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Connectivity in the brain that can be categorized according to a pattern of anatomical 

connections is called anatomical connectivity, that is defined according to statistical 

dependencies is called functional connectivity, and that can give information on causal 

interactions is called effective connectivity. While anatomical connectivity refers to physical 

connections between neurons or neuronal elements, functional connectivity captures deviations 

from statistical independence between neural units. Effective connectivity can describe 

directional effects of one neural unit over another.  Neural activities, which were generated by 

neural units, can be measured by various modalities such as single neuron spike trains, local field 

potentials (LFP), electroencephalogram (EEG), or functional magnetic resonance imaging 

(fMRI) etc. and those neural activities can be used to infer connectivity and to elucidate how 

neural units and network of neurons process information. In this dissertation I examine the 

analysis of functional and effective connectivity from single neuron spike trains, LFPs, and 

fMRI.  

Granger causality is a new technique to measure effective connectivity and to determine 

the strength and direction of relationships between bivariate or multivariate signals. Although 

GC between continuous time series or GC between point process data are mathematically well-
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defined, GC for mixed time series, such as one being local field potential and the other being 

spike train data, is not well-understood. For the analysis of this type of data, we introduce the 

non-parametric GC method. With the method, we examine the interaction patterns between 

medial septum (MS) and hippocampus in slow-wave sleep (SWS) and microarousal. Then we 

extend our interests from SWS/microarousal to other theta and non-theta states including quiet 

waking and REM sleep, and infer the effective connectivity and temporal timing relationship 

between MS and hippocampus.  

Functional magnetic resonance imaging (fMRI) has become a powerful imaging modality 

for studying human brain function. Blocked design in fMRI takes advantage of allowing the 

functional data collected during a task to be clearly separated from data obtained during another 

task or rest period. It also provides a large number of temporally contiguous data points, which 

makes time series based analysis possible. However, a shortcoming of the blocked design is that 

it is difficult to estimate the response to each individual stimulus and what proportion of the 

evoked BOLD response is attributable to each of the cognitive subcomponents of the task. 

Event-related design can overcome this drawback of the blocked design since it is possible to 

examine individual stimulus evoked responses and temporally distinguishable stages of a task. 

Although some multivariate methods for modeling functional connectivity, such as time series 

correlations, are not capable of evaluating inter-regional interactions within closely spaced stages 

of a task, beta-series correlation, a method using single trial estimated BOLD responses, can 

measure inter-regional correlations between brain regions during distinct stages of task. The 

method is implemented by using separate covariates to model the activity evoked by each 

stimulus and during each stage of each individual trial in the context of the general linear model 

(GLM). The resulting parameter estimates (beta values) are sorted according to stimulus types 
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and the stage from which they are derived to form a set of stimulus-specific or stage-specific beta 

series. Regions whose beta series are correlated are inferred to be functionally interacting. Using 

this method we investigate how the medial prefrontal cortex (mPFC)-linked appetitive network 

and amygdala-linked aversive network are generated and differ from each other by analyzing 

fMRI data recorded from human subjects viewing emotional pictures. 
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CHAPTER 1 
INTRODUCTION 

Connectivity in the brain can be categorized as anatomical connectivity, functional 

connectivity, and effective connectivity (Friston, 1994; Sporns, 2007). While anatomical 

connectivity refers to physical connections between neurons or neuronal elements, functional 

connectivity captures deviations from statistical independence between neural units. Effective 

connectivity can describe directional effects of one neural unit over another (Sporns, 2007).  

Neural activities, which were generated by neural units, can be measured by various modalities 

such as single neuron spike trains, local field potentials (LFP), electroencephalogram (EEG), or 

functional magnetic resonance imaging (fMRI) etc. and those neural activities can be used to 

infer connectivity and to elucidate how neural units and network of neurons process information 

(Sporns, 2007).  

Inferring the directionality of interactions between neural signals with Granger causality 

(GC) plays an important role in analysis of multichannel recordings. However, most commonly 

used GC methods are parametric approaches which depends on autoregressive (AR) models of 

time series data. For continuous-valued signals such as EEG and LFP, AR model fitting is 

readily obtained using MVAR (multivariate autoregressive) modeling and the MVAR model 

order m is determined by the Akaike information criterion (Akaike, 1974). With the MVAR 

spectra analysis, GC has been applied to investigate directional relationship of continuous-valued 

signals in many applications and has proven to be an effective method (Brovelli et al. 2004; Seth 

et al. 2005; Ding et al. 2006). For point process data such as spike trains, it is difficult to apply 

the parametric GC since AR model of spike train data is not directly obtained. As a remedy of 

this problem, a non-parametric GC method was proposed and has shown reasonable results 

(Dhamala et al. 2008a; Dhamala et al. 2008b; Nedungadi et al. 2009). However, there have been 
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few studies of GC applied to mixed data such as bivariate data with point process data and 

continuous-valued data. In this dissertation, we present a novel non-parametric approach for 

construction of directionality measures for bivariate discrete point processes and continuous-

valued data. 

The non-parametric GC method is applied to examine the effectivity connectivity 

between medial septum (MS) and hippocampus (HIPP) by recording MS unit activity together 

with HIPP LFP during SWS and its brief interruptions (<10s) called microarousals (Halasz et al. 

1979; Schieber et al. 1971). MS plays a critical role in controlling the electrical activity of the 

HIPP. In particular, theta rhythmic burst firing of MS neurons is thought to drive lasting HIPP 

theta oscillations in rats during waking motor activity, and REM sleep. Less is known about MS-

HIPP interactions in non-theta states such as non-REM sleep in which HIPP theta oscillations are 

absent but theta rhythmic burst firing in subsets of MS neurons is preserved. SWS is a non-theta 

state which cycles through several stages characterized by different patterns (varying frequency, 

amplitude, spindles, etc.) of slow wave activity in HIPP. Microarousals represent disruptions of 

slow wave activity and are characterized by transient muscle activation and HIPP theta rhythm. 

