overlap between the two maps for the region 

is { } { } / { } { } 100%CC TI CC TIV V V V    . 

Third, for visualization purposes, brain maps were projected onto a 3-dimensional brain 

template from the MRIcroN software package (http://www.cabiatl.com/mricro), as well as onto a 

flattened 3-dimensional brain surface template from the CARET software packages 

(http://brainmap.wustl.edu/caret.html). 

Fourth, receiver operator characteristic (ROC) curve was applied to compare the statistical 

sensitivity of CC and TI in deciding the network membership of predefined voxels. The ROC 

curve is a graphical plot of true positive rate (TPR) against false positive rate (FPR) of making a 

binary decision when the discrimination threshold is varied (Lasko et al., 2005). For the dACC-

seeded map, suprathreshold voxels in AI, or { }t thresAI 
, known from prior work as part of TCN 

(Dosenbach et al., 2006; Seeley et al., 2007), were defined as true positive detections, whereas 

suprathreshold voxels in FEF, { }t thresFEF 
, known from prior work as part of DAN (Corbetta and 
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Shulman, 2002; Corbetta et a al., 2008), were defined as false positive detections. TPR and FPR 

were computed according to { } / { }t thresTPR AI AI  and { } / { }t thresFPR FEF FEF . 

Here{ }AI and{ }FEF were predefined according to the task activation map (t>5.20, FDR 

corrected, p<0.002). Similarly, for the rIPS-seeded maps, { }t thresFEF 
were defined as true 

positive detections, and { }t thresAI 
as false positive detections. The ROC curve was constructed 

by plotting { } / { }t thresTPR FEF FEF versus { } / { }t thresFPR AI AI  as threshold was varied. 

Between CC and TI, if the ROC curve for one measure is more biased toward the TPR axis, this 

measure is said to perform better in discriminating between the true and false populations. The 

diagonal line on the TPR-FPR plane is equivalent to random guesses. 

Fifth, a clustering analysis was applied to maps generated from 7 seed regions, including 

dACC, bilateral AIs, bilateral FEF, and bilateral IPS. The purpose was to examine whether TCN 

and DAN, two functional networks known to be comprised of these regions, could be correctly 

segregated by CC and TI. Each map, generated by either CC or TI, was treated as a vector in a 

high dimensional feature space (Cohen et al., 2008). The Euclidean distance between two feature 

vectors was calculated to determine the similarity of the two spatial maps. If two regions 

belonged to the same functional network, the connectivity maps seeded in these two regions 

should be more similar (shorter Euclidean distance) than the connectivity maps generated by two 

seed regions belonging to different functional networks (longer Euclidean distance). K-means 

algorithm (k=2) (MacQueen, 1967) was used to segregate feature vectors. Similar approach has 

been applied in previous functional mapping studies (Fox et al., 2006).  
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5.3 Results 

5.3.1 Random Permutation and Total Interdependence 

We start by assessing the degree of temporal relationship between two BOLD signals that 

is not captured by cross correlation (CC). Resting-state recordings from a typical voxel in the 

dorsal anterior cingulate cortex (dACC) and a typical voxel in the right anterior insula (rAI) were 

displayed in Figure 5-1A. Surrogate data, created by randomly but synchronously shuffling the 

time indices of both time series, were shown in Figure 1B. Despite the qualitative difference in 

appearance between the original data and the shuffled data, CC was not changed (see Eq. (1)), 

equaling to r=0.63 for both cases. However, total interdependence (TI) was reduced from 0.64 

(Figure 5-1A) to 0.51 (Figure 5-1B), a reduction of (0.51-0.64)/0.64=-20%. This percentage 

change reflected the amount of temporal relationship occurring across non-zero lags that were 

unaccounted for by CC. In Figure 5-2, for select pairs of regions in the default mode network, the 

percentage change averaged across subjects was -4% for PCC-PCC (posterior cingulate cortex), -

9% for PCC-mPFC (medial prefrontal cortex), -14% for PCC-lIPL (left inferior parietal lobe), 

and -28% for PCC-rIPL (right inferior parietal lobe). For select pairs of regions in the task 

control network, the percentage change averaged across subjects was -6% for dACC-dACC, -

19% for dACC-rAI, and -22% for dACC-lAI (left anterior insula).  

5.3.2 Default Mode Network 

The connectivity between the seed voxel in PCC and all other voxels in the brain was 

evaluated using CC and TI. Figure 5-3 showed the resultant maps after taking t>5.20 (FDR 

corrected, p<0.002) as the threshold for both measures; voxels that were in anti-phase 

relationship with the seed voxel were excluded. Both CC and TI maps resembled the known 

spatial structure of the DMN, and the spatial correlation between the two maps was 0.83, 

indicating that they were similar. Closer examination of Figure 5-3 revealed that CC and TI maps 
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overlapped differently in different DMN regions. For PCC, mPFC, and lIPL, where the two maps 

were more similar, the spatial overlap between the two maps, which was the ratio between the 

number of overlapping voxels and the number of voxels in the union of CC and TI maps, was 

77% for PCC, 65% for mPFC, and 35% for lIPL. For rIPL, where the two maps were least 

similar, the spatial overlap was 20%. These findings were in agreement with Figure 5-2, which 

showed that for PCC-PCC, PCC-mPFC, and PCC-lIPL, the temporal relationship that was not 

captured by CC was relatively small, at -4%, -9%, and -14%, respectively, whereas for PCC-

rIPL, the amount of temporal relationship missed by CC was larger, at -28%.  

5.3.3 Task Control Network 

The connectivity between the seed voxel in dACC and all other voxels in the brain was 

evaluated using CC and TI. The CC map in Figure 5-4 (t=5.20, FDR corrected, p<0.002) 

included dACC and bilateral AIs, the three established regions of TCN (Dosenbach et al., 2006), 

as well as right frontal eyefield (rFEF) and right middle frontal gyrus (rMFG), two areas of the 

frontal-parietal attention system (Corbetta and Shulman, 2002; Corbetta et al., 2008). In contrast, 

using the same threshold, the TI map included only dACC and bilateral AIs, suggesting that TI 

was able to identify TCN more precisely, without having to contend with the intrusion from 

areas belonging to other networks. The spatial correlation between the CC map and the TI map 

was 0.48, suggesting that relative to DMN where the spatial correlation between CC and TI maps 

was 0.83, the two maps for TCN were more discrepant.  

The dACC-seeded CC and TI maps were examined further by comparing them with the 

task-defined TCN (Figure 5-5A). By not selecting an a priori threshold, dACC-seeded maps in 

the right hemisphere were represented as color-coded t-values (t>0) in Figures 5-5B and 5-5C. 

For TI (Figure 5-5C), the three regions of the TCN network were clearly delineated with sharp 

and clearly defined boundaries, whereas for CC (Figure 6-5B), dACC and AI clusters were more 
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diffuse and the map included other regions not belonging to TCN, including FEF, MFG, 

intraparietal sulcus (IPS), and temporal parietal junction (TPJ). Similar effects were found in the 

left hemisphere. In Figure 5-5D, the spatial correlation between the task-defined TCN and the 

dACC-seeded TI and CC maps revealed that over a broad range of threshold values, the TI map 

has larger overlap with the task-defined TCN than the CC map. The number of suprathreshold 

voxels in TI and CC maps that did not belong to the task-defined TCN, plotted as a function of 

threshold in Figure 5-5E, demonstrated that the TI contained fewer false-positive detections than 

CC.  

5.3.4 ROC Analysis of Statistical Sensitivity 

The statistical sensitivity of TI and CC was tested using the receiver operator characteristic 

(ROC) curve method. Between two measures, the measure whose ROC curve is more biased 

toward the true positive rate (TPR) axis is said to perform better in discriminating between a true 

and a false population. For dACC-seeded maps, voxels in task-activated AI formed the true 

population, and voxels in task-activated FEF formed the false population. In contrast, for rIPS-

seeded maps, true and false populations were reversed. The ROC curves obtained from TI for 

both cases indicated that it exhibited superior statistical sensitivity in correctly deciding the 

network membership of predefined voxels.  

5.3.5 Clustering Analysis 

Past work has used resting-state connectivity maps as feature vectors to divide brain 

regions into distinct functional networks through clustering analysis (Church et al., 2009; Hlinka 

et al., 2011). As shown in Figure 5-7A, for TI, the dACC-seeded spatial map and bilateral AI-

seeded spatial maps were clustered together to form one network, in agreement with prior 

knowledge that these areas belong to TCN (Dosenbach et al., 2006). Bilateral FEF-seeded and 

bilateral IPS-seeded maps, on the other hand, were clustered together to form another network, 



 

80 

again in agreement with prior knowledge that these areas belong to DAN (Corbetta and Shulman 

2002; Seeley et al., 2007). In contrast, for CC (Figure 5-7B), bilateral FEF-seeded, dACC-seeded 

and bilateral AI-seeded maps were incorrectly clustered together to form one network, and the 

bilateral IPS-seeded maps were clustered together to form another.  

5.4 Discussion 

Prevailing methods for resting-state functional connectivity analysis do not take into 

account the time series structure in resting-state fMRI data. We propose to address this problem 

by introducing a method called total interdependence (TI). It was shown that, when combined 

with a random permutation approach, TI can reveal the degree of temporal dependence between 

BOLD signals that were not captured by the traditional zero-lag cross correlation (CC) method. 

Functionally, TI was able to more precisely identify the three constituent regions of the task 

control network, which were further validated by the task-state data recorded during the same 

experiment. Finally, we showed that TI performed better in a clustering analysis of network 

segregation and exhibited superior statistical sensitivity.   

5.4.1 Measures of Temporal Relationship 

Seed-based connectivity analysis can reveal brain regions whose activities co-vary with 

that of the seed region. Such covariations have been taken to indicate shared functionality and 

are the basis for defining functional networks (Biswal et al., 1995; Buckner et al., 2008; Fox et 

al., 2006; Vincent et al., 2007). Which statistical measure is chosen to perform functional 

connectivity mapping, however, could significantly influence the outcome. Zero-lag cross 

correlation coefficient, by far the most widely practiced, is a linear method and does not take into 

account the temporal dependence beyond the contemporaneously acquired data points. Past work 

has pointed out its weaknesses (Garofalo et al., 2009). A recent study by Hlinka et al. (2011) 

adopted mutual information to measure both linear and nonlinear portions of the interaction 
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between fMRI time series. They found that the nonlinear portion is negligible for the reason that 

fMRI time series are well-approximated by Gaussian stationary processes. Recognizing the 

presence of temporal relationship across different scans, Curtis et al. (2005) introduced spectral 

coherence to measure functional connectivity between different brain regions, disclosing 

modulated frontal-parietal interactions in a working memory task. To what extent the temporal 

relationship across different scans may impact resting-state connectivity analysis remains to be 

clarified. This is the main objective of the present study. 

Our starting point is the introduction of total interdependence in Eq. 5-2.  Although TI is 

defined in terms of spectral coherence, the formula in Eq. 5-2 allows it to be interpreted as the 

total amount of mutual information between two Gaussian stationary processes (Gelfand and 

Yaglom 1959). Geweke (1982) further demonstrated that the quantity in Eq. 5-2 can be 

decomposed into 3 components, namely,   

,x y x y y x xyTI F F F    ,                      (5-4) 

where x yF  is the causal influence from x to y, y xF   is the causal influence from y to x, and 

xyF is the instantaneous causality between x and y, reflecting possible common input (Brovelli et 

al., 2004; Ding et al., 2006; Goebel  et al., 2003; Granger, 1967; Jiao et al., 2011; Rajagovindan 

and Ding, 2011; Roebrock et al., 2005). In light of the fact that these three components represent 

the only ways two time series can interact with one another, we thus term the quantity in Eq. 5-2 

total interdependence.  

5.4.2 Temporal Structures in Resting-State fMRI Data 

A bivariate white noise process, whose power spectra are flat, exhibits only 

contemporaneous correlation. CC captures the entire temporal dependence for such processes. 

However, neurobiological time series, including BOLD signals, are usually not white noise 
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processes. Being able to assess the amount of temporal relationship missed by CC is thus a key 

step towards understanding its limitations. We proposed to accomplish this by randomly but 

synchronously shuffling the time indices of two fMRI time series and comparing TI before and 

after this randomization. The result showed that CC stayed unchanged while TI was reduced 

after temporal order randomization. Because for white noise there should be no reduction in TI, 

the percentage of the reduction following the temporal randomization procedure can thus be 

viewed as the amount of temporal relationship not captured by CC.  

For the voxel pairs in the default mode network (DMN), the amount of uncaptured 

temporal relationship varied from quite substantial (PCC-rIPL at 28%) to less substantial (PCC-

PCC at 4%, PCC-lIPL at 9%, and PCC-mPFC at 14%); see Figure 5-2. In agreement with this, 

the PCC-seeded CC map and TI map were more overlapped in PCC, mPFC, and lIPL, but less 

overlapped around rIPL; see Figure 5-3. Past work has shown that DMN is functionally more 

lateralized to the left hemisphere (Buckner et al., 2008, 2009). This means that PCC-rIPL may 

not be as strongly coupled as PCC-lIPL. The CC approach, measuring only part of the total 

interdependence, may work even less effectively in this case when connectivity is relatively 

weak to begin with. For the voxel pairs in the task control network (TCN), similar patterns of TI 

reduction were observed, as seen in Figure 5-2. 