Microarousals are theta states and recur during these SWS cycles. To assess the directional 

influences between MS and HIPP, a non-parametric Granger causality (GC) is applied to the 

mixed spike-field data to decompose the MS-HIPP relationship into their directional components 

MSHIPP and HIPPMS. Power, coherence and GC are then compared between the SWS and 

microarousals to assess the differences in the pattern of MS-HIPP interactions. 

Broadly, hippocampal activities can be classified into two distinct state-dependent local 

field potential patterns, theta and non-theta states. Theta state is selectively characterized as two 

behavioral states, active exploration (AE) and rapid eye movement (REM) sleep, while non-theta 

13 



 

state occurs during quiet waking (QW) and slow-wave sleep (SWS). Instead of dealing with 

microarousals as a theta state, we conducted a more thorough study including additional 

recordings of different behavioral states including AE and REM sleep. In AE, animals are 

engaged in exploratory behavior (locomotion, sniffing, and whisking) showing voluntary motor 

activity. During REM sleep, animals are immobile and atonic except for intermittent whisker and 

ear twitches. Those two behaviors show low-amplitude local field potentials (LFPs) and high 

theta (5–9 Hz) and gamma (30 –55 Hz) power spectrum density and are theta states. In QW, 

animals are immobile (standing or sitting quietly) or engaged in automatic stereotyped behaviors 

(eating, drinking, and grooming) representing low-amplitude LFPs and is considered a non-theta 

state. During SWS, animals are lying immobile with eyes closed and slow regular respiratory 

movements. The LFPs represent high-amplitude and slow waves with delta oscillations (1– 4 

Hz). It begins with sleep spindles (10 –14 Hz) superimposed to delta oscillations. As SWS 

deepens, delta waves stay dominated although isolated spindles can still be observed (Gervasoni 

et al., 2004). The HIPP deals with information from several cortical areas as well as subcortical 

areas, such as medial septum (MS). Specifically, the MS and the HIPP have reciprocal pathways 

(Raisman 1966). The HIPP receives both GABAergic and cholinergic fibers located in the MS 

via the fimbria-fornix (Freund and Antal 1988; Frotscher and Leranth 1985) whereas the HIPP is 

terminated on the GABAergic neurons in the MS nucleus (Toth and Freund 1992). The MS plays 

a critical role in regulating the electrical activity of the HIPP and provides information about the 

behavioral states of the animal (Khakpai et al. 2012). Although the characteristics of the neurons 

participating in these two-way projections have been studied extensively (Dragoi et al. 1999; 

Ford et al. 1989; King et al. 1998; Petsche et al. 1962; Sweeney et al. 1992), the mechanisms of 

their functional interactions are not well understood (Bland 1986; Vertes and Kocsis 1997). In an 
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attempt to uncover the functional interactions between MS and HIPP, we investigated the 

relationship between single-unit activity in MS and LFP oscillations in HIPP during theta states 

and non-theta states. First, we analyzed the temporal activity between MS units and HIPP LFP to 

reveal the timing relationships between MS unit firings and HIPP LFP based on behavioral 

states. Then, we evaluate information flows between MS and HIPP with a non-parametric 

Granger causality to examine how the pattern has changed during theta and non-theta states.  

Blocked design experiments in fMRI has the advantage of allowing the functional data 

collected during a task to be clearly separated from data obtained during another task or rest 

period. It also provides a large number of temporally contiguous data points, which makes time 

series analysis possible (Rissman et al. 2004). However, a shortcoming of the blocked design 

experiments is that it is difficult to estimate brain response evoked by individual stimuli and the 

proportion of the evoked BOLD response that is attributable to each of the cognitive 

subcomponents of the task (D’Esposito et al. 1999). Event-related design can overcome the 

drawback of the blocked design since it is possible to employ a task with temporally 

distinguishable stages and to study the effect of individual stimuli (Postle et al. 2000; Zarahn et 

al. 1997). Although some multivariate methods for modeling functional connectivity, such as 

time series correlations, are not capable of evaluating inter-regional interactions within closely 

spaced stages of a task, beta-series correlation, by measuring brain response to individual stimuli, 

can assess inter-regional correlations between brain regions for different stimulus types and 

during distinct stages of task. The method is implemented by using separate covariates to model 

the activity evoked during each stage of each individual trial in the context of the general linear 

model (GLM). The resulting parameter estimates (beta values) are sorted according to stimulus 

types or the stage from which they are derived to form a set of stimulus-specific or stage-specific 
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beta series. Regions whose beta series are correlated during a given stage or for a given stimulus 

types are inferred to be functionally interacting during that stage or for that stimulus type 

(Rissman et al. 2004). We applied beta-series correlation analysis to investigate how the medial 

prefrontal cortex (mPFC)-linked appetitive network and amygdala-linked aversive network are 

generated and differ from each other. It has been hypothesized that the medial prefrontal cortex 

(mPFC) is a hub in the network that mediates appetitive responses whereas the amygdala plays a 

crucial role in mediating both aversive and appetitive processing. These structures facilitate 

adaptive actions by linking perception, attention, memory, and motor circuits. In this 

dissertation, we provide an initial exploration of these hypotheses by recording simultaneous 

EEG-fMRI in eleven participants viewing affective pictures. MPFC- and amygdala-seeded 

functional connectivity maps are generated by applying the beta-series correlation method. 