Physiologically, besides temporal correlations inherent in various rhythmic neural 

activities, neural transmission and processing delays (Nishitani and Hari, 2002; Schmolesky et 

al. 1998; Van Essen et al., 1992) between different nodes of a large-scale network, and variations 

in the hemodynamic response functions (Aguirre et al., 1998; Handwerker et al., 2004; Kruggel 

and von Cramon, 1999) are other contributing factors to the presence of temporal dependence 

beyond the zero-lag. Our observation that uncaptured temporal dependence by CC is more 
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substantial for voxel pairs between far-separated regions than for voxel pairs within a region can 

be seen as a manifestation of these factors. On the other hand, while TI is reduced for dACC-

dACC and PCC-PCC following random shuffling, the reduction is much less severe relative to 

that of interregional TI, indicating that the temporal relationship between functionally similar 

voxels in the same brain region is dominated by contemporaneous dependence.  

5.4.3 Functional Significance of TI 

As shown in Figure 5-2, the degree of temporal relationship not captured by CC can vary 

from ROI pair to ROI pair, and from network to network, causing differences in spatial maps 

established by CC and TI. How to evaluate the functional significance of these differences? We 

addressed this by combining task-state data with resting-state data and by focusing on the three 

core regions in the task control network. Temporal randomization test revealed that for dACC-

rAI and dACC-lAI, about 20% of the temporal relationship was not captured by CC. The dACC-

seeded CC map included FEF, an area of the dorsal attention network, in addition to more 

diffusely defined dACC and bilateral AIs, members of the task control network. In contrast, the 

dACC-seeded TI map was free from the confounding influences from other networks and 

contained sharply-defined dACC and bilateral AIs, which were further shown to be highly 

consistent with the three core regions defined by our attention task; see Figures 5-4 and 5-5. 

Functional imaging studies have firmly established the role of dACC and bilateral AI in 

exerting control over behavioral performance at the task level in a variety of experimental 

contexts (Botvinick et al., 2004; Dosenbach et al., 2006; Kerns et al., 2004; Nelson et al., 2010; 

Sridharan et al., 2008). Resting-state connectivity analysis based on cross correlation, however, 

has to date often not been able to unequivocally establish dACC and bilateral AI as forming a 

distinct resting-state functional network (Seeley et al., 2007). The consistent inclusion of areas 

such as FEF and lateral prefrontal regions in CC maps has led to the debate of whether these 
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additional areas should be considered part of the task control network (Church et al., 2009; 

Dosenbach et al., 2006; Fox et al., 2005; 2006; Mennes et al., 2010; MacDonald et al., 2000). 

Whereas independent component analysis (ICA) can sometimes identify the three core regions of 

TCN, it is often the case that the ICA components containing this network often contain 

additional regions such as dorsal lateral prefrontal cortex, anterior frontal lobe, supplementary 

motor areas, or temporal lobe (Beckmann et al., 2005; De Luca et al. 2006). There were even 

reports where dACC is missing from the ICA component (Damoiseaux et al. 2006; 2008). In 

light of the foregoing, TI, with its ability to clearly establish dACC and bilateral AI as forming a 

distinct functional network at rest, provides results more in line with task-based imaging studies, 

and thus represents an improvement over previous methods.  

Analogous to the task control network, the FEF-seeded map constructed with CC (not 

shown) always includes dACC and AI regions (Fox et al., 2006), in addition to the other dorsal 

attention network areas. This is again inconsistent with the task-based imaging studies where the 

different functional roles played by the two networks have been carefully delineated. The 

application of connectivity measures such as TI, which takes into consideration of the overall 

temporal interdependence between BOLD signals, can help resolve these inconsistencies. 

Although by applying a more stringent threshold CC can generate maps that better resemble the 

TCN activation map the match remains not as precise as the TI map. Figures 5-5D and 5-5E 

address this point. Over a broad range of threshold values the spatial correlation between the CC 

map and the task-defined TCN is lower than that between the TI map and the task-defined TCN. 

As the threshold increases, the regions included in the CC map begin to shrink rapidly, whereas 

the regions included in the TI map stay relatively constant. The ROC curve analysis and the 
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clustering analysis (Figures 5-6 and 5-7) further demonstrate TI as exhibiting better statistical 

characteristics than CC.  

5.4.4 Estimation of TI 

TI is defined in terms of spectral coherence (Eq. 5-2). There are two ways to compute 

spectral coherence from time series data: nonparametric Fourier-based methods and parametric 

AR-based methods. For long and relatively noise-free time series, Fourier based spectral analysis 

and AR-based spectral analysis produce similar results (Dhamala et al., 2008). Functional fMRI 

data, whether recorded during resting-state or during task-state, are often short and noisy. 

Nonparametric spectral analysis is not optimal for this type of data. Parametric spectral analysis 

based on AR model fitting is known to be more robust and can provide smooth and accurate 

spectral estimates (Ding et al., 2000; Jiao et al., 2011; Wen et al., in press). This is the reason 

behind our adoption of the parametric AR method to assess the performance of TI. It should be 

note that filtering can impact the value of TI. In this study resting-state fMRI data were band-

pass filtered between 0.01-0.1 Hz (Lowe et al., 2000; Fox et al., 2005, 2006). This commonly 

applied filter allowed us to compare our results with the results of other resting-state studies.   



 

86 

 
A 

 

B 

 
Figure 5-1. Original and randomly shuffled BOLD signals. A: Resting-state fMRI data from 

dorsal anterior cingulate cortex (dACC) and right anterior insula cortex (rAI). 

Bandpass filtering between 0.01 and 0.1 Hz was applied. B: Surrogate data where the 

time indices for the two BOLD signals in Figure 5-1A were randomly but 

synchronously shuffled. Cross correlation (CC) remained the same for both Figure 5-

1A and 5-1B. The reduction in total interdependence (TI) was indicative of the 

amount of temporal relationship between the two signals in Figure 1A not captured 

by CC.  
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Figure 5-2. Reduction in total interdependence (TI) after temporal randomization.  dACC and 

posterior cingulate cortex (PCC) were chosen as seed regions for the task control 

network (TCN) and the default mode network (DMN), respectively. mPFC: medial 

prefrontal cortex; lIPL: left inferior parietal lobe; rIPL: right inferior parietal lobe; 

rAI: right anterior insular; lAI: left anterior insular. 
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Figure 5-3. PCC-seeded connectivity maps. Both the CC map (red) and the TI (green) map 

contained the major nodes in the default note network (DMN) (t=5.20, p<0.002, FDR 

corrected for both CC and TI). The overlap (yellow) between the two maps was 

higher in mPFC, lIPL, and PCC than in rIPL. rIPL and lIPL regions were magnified 

to facilitate visual comparison. 
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Figure 5-4. dACC-seeded connectivity maps. Although both the CC map (red) and the TI map 

(green) contained dACC, rAI, and lAI, the three nodes in TCN (t=5.20, p<0.002, 

FDR corrected for both CC and TI), the CC map also contained regions beyond TCN, 

including frontal eyefield (FEF), middle frontal gyrus (MFG), and middle cingulate 

gyrus (MCG). 
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                       D                                                 E 

 
Figure 5-5. Comparison between task-state and resting-state data. A: Regions activated by the 

attention task were marked by circles. TCN was highlighted. B: dACC-seeded CC 

map from resting-state data. C: dACC-seeded TI map from resting-state data. Group 

level t-values were color-coded and projected on a flattened brain surface template of 

the right hemisphere. The CC map (B) was more diffuse and contained many regions 

not belonging to TCN. In contrast, the TI map (C) was more localized and matched 

more precisely the TCN activated by the attention task. D: Spatial correlation 

between the task-activated TCN and suprathreshold resting-state CC and TI maps. E: 

Number of voxels in suprathreshold TI and CC maps that do not belong to the task-

activated TCN. IPS: intraparietal sulcus; TPJ: temporoparietal junction.  
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Figure 5-6. ROC analysis of statistical sensitivity. A: True positive rate (TPR) versus false 

positive rate (FPR) as function of discrimination threshold when deciding whether a 

predefined voxel belonged to TCN in the dACC-seeded resting-state maps. Task-

activated voxels in rAI and rFEF were defined as the true and false populations. B: 

TPR versus FPR when deciding whether a predefined voxel belonged to DAN in the 

rIPS-seeded resting-state maps. Task-activated voxels in rFEF and rAI were defined 

as the true and false populations. In both cases TI achieved superior statistical 

sensitivity over CC. 
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Figure 5-7. K-means clustering analysis. A: TI maps, treated as feature vectors, allowed the 

correct grouping of brain regions into the two known function networks: TCN 

(orange) and DAN (blue). B: CC maps, treated as feature vectors, made the incorrect 

assignment of rFEF and lFEF to TCN.  
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Table 5- 1. Center coordinates of task-activated regions of interest 

 

ROI 

 MNI coordinate (mm) 

t-value p (FDR) x         y         z 

dACC 14.64 <0. 0002 6  12  48 

rAI 16.57 <0. 0002 36 27 6 

lAI 14.11 <0. 0002 -30  21 0 

rIPS 18.38 <0. 0002 42 -48 51 

lIPS 12.90 <0. 0002 -30 -63 54 

rFEF 10.68 <0. 0002 30 0 57 

lFEF 9.63 <0. 0002 -30 -3 54 

dACC: dorsal anterior cingulated cortex; AI: anterior insular; IPS: inferior parietal sulcus; 

FEF: frontal eyefield; p: significance level; MNI: Montreal Neurological Institute; r: right; l: left.  

 

 

Table 5- 2. Center coordinates of regions of interest in DMN 

ROI 
 MNI coordinate (mm) 

t-value p (FDR) x y z 

PCC 10.51 <0.0002 3 -54 27 

MPFC 27.35 <0.0002 -9 60 21 

rIPL 9.63 <0.0002 48 -63 24 

lIPL 13.78 <0.0002 -51 -69 27 

PPC: posterior cingulate cortex; MPFC: medial prefrontal cortex; IPL: inferior parietal 

lobule; DMN: default mode network. Conventions are otherwise the same as Table 5-1. 
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CHAPTER 6 

VISUAL INPUT INCREASES THE COUPLING BETWEEN VISUAL ALPHA 

OSCILLATIONS AND DEFAULT MODE ACTIVITY 

6.1 Introduction  

Field oscillations in the alpha range (8-12 Hz) are a prominent feature of human 

electroencephalogram (EEG) over the occipital-parietal cortex. The genesis and function of alpha 

has been the subject of intense study since the 1920s (Berger, 1929; Shaw, 2003; Lopes da Silva, 

1991; Bollimunta et al. 2008; 2011). It is generally believed that for a given brain state (e.g., 

attention versus relaxed wakefulness), the magnitude of alpha is an inverse indicator of cortical 

excitability, with smaller alpha associated with improved visual processing. Goal-oriented 

increase of alpha, therefore, has been interpreted as reflecting a mechanism of active inhibition 

of task-irrelevant cortices (Klimesch, 1996; Jensen et al., 2002). In tasks demanding externally-

oriented attention, alpha power, on average, is reduced over task-relevant cortices (Sauseng et al. 

2005; Rajagovindan & Ding, 2011). Momentary increase of alpha power over these task-relevant 

cortices is indicative of decreased level of attention and worsened task performance (Macdonald 

et al. 2011). A recent study examining the neural signature of attention lapses has found 

increased alpha band oscillation up to 20 s prior to the occurrence of an error (O’Connell et al., 

2009).  

The level of BOLD activity in the default mode network (DMN), a key system mediating 

introspective processes such as mind wandering (Mason et al., 2007; Christoff et al., 2009), 

appears to exhibit behavior similar to that of alpha. It is suppressed or deactivated on average 

when subjects are actively engaged in demanding cognitive tasks (Buckner et al., 2008). Stronger 

deactivation of the DMN is associated with greater activation of the sensory cortices (Greicius 

and Menon, 2004). Attentional lapses, characterized by ineffective stimulus processing and 
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decreased task performance, are associated with momentarily insufficient deactivation of the 

DMN (Weissman et al. 2006; Eichele et al. 2008).  

Based on these functional data, it seems reasonable to expect that alpha power and DMN 

activity be positively correlated, and this property should persist even in the absence of tasks. 

This hypothesis has been subjected to experimental test using the simultaneous EEG-fMRI 

technique. Despite repeated attempts (H. Laufs et al., 2003; Moosmann et al., 2003; Goldman et 

al., 2002; H Laufs et al. 2003; H Laufs et al., 2006), however, supporting evidence remains 

lacking. A closer examination of the literature suggests one possible reason, namely, resting-state 

data were often recorded with the eyes closed. Such data may not be ideally suited to model 

observations made under conditions of active visual processing. From a functional standpoint, 

positive alpha and DMN BOLD correlation, implying concurrent increase and decrease of alpha 

and DMN BOLD, may serve to gate out sensory input to protect introspective processes from 

external interference. This protection is only necessary in the presence of visual input. Moreover, 

the act of opening the eyes is known to reorganize brain activity; for example, it (1) suppresses 

alpha (Berger, 1929; Moosmann et al., 2003) and (2) increases functional connectivity within 

DMN (Yan et al., 2011).  