Another important factor that influences large-scale brain network responses concerns the 

intensity of emotional engagement. As with many other complex functions, emotional processing 

exhibits substantial trial-by-trial variability depending on the eliciting stimuli and the functional 

state of the brain. Numerous studies indicate that the late positive potential (LPP) reliably 

indexes the degree of emotional arousal and processing intensity (Cuthbert, Schupp, Bradley, 

Birbaumer, & Lang, 2000; Keil, et al., 2002; Schupp, et al., 2004). LPP has been shown to be 

associated with BOLD responses in distributed brain areas (Liu, Huang, McGinnis-Deweese, 

Keil, & Ding, 2012; Sabatinelli, Keil, Frank, & Lang, 2013; Sabatinelli, Lang, Keil, & Bradley, 

2007). To further assess the modulation of these correlations by emotional intensity, we used 

single trial LPP from the simultaneously recorded EEG to index the varying intensity of 

emotional engagement within a hedonic valance and examined functional connectivity separately 

for large LPP trials and small LPP trials.  
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CHAPTER 2 
NON-PARAMETRIC GRANGER CAUSALITY AND APPLICATION TO MIXED 

RECORDINGS 

2.1 Background 

Granger causality (GC) is a statistical measure based on the concept of time series 

forecasting. Specifically, if the current state of a time series is better predicted by incorporating 

the past knowledge of a second one, the second series is said to have a causal influence on the 

first (Ding et al. 2006). The estimation of GC relies on autoregressive (AR) models in parametric 

GC. For continuous-valued signals such as EEG and LFP, AR model fitting is readily obtained 

using MVAR (multivariate autoregressive) modeling. The continuous-valued signals are 

subjected to MVAR spectral analysis from which power, coherence, and Granger causality 

spectral estimates are derived. The essential steps of MVAR can be summarized as follows. Let 

p channels (p = 2 or more) of continuous signals at time t be denoted by 𝑋𝑋𝑡𝑡 = �𝑥𝑥1𝑡𝑡, 𝑥𝑥2𝑡𝑡 , … , 𝑥𝑥𝑝𝑝𝑡𝑡�
𝑇𝑇
, 

where T stands for matrix transposition. Assume that the data over an analysis window are 

described by an MVAR model: 

∑ 𝐴𝐴𝑘𝑘𝑋𝑋𝑡𝑡−𝑘𝑘𝑚𝑚
𝑘𝑘=0 = 𝐸𝐸𝑡𝑡 ,              (2-1) 

where 𝐸𝐸𝑡𝑡 is a temporally uncorrelated residual error series with covariance matrix Σ, and 𝐴𝐴𝑘𝑘 are 

𝑝𝑝 × 𝑝𝑝 coefficient matrices to be estimated from data (Ding et al. 2000). The MVAR model order 

m was determined by the Akaike information criterion (Akaike, 1974). 

With the AR model, GC has been applied to investigate directional relationship of 

continuous-valued signals in many applications and has proven to be an effective method 

(Brovelli et al. 2004; Seth et al. 2005; Ding et al. 2006).  

For discrete time series such as spike train data, it is difficult to apply the above GC 

approach since AR model of spike train data is not directly obtained. To resolve this issue, 
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several approaches have been attempted to apply GC to the spike train data (Sameshima and 

Baccala 1999; Fanselow et al. 2001; Kaminski et al. 2001; Zhu et al. 2003; Nedungadi et al. 

2009; Kim et al. 2011). Some works attempted to convert the spike train data into continuous 

time series by using a low pass filter (Kaminski et al. 2001; Zhu et al. 2003) or a smoothing 

kernel (Sameshima and Baccala 1999; Fanselow et al. 2001). While these approaches have been 

applied to both simulated and experimental data with generally acceptable results, it is cautioned 

that the smoothing operation violates the point process character of spike trains. Furthermore, the 

approaches are highly kernel dependent and may introduce unwanted distortions (Truccolo et al. 

2005). As another remedy to tackle discrete time series in GC application, a non-parametric GC 

method (Nedungadi et al. 2009) and likelihood based GC (Kim et al. 2011) have been proposed 

and showed reasonable results in both simulated and experimental data. 

Although GC between continuous time series or GC between point process data are 

mathematically well-defined, GC between local field potential and spike trains, referred to as 

mixed recordings or mixed signals, is not well-understood. In order to obtain directionality 

between mixed signals, we are not able to apply the AR model based parametric GC for 

continuous-valued signals and non-parametric GC for spike train data explicitly. Instead, we 

extend the non-parametric GC to the mixed time series of LFP and spike train data by combining 

spectral matrix factorization of mixed time series with Geweke’s spectral formulation of GC. 

Based on our knowledge, the GC to the mixed time series has not been addressed, so we will 

explain the method. 

2.2 Method 

2.2.1 Spectral Representation of Continuous Time Series and Discrete Point Process 

Let a realization of zero mean time series (e.g. LFP) be denoted by 𝑥𝑥(𝑡𝑡). It is also 

assumed that the time series is real valued with sample values defined at equispaced intervals 
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equal to the sampling interval 𝑑𝑑𝑡𝑡. Let the realizations of stochastic point processes (e.g. spike 

trains) be denoted 𝑁𝑁1(𝑡𝑡). A stochastic point process, 𝑁𝑁1(𝑡𝑡) is represented by a counting variable 

which indicates the number of spikes in the interval (0,t]. It is assumed that spike events of the 

process 𝑁𝑁1(𝑡𝑡) do not occur simultaneously and this assumption is known as orderly condition 

(Conway et al. 1993; Halliday et al. 1995). To represent the number of spikes in a small interval 

𝑑𝑑𝑡𝑡, differential increment 𝑑𝑑𝑁𝑁1 is defined as 𝑑𝑑𝑁𝑁1 = 𝑁𝑁1(𝑡𝑡 + 𝑑𝑑𝑡𝑡) − 𝑁𝑁1(𝑡𝑡) and 𝑑𝑑𝑁𝑁1 will take on the 

value 0 or 1 depending on the occurrence of a spike in the sampling interval 𝑑𝑑𝑡𝑡. To deal with 

mixed signals, one signal being continuous data and the other point process data, two further 

conditions, wide-sense stationarity condition (statistical properties of the process and time series 

are time-invariant) and mixing condition (differential increments and/or sample values occurring 

in intervals separated widely in time are statistically independent) should be satisfied (Halliday et 

al. 1995). In this dissertation, we used the LFP as a continuous time series and spike trains as a 

point process data.  Both LFP and spike trains are divided into 𝐿𝐿 non-overlapping disjoint 

windows and each of window length is 𝑇𝑇. For each 𝑙𝑙𝑡𝑡ℎ window (𝑙𝑙 = 1, … , 𝐿𝐿), the finite Fourier 

transform of LFP time series 𝑥𝑥(𝑡𝑡) at frequency 𝑓𝑓 is defined as (Brillinger, 1972) 