In this study we sought to examine the relationship between occipital alpha oscillations and 

DMN activity by recording simultaneous EEG and fMRI in two types of resting-state sessions: a 

traditional eyes-closed session and a nontraditional eyes-open session. Group ICA was applied to 

the fMRI data to identify the regional components of the DMN. Alpha power fluctuations were 

extracted from visual EEG channels using short-time Fourier transforms and convolved with a 

canonical hemodynamic response function (HRF). The HRF-convolved alpha power time series 

were then correlated with the concurrent BOLD activity to assess their coupling. 
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6.2 Methods 

6.2.1 Experimental procedure and data acquisition 

Ten healthy college students with normal or corrected-to-normal vision participated in the 

study in exchange of course credit. The experimental protocol and data acquisition procedure 

were approved by the institutional review board of the University of Florida. Prior to 

participation informed consent was obtained from all participants.  

The experiment consisted of two resting-state fMRI sessions each lasted 7 minutes. 

Participants were instructed to remain still, not to think any systematic thought, and keep their 

eyes closed during one session. During the other session, they were asked to open their eyes and 

fixate on a fixation cross presented at the center of an MR-compatible monitor, and the 

instructions were otherwise the same. The order of the two sessions was randomized across 

participants.  

EEG acquisition: EEG data were recorded using a 32-channel MR-compatible EEG 

system (Brain Products GmbH). 31 sintered Ag/AgCl electrodes were placed according to the 

10-20 system and one additional electrode was placed on the participant’s upper back to monitor 

electrocardiograms (ECG) used subsequently to remove the cardioballistic artifact. The 

impedance from all scalp channels was kept below 10 kΩ during the entire recording session as 

recommended by the manufacturer. The online band-pass filter had the cutoff frequencies at 0.1 

and 250 Hz. The filtered EEG signal was then sampled at 5 kHz and digitized to 16-bit digital 

signal. The digitized signal was then transferred to the recording computer via a fiber-optic 

cable. The EEG recording system was synchronized with the scanner’s internal clock throughout 

the recording session. The synchronized recording technique along with a high sampling rate was 

essential to ensure the successful removal of the gradient artifact. 
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fMRI acquisition: Functional images were acquired on a 3-Tesla Philips Achieva whole-

body MRI system (Philips Medical Systems, Netherlands) using a T2*-weighted echoplanar 

imaging (EPI) sequence [echo time (TE) = 30ms; repetition time (TR) = 1980ms; flip angle = 

80°]. Two hundred and twelve (212) volumes of functional images were acquired during each 

experimental session, with each whole-brain volume consisting of 36 axial slices (field of view: 

224 mm; matrix size: 64×64; slice thickness: 3.50mm; voxel size: 3.5×3.5×3.5mm). A T1-

weighted high resolution structural image was obtained for each subject after the two resting-

state sessions.  

6.2.2 Data preprocessing 

Dataset from two participants were excluded as they self-reported falling asleep during at 

least one of the sessions. The final dataset analyzed in this study contained 8 participants (4 

females; mean age: 20.1±2.42). 

EEG data: EEG data were contaminated by two sources of artifacts: gradient and 

cardioballistic. The gradient artifact was removed by subtracting an average artifact template 

from the EEG data as implemented in Brain Vision Analyzer 2.0 (Brain Products GmbH). The 

gradient artifact template was constructed by using a sliding-window approach which involved 

averaging the EEG signal across 41 consecutive volumes. The cardioballistic artifact was 

removed by an average artifact subtraction method proposed in (Allen et al. 1998). In this 

method, the R peaks were detected in the ECG recording in a semiautomatic way and then 

utilized to construct a delayed average artifact template over 21 consecutive heartbeat events. 

The cardioballistic artifact was then removed by subtracting the average artifact templates from 

the EEG data. After these two steps, the EEG data were then band-pass filtered between 

0.5~50Hz, down-sampled to 250 Hz, and re-referenced to the average reference. The MR-

corrected EEG data were then exported to EEGLAB (Delorme and Makeig, 2004) to correct for 
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eye-blinking, residual cardioballistic, and movement-related artifacts using SOBI (Second Order 

Blind Identification; Belouchrani et al., 1993). Recent work has shown that SOBI was effective 

in removing the cardioballistic artifact (Vanderperren et al., 2010), as well as in separating EEG 

data into interpretable components (Tang et al., 2005; Klemm et al., 2009). 

fMRI data: fMRI data preprocessing was performed in SPM5 

(http://www.fil.ion.ucl.ac.uk/spm/). The first 5 scans for each session were discarded in order to 

eliminate the transient effects. Preprocessing steps included slice timing, motion correction, 

normalization to the Montreal Neurological Institute (MNI) template and re-sampling of the 

functional images into a voxel size of 3×3×3 mm3 (Friston et al., 1995). Normalized images 

were spatial-smoothed by using an 8 mm FWHM (Full Width at Half Maximum) Gaussian core. 

Global scaling was then applied to remove the global signal from the BOLD time series. The 

BOLD time series were then high pass filtered with a cutoff frequency at 1/128 s. 

6.2.3 Estimation of alpha power time series  

The EEG data from three occipital channels: O1, O2, and Oz were selected. The average 

power spectra for eyes-closed or eyes-open sessions were obtained using the Welch’s method.  

The alpha power time series were constructed for each subject by the following two steps. First, 

EEG signals were segmented into 500 ms non-overlapping epochs. Epochs that contained motion 

or muscle artifact were selected by visual inspection and replaced by linearly interpolating the 

alpha band power between epochs before and after the artifact period. Second, the EEG power 

spectrum for each single epoch was calculated using a nonparametric multitaper approach (Mitra 

and Pesaran, 1999), and the alpha band power was extracted by integrating the power spectrum 

between 8 and 12Hz.  Following convolution with a canonical hemodynamic response function 

(HRF), downsampling to the same sampling frequency as the BOLD time series, and 
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normalization by 1) subtracting the mean and 2) dividing the mean-removed data by its standard 

deviation, we obtained the HRF-convolved alpha power time series.  

6.2.4 Evaluation of functional relationship between alpha power and BOLD activity 

To identify brain regions whose BOLD activities co-vary with EEG alpha power, we 

examined the temporal correlations between HRF-convolved alpha power time series and BOLD 

time series extracted from all voxels using the zero-lag cross correlation coefficient (Goldman et 

al., 2002; Fox et al., 2005; Mantini et al., 2007). Brain regions showing significant alpha-BOLD 

correlation at the group level was identified for eyes-open and eyes-closed conditions by a voxel-

wise one-sample t-test on the Fisher transformed correlation coefficients from all subjects. To 

assess the systematic difference in alpha-BOLD correlation between the two resting-state 

conditions, we constructed a group-level contrast map by performing a paired t-test with 

experimental condition as a within-subjects factor.  

As an alternative approach to construct the alpha-BOLD correlation map, HRF-convolved 

alpha power time series was introduced as a parametric regressor, modeling the modulatory 

effects of alpha on BOLD. Six additional regressors accounting for the six degrees of freedom of 

the rigid body movement were included as nuisance covariates in the general linear model 

(GLM). Regions showing significant alpha-BOLD correlation were identified within each 

subject by testing the appropriate coefficient in the linear regression model. Group-level maps 

were constructed by performing second-level analyses based on the statistical maps obtained 

from the within-subjects analyses.  

6.2.5 Identification of resting state networks (RSNs) by ICA 

To assess the spatial distribution of resting-state networks, independent component 

analysis (ICA) was applied to the BOLD time series using the GIFT toolbox 

(http://icatb.sourceforge.net/). The BOLD time series from all subjects and both eyes-open and 
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eyes-closed conditions were concatenated (number of time points: 207×8×2) before entering the 

GIFT toolbox. According to the Minimum Description Length (MDL) criteria twenty five 

aggregate independent components (ICs) were identified. 

 

6.3 Result 

6.3.1 EEG spectral analysis 

Following the removal of gradient and cardioballistic artifacts, alpha oscillations are 

clearly revealed in both eyes-closed and eyes-open conditions in Figure 6-1A for a typical 

subject. At the group level, average power spectra from the three occipital channels are shown in 

Figure 1B, where the mean peak frequency is centered around 10 Hz (eyes-closed session: 9.38 ± 

1.48 Hz; eyes-open session: 10.00 ± 0.78 Hz). The average alpha power under the eyes-open 

condition was significantly lower than that under the eyes-closed condition (p < 0.05), 

demonstrating the well-established phenomenon of “alpha blockade,” initially described by 

Berger (Berger, 1929; Moosmann et al., 2003).  

6.3.2 Alpha-BOLD correlation analysis  

To demonstrate alpha power fluctuation, EEG data from a representative subject under the 

eyes-open condition was filtered between 8 and 12 Hz in Figure 6-2A, and the amplitude profile, 

referred to as alpha power time series, is superimposed. Over the 7 minute recording session, 

alpha power time series exhibits strong fluctuations, seen in Figure 6-2B. In Figure 6-2C, the 

HRF-convolved alpha power time series is plotted together with the simultaneously recorded 

BOLD time series from mPFC, a key hub of the DMN, where the zero-lag correlation coefficient 

between the two time series is 0.43 (p<0.0001). The positive correlation map between posterior 

alpha and BOLD activity is shown in Figure 6-3. With the eyes closed, no significant positive 

correlation was found between the HRF-convolved alpha power time series and BOLD activity 
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(Figure 6-3A), whereas upon eyes opening, the posterior alpha power became positively 

correlated with BOLD activity within posterior cingulate cortex (PCC, p<0.005 uncorrected) and 

medial prefrontal cortex (mPFC, p<0.005 uncorrected) (Figure 6-3B), both key hubs of the DMN 

(Buckner et al., 2008).  

The negative correlation map is shown in Figure 6-3D, revealing a frontoparietal network, 

consistent with the finding of a previous study (Laufs et al., 2003a). It is interesting to note that 

the same network is found for both eyes-open and eyes-closed conditions. By using the GLM 

approach, the same negative correlated map is revealed by coefficient for the HRF-convolved 

alpha power time series under both conditions. 

6.3.3 Eyes-closed versus eyes-open conditions 

The difference map was derived from 2nd level paired t-test between eyes-closed and eyes-

open conditions. Clusters showing significant differences in positive alpha-BOLD correlation are 

reported in Figure 3C. In addition to PCC and mPFC, additional areas within the DMN are 

revealed, including bilateral inferior parietal lobule (IPL) and left inferior temporal cortex (ITC). 

The coordinates of the above regions are listed in Table 1. As a comparison, the DMN obtained 

by applying the ICA algorithm to the resting-state fMRI data is shown in Figure 6-4. The 

similarity between Figure 6-3C and Figure 6-4 suggests that alpha power is preferentially 

coupled with DMN activity under the eyes-open condition. 

6.4 Discussion 

In this study we examined the correlation between EEG alpha power fluctuation and 

BOLD activity under both eyes-closed and eyes-open resting state conditions. Consistent with a 

previous report, the posterior alpha power is negatively correlated with BOLD activity in a 

frontoparietal network during both eyes-open and eyes-closed resting conditions (Laufs et al., 

2003a). Positive alpha-BOLD correlation was not found for the eyes-closed condition but was 
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found in mPFC and PCC, two key nodes of the default mode network, for the eyes-open 

condition. Additional DMN areas were revealed when alpha-BOLD correlation maps of eyes-

open condition are contrasted against the maps of eyes-closed condition.  

Previous simultaneous EEG-fMRI studies examining the relationship between fluctuations 

in EEG power and resting state BOLD activity have found that major resting state networks in 

general are correlated with power fluctuations in multiple bands of EEG oscillations (Mantini et 

al., 2007). In particular, alpha power fluctuation was found to be negatively correlated with 

BOLD activities within a frontoparietal network (Laufs et al., 2003a, 2003b, 2006). Functional 

imaging studies show that higher alpha power and DMN activity precedes momentary lapses in 

attention (Weissman et al., 2006; Eichele et al., 2008; O’Connell et al., 2009), while the lower 

alpha power and DMN activity usually relate to higher attentional demand towards external cue 

and enhanced sensory processing (Foxe et al., 1998; McKiernan et al., 2003; Thut et al., 2006). 

Based on this observation, one may expect a positive correlation between alpha power and DMN 

activity. However, no direct relationship between the two under resting conditions has been 

reported to date. Noticing that only the eyes-closed condition is employed in typical fMRI-EEG 

resting-state studies, we reasoned that such a condition is not a good model for tasks involving 

active visual processing. By including the eyes-open condition, we report the first evidence of 

positive correlation between alpha power and DMN activity.  