𝑁𝑁𝑥𝑥(𝑓𝑓) = ∫ 𝑥𝑥(𝑡𝑡)𝑒𝑒𝑥𝑥𝑝𝑝(−𝑖𝑖2𝜋𝜋𝑓𝑓𝑡𝑡)𝑑𝑑𝑡𝑡𝑙𝑙𝑇𝑇
(𝑙𝑙−1)𝑇𝑇 ≈ ∑ 𝑒𝑒𝑥𝑥𝑝𝑝(−𝑖𝑖2𝜋𝜋𝑓𝑓𝑡𝑡)𝑥𝑥𝑡𝑡𝑙𝑙𝑇𝑇

𝑡𝑡=(𝑙𝑙−1)𝑇𝑇 .      (2-2) 

As in the above way, the finite Fourier transform of spike trains, denoted 𝑁𝑁1(𝑓𝑓), for each 

window is defined as  

𝑁𝑁1(𝑓𝑓) = ∫ 𝑒𝑒𝑥𝑥𝑝𝑝(−𝑖𝑖2𝜋𝜋𝑓𝑓𝑡𝑡)𝑑𝑑𝑁𝑁1(𝑡𝑡)𝑙𝑙𝑇𝑇
(𝑙𝑙−1)𝑇𝑇 ≈ ∑ 𝑒𝑒𝑥𝑥𝑝𝑝�−𝑖𝑖2𝜋𝜋𝑓𝑓𝜏𝜏𝑗𝑗�(𝑙𝑙−1)𝑇𝑇≤𝜏𝜏𝑗𝑗<𝑙𝑙𝑇𝑇 ,      (2-3) 

where 𝜏𝜏𝑗𝑗 are the times of occurrence of the spikes from process 𝑁𝑁1. The spectral matrix between 

LFP 𝑥𝑥(𝑡𝑡) and spike trains 𝑁𝑁1(𝑡𝑡) is defined as 

𝐒𝐒(𝑓𝑓) = �𝑆𝑆𝑥𝑥𝑥𝑥
(𝑓𝑓) 𝑆𝑆𝑥𝑥1(𝑓𝑓)

𝑆𝑆1𝑥𝑥(𝑓𝑓) 𝑆𝑆11(𝑓𝑓)�            (2-4) 
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with diagonal terms representing auto-spectra and off-diagonal term cross-spectra. The spectral 

density matrix from LFP and spike trains of length 𝑇𝑇 can be estimated using the multitaper 

method (Thomson 1982; Jarvis and Mitra 2001; Walden 2000). We start by applying 𝐾𝐾 data 

tapers {ℎ𝑘𝑘}𝑘𝑘=1𝑧𝑧  to the 𝑥𝑥(𝑡𝑡) and 𝑁𝑁1(𝑡𝑡), respectively. Then we take the Fourier transform of each 

𝑥𝑥(𝑡𝑡) and 𝑁𝑁1(𝑡𝑡). For the LFP, the tapered 𝑁𝑁𝑥𝑥�(𝑓𝑓) is obtained as follows 

𝑁𝑁𝑥𝑥�(𝑓𝑓,𝑘𝑘) = ∫ ℎ𝑘𝑘(𝑡𝑡)𝑥𝑥(𝑡𝑡)𝑒𝑒𝑥𝑥𝑝𝑝(−𝑖𝑖2𝜋𝜋𝑓𝑓𝑡𝑡)𝑑𝑑𝑡𝑡𝑇𝑇
0 = ∑ ℎ𝑘𝑘�𝑡𝑡𝑗𝑗�𝑒𝑒𝑥𝑥𝑝𝑝�−𝑖𝑖2𝜋𝜋𝑓𝑓𝑡𝑡𝑗𝑗�𝑥𝑥𝑡𝑡𝑗𝑗 ,       (2-5) 

where ∫ ℎ𝑘𝑘(𝑡𝑡)2𝑑𝑑𝑡𝑡𝑇𝑇
0 = 1. For the spike train data, the tapered 𝑁𝑁1�(𝑓𝑓) is expressed as 

𝑁𝑁1�(𝑓𝑓,𝑘𝑘) = ∫ ℎ𝑘𝑘(𝑡𝑡)𝑒𝑒𝑥𝑥𝑝𝑝(−𝑖𝑖2𝜋𝜋𝑓𝑓𝑡𝑡)𝑑𝑑𝑁𝑁𝑖𝑖(𝑡𝑡)
𝑇𝑇
0 = ∑ ℎ𝑘𝑘�𝑡𝑡𝑗𝑗�𝑒𝑒𝑥𝑥𝑝𝑝�−𝑖𝑖2𝜋𝜋𝑓𝑓𝑡𝑡𝑗𝑗�𝑗𝑗 .       (2-6) 

In the multitaper method, the set of 𝐾𝐾 orthogonal data tapers used (given by the discrete 

prolate spheroidal sequences) are optimal in that they have good leakage properties. We then 

obtain estimates for the matrix elements of the spectral matrix using the tapered 𝑁𝑁𝑥𝑥�(𝑓𝑓) and 

𝑁𝑁1�(𝑓𝑓): the estimates of auto-spectrum �̂�𝑆𝑥𝑥𝑥𝑥(𝑓𝑓) for LFP, �̂�𝑆11(𝑓𝑓) for spike trains and cross-

spectrum �̂�𝑆𝑥𝑥1(𝑓𝑓) between LFP and spike trains (Rosenberg et al. 1998). The cross-spectrum 

�̂�𝑆𝑥𝑥1(𝑓𝑓) can be estimated as 

�̂�𝑆𝑥𝑥1(𝑓𝑓) = 1
2𝜋𝜋𝜋𝜋𝑇𝑇

∑ 𝑁𝑁𝑥𝑥�(𝑓𝑓,𝑘𝑘)𝜋𝜋
𝑘𝑘=1 𝑁𝑁1�(𝑓𝑓,𝑘𝑘)∗,          (2-7) 

where * denotes complex conjugate. The auto-spectrum of the LFP, �̂�𝑆𝑥𝑥𝑥𝑥(𝑓𝑓), is estimated by 

replacing the 𝑁𝑁1�(𝑓𝑓, 𝑘𝑘) with 𝑁𝑁𝑥𝑥�(𝑓𝑓,𝑘𝑘) in equation (2-7). Similar procedures hold for the auto-

spectrum of spike trains, �̂�𝑆11(𝑓𝑓). In case of multiple realizations (trials), equation (2-7) gives an 

estimate of cross spectrum using one realization. Averaging these estimates over all trials will 

give the estimate of all the elements of spectral matrix. Note that in case of binned data set, 

ℎ𝑘𝑘�𝑡𝑡𝑗𝑗� in equation (2-5) and (2-6) is replaced by ℎ𝑘𝑘�𝑡𝑡𝑗𝑗�η𝑗𝑗 where η𝑗𝑗 is the number of spikes in 

the 𝑗𝑗-th bin. 
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2.2.2 Granger Causality via Spectral Matrix Factorization 

For the parametric approach, an AR model can be fit to the data. From the model one 

computes the spectral matrix according to 

𝑆𝑆(𝑓𝑓) = 𝐻𝐻(𝑓𝑓)𝛴𝛴𝐻𝐻∗(𝑓𝑓),             (2-8) 

where the asterisk denotes matrix transposition and complex conjugation, 𝐻𝐻(𝑓𝑓) =

�∑ 𝐴𝐴𝑘𝑘𝑒𝑒−2𝜋𝜋𝑖𝑖𝑘𝑘𝜋𝜋𝑚𝑚
𝑘𝑘=0 �

−1
 is the transfer function which depends on the coefficients of the AR model, 

and Σ is the covariance matrix of the error terms in the AR model (Ding et al. 2000, 2006). The 

three entities in spectral matrix are the basis for estimating GC in the spectral domain (Geweke 

1982, 1984). The power spectrum of channel l is given by 𝑆𝑆𝑙𝑙𝑙𝑙(𝑓𝑓), which is the l-th diagonal 

element of the spectral matrix 𝑆𝑆(𝑓𝑓). The coherence spectrum between channel l and channel k is 

as follows: 

𝐶𝐶𝑙𝑙𝑘𝑘(𝑓𝑓) = |𝑆𝑆𝑙𝑙𝑙𝑙(𝜋𝜋)|
|𝑆𝑆𝑙𝑙𝑙𝑙(𝜋𝜋)𝑆𝑆𝑙𝑙𝑙𝑙(𝜋𝜋)|1 2⁄ .               (2-9) 

The value of coherence ranges from 1 to 0, with 1 indicating maximum interdependence between 

channel l and channel k at frequency f and 0 indicating no interdependence. 

For the non-parametric approach, the spectral density matrix 𝑆𝑆(𝑓𝑓) is estimated from data 

using cross-spectrum. To compute GC we still require the other two entities in spectral density 

matrix. These can be obtained by applying spectral density matrix factorization (Wilson 1972) 

which decomposes 𝑆𝑆(𝑓𝑓) into a unique corresponding transfer function 𝐻𝐻(𝑓𝑓) and the noise 

covariance matrix Σ (Dhamala et al. 2008a, b). Since we obtained all three entities in spectral 

density matrix, we can start with the 2×2 spectral submatrix formed by taking the appropriate 

entries from the overall spectral matrix in equation (2-4). After spectral factorizing this spectral 

density matrix, GC from 𝑥𝑥(𝑡𝑡) to 𝑁𝑁1(𝑡𝑡) at frequency f is given by (Ding et al. 2006): 
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𝐼𝐼𝑥𝑥→𝑁𝑁1(𝑓𝑓) = 𝑙𝑙𝑙𝑙 𝑆𝑆11(𝜋𝜋)
𝑆𝑆11(𝜋𝜋)−�𝛴𝛴𝑥𝑥𝑥𝑥−𝛴𝛴1𝑥𝑥2 𝛴𝛴11⁄ �|𝐻𝐻1𝑥𝑥(𝜋𝜋)|2 ,         (2-10) 

which can be interpreted as the proportion of 𝑥𝑥(𝑡𝑡)’s causal contribution to the power of the 

𝑁𝑁1(𝑡𝑡) series at frequency f. The logarithm is taken to preserve certain favorable statistical 

properties. Similarly, the causality spectrum from 𝑁𝑁1(𝑡𝑡) and 𝑥𝑥(𝑡𝑡) can be obtained by switching 

the indices 𝑁𝑁1 and x in equation (2-10).  

In a system of three or more mixed continuous time series and spike train data, it is often 

desirable to find out whether a causal influence between any pair of neurons is direct or mediated 

by others. The above pairwise measure of causality is not able to resolve this issue (Chen et al. 

2006b). This has led to the development of the conditional GC (Geweke 1984, Chen et al. 2006, 

Ding et al. 2006)). The formulations for the frequency domain conditional GC can be readily 

extended, see for example, Ding et al. (2006). 

2.2.3 Summary of the Algorithm 

A step by step algorithm for computing non-parametric GC between LFP and spike trains 

is given below.  

Step 1.  The spike trains generated by a neuron are taken as one realization of stochastic 

point process denoted by 𝑁𝑁1(𝑡𝑡). The spike trains are binned where the bin width was pre-chosen 

(in this dissertation, the bin width is 1 ms). When we define smaller bin width, many of the bins 

will contain no spikes leading to poor estimation of the spectral density matrix. 

Step 2.  The Fourier transform of 𝑥𝑥(𝑡𝑡) and 𝑁𝑁1(𝑡𝑡) are estimated using equation (2-2) and 

(2-3), respectively. 

Step 3.  The spectral density matrix 𝑆𝑆(𝑓𝑓) for the time series 𝑥𝑥(𝑡𝑡) and stochastic process 

𝑁𝑁1(𝑡𝑡) is obtained by using equation (2-7). 
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Step 4.  The spectral density submatrix is factorized using the spectral factorization 

algorithm (Wilson 1972; Dhamala et al. 2008a, b), thus giving the decomposition in equation (2-

8). 