Strengthened alpha oscillation is indicative of inhibition of visual cortices (Klimesch, 

1996; Klimesch et al., 2007). Empirical evidence in support of this theory includes 1) increased 

alpha oscillatory power during internal tasks such as mental imagery and working memory 

(Cooper et al., 2003; Sauseng et al., 2005), and 2) decreased alpha during external oriented visual 

attention (Worden et al., 2000; Thut et al., 2006; Rajagovindan and Ding, 2010). Increased alpha 
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over the occipital regions during internal tasks suppresses visual processing to protect internal 

processes from being disrupted by external sensory input; decreased occipital alpha during 

external attention tasks increases the excitability of visual cortex and facilitates sensory 

processing.  

The default mode network is thought to reflect task-independent introspective processes 

(Buckner et al., 2008). Phenomena such as mind wandering have been associated with higher 

levels of activity within the default mode network, and contribute to attention lapses (Weissman 

et al., 2006; Mason et al., 2007; Eichele et al., 2008; Christoff et al., 2009). Using fMRI, a prior 

study has reported a negative correlation between DMN activity and the activation level in 

sensory cortices during a passive sensory stimulation task (Greicius and Menon, 2004).  

Summarizing, during the more externally-oriented state, there is increased excitability in 

the sensory regions as indexed by decreased alpha power, and in the meantime DMN deactivates 

to facilitate task performance. During the DMN mediated internally-oriented state, higher DMN 

activity is accompanied by increased alpha power, which serves to protect internal information 

processing by gating out sensory input. Recent work suggests that in the resting state the brain 

spontaneously switches between a more externally-oriented state and a more internally-oriented 

state. Fransson (2005) reported that the PCC region is negatively correlated with regions that are 

usually involved in sensory processing and motor/movement planning, including bilateral 

premotor cortex, dorsolateral prefrontal cortex, supplementary motor cortex, inferior parietal 

lobe, occipital cortex, and the insula. These results are thought to reflect a basic survival 

technique that enables frequent interruption of introspective and self-referential processes to 

allow individuals to be aware of their surrounding environment and respond to possible 

appetitive or threatening events. Here, we further corroborated this argument by demonstrating 
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that cycles of suppressed DMN activity is coupled with decreased alpha power, indicating 

heightened sensory cortical excitability. Increased alpha power during episodes of increased 

DMN activity, on the other hand, may indicate a sensory gating mechanism that acts to block the 

external sensory information from interfering with the introspective processes (Kelly et al., 

2006).  

The absence of systematic association between alpha power and activity in default mode 

network under eyes-closed resting condition is intriguing. Because of it prior studies have 

generally failed to report any significant correlations between alpha power fluctuation and 

default mode network activity (Goldman et al., 2002; Laufs et al., 2003a, 2003b, 2006; 

Moosmann et al., 2003). A plausible explanation for the lack of alpha-DMN association might be 

that during eyes-closed resting, as no visual information is present, the gating mechanism 

described above is disengaged, and the brain might be engaged in an overall more introspective 

state compared to eyes-opening. Supporting this interpretation is the well-established “alpha 

blockade” phenomenon associated with opening of the eye (Berger, 1929). Recent simultaneous 

EEG-fMRI studies have also shown that the occipital alpha power variation across eyes-open 

and eyes-closed is negatively correlated with BOLD activity level within the visual cortex (Laufs 

et al., 2003a; Moosmann et al., 2003; Feige et al., 2005), signifying decreased visual cortical 

activity during eyes-closed compared to eyes-open conditions. The decreased visual cortical 

activity might allow more resources to be allocated to introspective processes, and render such 

processes less prone to be interrupted by external information. In addition, a recent study 

reported enhanced functional connectivity within the DMN during eyes-open resting state (Yan 

et al., 2009), implicating an enhanced competition of processing resources between internal and 
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external processes. The differential alpha-DMN coupling between eyes-closed and eyes-open 

resting conditions in our study in general agrees with the results reported in the prior study. 
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A                                                                                 B 

 
Figure 6-1. Alpha modulation by eyes-open condition. (A) EEG traces from a typical subject. (B) 

Power spectra from the three occipital channels averaged across subjects. 
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A 

       

B 

  
C 

 
Figure 6-2. Alpha power time series and BOLD time series from a representative subject. (A) 

Alpha oscillations and its amplitude profile referred to the alpha power time series 

(eyes-open). (B) Alpha power time series over the entire 7-minute recording session 

(eyes-open). (C) HRF-convolved alpha power time series, obtained from the same 

alpha power time course in (B), plotted together with the simultaneously acquired 

BOLD time series from mPFC. The zero-lag correlation between the two time series 

is r = 0.43 (p < 0.0001). 
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A                
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Figure 6-3. Alpha-BOLD correlation maps (red: positive correlation and blue: negative 

correlation). Positive correlation map for (A) eyes-closed condition (t>3.47, p < 

0.005), and for (B) eyes-open condition (t>3.47, p < 0.005). (C) Eyes-open map 

minus eyes-closed map (t>3.47, p < 0.005). (D) Negative correlation map (p<0.005, 

eyes-open), and the map is similar for eyes-closed condition. 
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Table 6-1. Coordination of the ROIs in the DMN derived from the contrast map. 
ROI name Coordination (MNI, mm) Puncorrected(cluster level) Puncorrected(voxel level) 

PCC 

ventral mPFC 

dorsal mPFC 

left IPL 

right IPL 

left ITC 

0,-60,39 

-6,48,0 

15,36,60 

-48,-66,36 

51,-63,48 

-63,-6,-27 

0.004 

0.000 

0.000 

0.000 

0.001 

0.000 

0.002 

0.000 

0.000 

0.000 

0.000 

0.000 

 

 

 

 

 

 

 

 

 

 
Figure 6-4. Spatial map of the DMN, comprised with PCC, mPFC, bilateral IPL and ITC, is 

derived from group ICA on resting state fMRI (t>3.47, p < 0.005 uncorrected). The 

coherent DMN regions identified in spatial map of the selected IC and the regions 

identified by the difference between eye-open and eye-closed alpha power correlation 

map (Figure 6-3C) are superimposed. 
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CHAPTER 7 

CONCLUSION 

The functional role of neuronal oscillations in visual stimulus or nociceptive input 

processing and higher-order cognitive processing such as attention and pain regulation was 

investigated along four cogent studies. The utilized imaging techniques cover a broad range of 

spatial resolution, from multiunit activity and local field potential to the whole brain functional 

MRI.  