Step 5.  GC from LFP 𝑥𝑥(𝑡𝑡) to spike trains 𝑁𝑁1(𝑡𝑡) is evaluated as a function of frequency 

by substituting the transfer function 𝐻𝐻(𝑓𝑓) and the noise covariance matrix Σ in equation (2-10). 

This function can be examined for frequency characteristics of causal influences or summed over 

all frequencies to obtain a single time domain causal influence. A similar procedure is carried out 

to evaluate causality from spike trains 𝑁𝑁1(𝑡𝑡) to LFP 𝑥𝑥(𝑡𝑡) after reversing 𝑥𝑥(𝑡𝑡) and 𝑁𝑁1(𝑡𝑡) in 

equation (2-10). 

2.3 Simulation Results 

We consider numerical examples to illustrate the application of the non-parametric GC 

between continuous time series and point process data outlined earlier.   

2.3.1 Example 1: Two-node Model  

Consider the following three simple two-node models. From the first model, equation (2-

11), two nodes were coupled in such a way that the output of the continuous time series 𝑥𝑥(𝑡𝑡) was 

fed into the point process data 𝑁𝑁(𝑡𝑡).   

𝑥𝑥(𝑡𝑡) = 0.8𝑥𝑥(𝑡𝑡 − 1) − 0.7𝑥𝑥(𝑡𝑡 − 2) + 𝜀𝜀𝑡𝑡                    

𝑁𝑁(𝑡𝑡) = �1, 𝑖𝑖𝑓𝑓 𝑌𝑌(𝑡𝑡) + 1{𝑈𝑈<0.15}𝑥𝑥(𝑡𝑡 − 1) > 0
0, 𝑜𝑜𝑡𝑡ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑒𝑒𝑒𝑒                                       

                                                           (2-11) 

The second model, equation (2-12), also describes unidirectional two nodes model, but 

the directional causality is from point process data 𝑁𝑁(𝑡𝑡) to continuous time series 𝑥𝑥(𝑡𝑡). 

𝑥𝑥(𝑡𝑡) = 0.7𝑥𝑥(𝑡𝑡 − 1) − 0.5𝑥𝑥(𝑡𝑡 − 2) − 0.7𝑁𝑁(𝑡𝑡 − 1) + 𝜀𝜀𝑡𝑡  

𝑁𝑁(𝑡𝑡) = �1, 𝑖𝑖𝑓𝑓 𝑌𝑌(𝑡𝑡) > 0                                                     
0, 𝑜𝑜𝑡𝑡ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑒𝑒𝑒𝑒                                                                                                    (2-12) 
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The last model illustrates bidirectional mixed signal model as following equation (2-13). 

𝑥𝑥(𝑡𝑡) = 0.9𝑥𝑥(𝑡𝑡 − 1) − 0.7𝑥𝑥(𝑡𝑡 − 2) + 0.4𝑁𝑁(𝑡𝑡 − 1) + 𝜀𝜀𝑡𝑡  

𝑁𝑁(𝑡𝑡) = �1, 𝑖𝑖𝑓𝑓 𝑌𝑌(𝑡𝑡) + 1{𝑈𝑈<0.15}𝑥𝑥(𝑡𝑡 − 1) > 0,                
0, 𝑜𝑜𝑡𝑡ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑒𝑒𝑒𝑒                                                       

                                            (2-13) 

where 𝜀𝜀𝑡𝑡 is Gaussian white noise processes with zero mean and variance 𝜎𝜎2 = 0.3. Poisson 

process 𝑌𝑌(𝑡𝑡) has a parameter 𝜆𝜆 = 0.1 and 𝑈𝑈 is a uniform variable between 0 and 1. We define 

1{𝑈𝑈<0.15} to be 1 if an arbitrary uniform variable is less than 0.15 and 0 otherwise. We generated 

a data set of 1000 realizations of 1000 time points each. The sampling interval is 1ms and bin 

size is 1ms. The schematic diagrams of the above models are shown in the left side of Figure 2-1 

and the corresponding GC results are illustrated in the right side of Figure 2-1. The result shown 

in Figure 2-1 clearly recovers the pattern of connectivity in equation (2-13).  

2.3.2 Example 2: Three-node Model 

In this example, we consider two models each consisting of two continuous time series 

and one point process. The first model simulates the case in which influences from continuous 

time series 𝑥𝑥(𝑡𝑡) to point process data 𝑁𝑁(𝑡𝑡) is indirect and completely mediated by 𝑧𝑧(𝑡𝑡) which is 

continuous time series: 

𝑥𝑥(𝑡𝑡) = 0.8𝑥𝑥(𝑡𝑡 − 1) − 0.7𝑥𝑥(𝑡𝑡 − 2) + 𝜀𝜀𝑡𝑡                               

𝑧𝑧(𝑡𝑡) = 0.7𝑧𝑧(𝑡𝑡 − 1) − 0.4𝑧𝑧(𝑡𝑡 − 2) − 0.7𝑥𝑥(𝑡𝑡 − 1) + 𝜔𝜔𝑡𝑡        (2-14) 

𝑁𝑁(𝑡𝑡) = �1, 𝑖𝑖𝑓𝑓 𝑌𝑌(𝑡𝑡) + 1{𝑈𝑈<0.15}𝑧𝑧(𝑡𝑡 − 1) > 0.               
0, 𝑜𝑜𝑡𝑡ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑒𝑒𝑒𝑒                                                       

   

The second model generates bidirectional interaction between continuous time series 

𝑥𝑥(𝑡𝑡) and point process 𝑁𝑁(𝑡𝑡) with a common source 𝑧𝑧(𝑡𝑡).  

𝑥𝑥(𝑡𝑡) = 0.9𝑥𝑥(𝑡𝑡 − 1) − 0.6𝑥𝑥(𝑡𝑡 − 2) + 0.4𝑁𝑁(𝑡𝑡 − 1) + 0.5𝑧𝑧(𝑡𝑡 − 1) + 𝜀𝜀𝑡𝑡  

𝑧𝑧(𝑡𝑡) = 0.8𝑧𝑧(𝑡𝑡 − 1) − 0.4𝑧𝑧(𝑡𝑡 − 2) + 𝜔𝜔𝑡𝑡                                                                           (2-15) 
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𝑁𝑁(𝑡𝑡) = �1, 𝑖𝑖𝑓𝑓 𝑌𝑌(𝑡𝑡) + 1{𝑈𝑈<0.15}𝑥𝑥(𝑡𝑡 − 1) + 1{𝑈𝑈<0.15}𝑧𝑧(𝑡𝑡 − 1) > 0
0, 𝑜𝑜𝑡𝑡ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑒𝑒𝑒𝑒                                                                             

  .     

For both models, 𝜀𝜀𝑡𝑡 and 𝜔𝜔𝑡𝑡 are two independent Gaussian white noise processes with 

zero means and variances of 𝜎𝜎12 = 0.2, 𝜎𝜎22 = 0.3, respectively. Poisson process 𝑌𝑌(𝑡𝑡) has a 

parameter 𝜆𝜆 = 0.1 and 𝑈𝑈 is a uniform variable between 0 and 1. We set 1{𝑈𝑈<0.15} is 1 if an 

arbitrary uniform variable is less than 0.15 and 0 otherwise. Each model was simulated to 

generate a data set of 1000 realizations of 1000 time points each like example 1. For the 

analyses, pairwise non-parametric GC was performed on the simulated data set of each model. 

The results are shown in Figure 2-2. From these results it is clear that the non-parametric GC can 

represent the interaction between three time series.  

2.4 Discussion 

Parametric GC has been applied to investigate directional relationship of continuous-

valued signals in many applications and has proven to be an effective method (Brovelli et al. 

2004; Seth et al. 2005; Ding et al. 2006). However, concerns have been raised regarding the 

strong underlying assumptions and its suitability for data with complex power spectra since the 

parametric spectral approach requires the autoregressive (AR) models of data (Mitra & Pesaran 

1999). In this dissertation, we have presented a non-parametric Granger causality in which GC is 

estimated directly from Fourier transforms of data without the need for AR models. The 

mathematical basis of this method is a combination of spectral matrix factorization and Geweke's 

spectral formulation of Granger causality. Thus, the nonparametric GC method is able to 

measure the directional causal effects between mixed signals, bivariate continuous-valued signal 

and point process data.  

The proposed GC method is tested on simulated data of two-node and three-node models. 

In the examples, multiple realizations of time series were generated by a two-node and three-
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node models. The patterns of network connectivity were correctly recovered. This provided the 

validation of this method for mixed signals. These results are important since there are few 

methods which can assess the interactions between mixed signals as well as can be applied to 

diverse application domains.   
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Figure 2-1. Simulation results for two coupled processes. Three distinct patterns of connectivity 

between continuous time series 𝑥𝑥(𝑡𝑡) and point process data 𝑁𝑁(𝑡𝑡). (A) Unidirectional 
coupling from continuous time series to point process, (B) unidirectional coupling 
from point process to continuous time series, and (C) bidirectional coupling. 
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Figure 2-2. Simulation results for three coupled processes. Two distinct patterns of connectivity 

among two continuous time series 𝑥𝑥(𝑡𝑡), 𝑧𝑧(𝑡𝑡) and point process 𝑁𝑁(𝑡𝑡). (A) Continuous 
time series 𝑥𝑥(𝑡𝑡) has an indirect influence on 𝑁𝑁(𝑡𝑡)  via 𝑧𝑧(𝑡𝑡) (B) Continuous time 
series 𝑧𝑧(𝑡𝑡) has a direct influence on 𝑥𝑥(𝑡𝑡) and 𝑁𝑁(𝑡𝑡).
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CHAPTER 3 
THETA-RHYTHMIC DRIVE BETWEEN MEDIAL SEPTUM AND HIPPOCAMPUS IN 

SLOW WAVE SLEEP AND MICROAROUSAL: A GRANGER CAUSALITY ANALYSIS 

3.1 Background 

The overwhelming majority of prior investigations of the relationship between medial 

septum (MS) and hippocampus (HIPP) focused on the role of MS input in controlling 

hippocampal activity. However, the MS and the HIPP are reciprocally connected (Raisman 

1966); ascending cholinergic (Frotscher and Leranth 1985) and GABAergic projections from MS 

to HIPP (Freund and Antal 1988) are reciprocated by descending GABAergic projections from 

HIPP to MS (Toth and Freund 1992). Although the characteristics of the neurons participating in 

these two-way projections have been studied extensively (Dragoi et al. 1999; Ford et al. 1989; 

King et al. 1998; Petsche et al. 1962; Sweeney et al. 1992), the mechanism of their functional 

interactions are not well understood (Bland 1986; Vertes and Kocsis 1997). 

Functional MS-HIPP interactions are state-dependent. During theta states, including 

waking motor activity, REM sleep, and arousals, when HIPP activity is dominated by rhythmic 

field oscillations in the 4-10Hz range (Buzsaki 2002), MS neurons fire rhythmic bursts in 

synchrony with local field potential (LFP) in HIPP (Petsche et al. 1962). Lesion and 

pharmacological studies further suggest that theta rhythmic cells in MS are pacemakers of HIPP 

theta oscillations (Lawson and Bland 1993). To what extent this theta pacemaker hypothesis 

extends to non-REM sleep remains unclear. Although MS-HIPP interactions in non-theta states 

have received less attention, it was noted that theta burst firing is preserved in slow wave sleep 

(SWS) in a subset of MS neurons (Sweeney et al. 1992) when HIPP theta is absent. Two 

hypotheses may be put forth to account for this observation. First, necessary theta drive from MS 

does not reach HIPP in non-theta states. Second, theta drive from MS reaches HIPP but low 

HIPP responsiveness to MS input prevents a theta rhythmic response in HIPP. Accordingly, 

29 



 

switch to theta may be induced either by increased synchronization of MS neuron firing, thereby 

increasing the ascending MS drive over the threshold to force theta in HIPP, or by an increase of 

HIPP network responsiveness to MS input, thereby generating intrinsic theta, and activating a 

descending theta drive to synchronize the MS theta pacemaker, as suggested by in vitro and 

modeling studies (Manseau et al. 2008; Wang 2002). 