In the first study, we sought to identify the role of prestimulus ongoing oscillatory brain 

activity in inferotemporal (IT) cortex. Recent work reported the observation of alpha frequency 

oscillations (8 to 12 Hz) in several regions of macaque visual cortex including V2, V4 and IT 

cortex. While alpha-related physiology in V2 and V4 appears consistent with a role in attention-

related suppression, in IT, alpha reactivity appears conflicted with such a role. We addressed this 

issue directly by analyzing laminar profiles of local field potentials and multiunit activities from 

the IT cortex of macaque monkeys during performance of an intermodal selective attention task 

(visual versus auditory). We found that (1) prior to visual stimulus onset (-200 ms to 0 ms), 

attention to visual input increased ongoing alpha power in IT relative to attention to auditory 

input, and (2) in contrast to the prevailing view of alpha inhibition, the increased ongoing alpha 

activity is accompanied by increased concurrent multiunit firing and facilitates visual stimulus 

processing. These results suggest that ongoing alpha oscillations in IT play a different functional 

role than that in the primary sensory cortex and may be part of the neuronal mechanism 

representing task-relevant information in IT.  

In a following study, we assessed the temporal dynamic of a rhythmic clinical quality of 

pain, and investigated the electro-physiology biomarker for this rhythmic pathological process.  

We began by testing the vascular theory of the throbbing quality, which assume that the 
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sensation of throbbing pain arising directly from the activation of localized pain-sensory neurons 

by closely apposed blood vessels. We examined this presumption more closely by 

simultaneously recording the subjective report of the throbbing rhythm and the arterial pulse in 

subjects with throbbing dental pain – a prevalent condition whose pulsatile quality is widely 

regarded a primary sensation.  Contrary to the generally accepted view, which would predict a 

direct correspondence between the two, we found that the throbbing rate (44 bpm ± 3 SEM) was 

much slower than the arterial pulsation rate (73 bpm ± 2 SEM, p<0.001), and that the two 

rhythms exhibited no underlying synchrony. Moreover, the beat-to-beat variation in arterial and 

throbbing events observed distinct fractal properties, indicating that the physiological 

mechanisms underlying these rhythmic events are distinct. Confirmation of the generality of this 

observation in other pain conditions would support an alternative hypothesis, that the throbbing 

quality is not a primary sensation but rather an emergent property, or perception, whose 

"pacemaker" lies within the central nervous system.  As the initial study on the central 

representative of throbbing percept, we reported a patient with an unusual migrainous condition, 

whose isolated throbbing sensations, in the absence of pain or headache, presented the 

opportunity to gain further insights of the mechanisms underlying the throbbing quality.  The 

electroencephalogram (EEG) has been shown by several investigators to be of utility in capturing 

the neurophysiological representations of pain in the brain, as well as the neurophysiological 

correlates of the migraine attack.  The temporal resolution of the EEG is also well suited to 

representing a brain signature of the throbbing rhythm.  As a further investigation, we report the 

results of the psychophysical characteristics of the throbbing rhythm, as well as its 

neurophysiological correlates by EEG from a patient with a persistent throbbing condition in 

association with migraine. Based on the psychophysical examination, a direct correspondence 
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between the throbbing quality and arterial pulsations in the periphery is unlikely, however, the 

overall alpha power increased with the subjective intensity of the throbbing quality.  On closer 

examination we also found that the rhythm of the subjective throbbing experience was phase 

locked to the fluctuation of posterior alpha power, and the phase synchrony, or coherence, 

between the throbbing and alpha power increased with the intensity of the throbbing experience. 

This case illustrates a lack of evidence for the throbbing experience as a primary sensation of 

peripheral origin, and provides the consideration of an alternative possibility, that the throbbing 

quality is a perception whose origins derives from a CNS representation of pain.    

As part of the third study, we introduce a new statistic way in computing resting-state 

functional connectivity and provide a thorough comparison to the conventional connectivity 

measurement. Prevailing methods for resting-state functional connectivity analysis do not take 

into account the time series structure in resting-state fMRI data. We propose to address this 

problem by introducing a method called total interdependence (TI). It was shown that, when 

combined with a random permutation approach, TI can reveal the degree of temporal dependence 

between BOLD signals that were not captured by the traditional zero-lag cross correlation (CC) 

method. Functionally, TI was able to more precisely identify the three constituent regions of the 

task control network, which were further validated by the task-state data recorded during the 

same experiment. Finally, we showed that TI performed better in a clustering analysis of network 

segregation and exhibited superior statistical sensitivity.  The directional interaction between 

brain regions had been quantified under different experimental conditions, our result indicates 

that the slowly sampled fMRI recording does not only contain zero-lag synchrony but also 

effectively reflects the conductive delay between the interacting areas. 
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 For the fourth and the final study, we found that, similar to what was observed in the 

active visual processing task, the posterior alpha power and the BOLD activity in default mode 

network concurrently fluctuate up and down under resting-state. High power of alpha oscillation 

was usually associated with lower excitability level, and is interpreted as active inhibition toward 

the external stimuli. The disengagement from the external event, on the other hand, is 

accompanied with higher activation in default mode network, which is prone to be more 

activated under the introspective mental processing. This positive correlation between the alpha 

power time series from occipital channels and the DMN activity was found only under eyes-open 

resting-state condition, but not under eyes-closed resting-state condition. Though the alpha 

amplitude reduction with eyes opening is a well-known phenomenon, the underlying mechanism 

is unknown. Still, other evidence indicates the change of network organization by eyes-open, 

such as increased anti-correlation between DMN and other task positive network, increased 

correlation between the activity in visual region and posterior alpha power. Hence, we infer that 

eyes-open is closely mimicking the baseline of visual processing task, and the intriguing 

coupling reflects a basic survival technique that enables frequent interruption of introspective 

and self-referential processes to allow individuals to be aware of their surrounding environment 

and respond to possible appetitive or threatening events; and this mechanism disengages without 

visual input.   

    It is shown in our studies and other previous studies that all cognitive functions depend 

on the oscillatory activity distributed across the brain. Throughout the four parts of our studies, 

we focused on neural oscillations and synchrony in order to address the mechanisms of executive 

processes and other cognitive processes. The results indicate that the rich temporal structure of 

brain signal enables objective measures of functional integrity of neuronal circuits and serves as 
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a biomarker of cognitive impairments brought by debilitating neurological and psychiatric 

disorders. 

The progress along the four studies reveals the essential importance of utilizing 

multimodal imaging methods in neuroinformatic studies. As one example, not only the change in 

alpha power on average, but also the temporal dynamic of the alpha amplitude is informative to 

assess the change in brain state. Yet, the anatomic structure of the underlying modulator for the 

temporal dynamic is unknown. As another example, with invasive recording, the prominent 

power in alpha band is found serving distinct functional roles in different brain regions, while the 

noninvasive electrophysiology recording has limited spatial resolution to provide this 

information. A solution for this information loss is assembling the results from different imaging 

modalities, which provide complementary information.  Hence, the current results derived from 

any imaging method still requires the further validation from other modalities.  
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