In this study we examined functional MS-HIPP interactions by recording MS unit activity 

together with HIPP LFP during SWS and its brief interruptions (<10s) called microarousals 

(Halasz et al. 1979; Schieber et al. 1971). SWS is a non-theta state which cycles through several 

stages characterized by different patterns (varying frequency, amplitude, spindles, etc.) of slow 

wave activity in HIPP. Microarousals, which represent disruptions of slow wave activity and are 

characterized by transient muscle activation and HIPP theta rhythm, are theta states recurring 

during these SWS cycles. To assess the directional influences between MS and HIPP, a novel 

method called non-parametric Granger causality (GC) was applied to the mixed spike-field data 

to decompose the MS-HIPP relationship into their directional components MSHIPP and 

HIPPMS. Power, coherence and GC were then compared between the theta and non-theta 

states to assess the differences in the pattern of MS-HIPP interactions. 

3.2 Methods 

3.2.1 Experimental Procedures 

Experiments were performed on male Sprague-Dawley rats (Charles River Laboratories, 

MA), treated in accordance with NIH guidelines. All experimental procedures were approved by 

the Institutional Animal Care and Use Committee of the Beth Israel Deaconess Medical center. 

Four rats (300-350 g body weight at the time of surgery), were anesthetized with a mixture of 

Ketamine and Xylazine (70-80 and 10 mg/kg, respectively, injected intraperitoneally) for 

implantation of stainless steel wires for recording hippocampal LFP, stainless steel screws for 
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reference, ground, and cortical EEG recording, and multithreaded wires to record neck muscle 

activity (EMG). The rat’s head was fixed in a stereotaxic frame and stereotaxic coordinates, 

antero-posterior (AP), lateral (Lat) and dorso-ventral (DV) relative to bregma, were measured 

according to Paxinos’ atlas (Paxinos and Watson 1986). Surface EEG was recorded over the 

frontal (AP: +1.0 mm, Lat: 2 mm) and parietal (AP: -6.5 mm, Lat: -2.5 mm) cortex. 

Hippocampal electrode was placed in the CA1 region (AP: -3.7 mm, Lat: 2.2 mm, DV: -2.5 mm) 

to record from the upper theta dipole (Buzsaki 2002), oscillating in phase with theta waves in the 

parietal cortical EEG. For MS unit recording, three tetrodes made of 13um nichrome microwires 

were mounted on individually movable (0.3 mm axial movement per complete turn) microdrives 

and lead into a guide tube placed above the MS (AP +0.5mm, Lat 0.0mm, DV -5.0mm). The 

tetrodes were moved another 2 mm out of the cannula at the end of the implantation surgery. All 

wires were led to a 16-pin omnetics microconnector. The screws, wires and the electrode-

microdrive assembly were fixed to the skull with dental acrylic.  

Electrophysiological recordings started after a 7-10 day recovery period. Daily recording 

sessions lasted 2-6 hours during daylight period, in a 26x17x17cm recording box. After stable 

LFP and EMG recordings were attained, the tetrodes were moved slowly into the MS until 

discriminable unit activities were found. The tetrodes moved through the MS in small steps over 

several consecutive days. The MS electrode location was marked at the end of the experiment by 

direct current to generate lesions at several dorsoventral locations which together with the 

damage due to the guide cannula served for verification of electrode placement in the MS 

(Figure 3-1A) while the dorsoventral location of individual neurons were estimated using the 

number of turns of the microdrive. Theta rhythmic cells were encountered in the MS along the 
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midline in 3 out of 4 rats; in 1 rat in which electrode tracks were found more lateral no theta cells 

were found and thus was excluded from the analysis. 

The electrical signals were amplified, filtered (LFP: 0.1-100Hz, EMG: 0.1-3kHz, units: 

600-3kHz) and digitally sampled (16-bit, 10 kHz; Neuralynx, Inc.). MS single neurons were 

identified and extracted off-line based on their amplitude and wave-shape using principal 

component analysis and K-means clustering algorithms (Spike2, Cambridge Electronic Devices, 

UK). Units showing a refractory period of 2ms or higher were considered as single units. The 

number of simultaneously recorded units varied between 1 and 10 (median 5) (see example in 

Figure 3-1B). SWS periods and microarousal episodes were identified according to standard 

polysomnographic evaluation criteria based on visual sleep scoring aided by auxillary signals 

representing running averages of EMG total power, as well as EEG power in the delta range (1-4 

Hz) over the frontal cortex and in the theta range (5-10 Hz) over the parietal cortex and in the 

hippocampus, as well as the theta/delta ratio. Specifically, SWS was characterized by concurrent 

low EMG activity, high delta and low theta EEG power. Microarousals were short episodes 

during SWS characterized by abrupt disappearance of large cortical delta waves and concurrent 

switch of HIPP LFP to theta rhythm and appearance of motor activity on the background of low 

muscle tone.  

Recordings which included SWS and microarousals and had at least one theta-rhythmic 

single unit in any of the tetrodes were considered for further analysis. All neurons encountered in 

these recording sites, a total of 79 cells in SWS and 71 cells in microarousal with the 71 cells 

being a subset of the 79 cells, were then included in the analysis independent of their firing 

properties. The spike trains of identified MS units along with HIPP LFP signals and markers of 

sleep stages were transferred to MATLAB for analysis.   
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3.2.2 Data Analysis 

HIPP LFP and MS spike trains were subjected to spectral analysis. Power spectra and 

MS-HIPP coherence spectra were estimated according to established procedures. MS-HIPP 

interaction was further decomposed into their directional components, MSHIPP and 

HIPPMS, using a recently proposed non-parametric Granger causality (GC) algorithm 

designed for point processes as well as continuous-valued recordings (Dhamala et al. 2008a; b; 

Nedungadi et al. 2009). GC is a statistical measure based on the concept of time series 

forecasting. Specifically, if the current state of a time series is better predicted by incorporating 

the past knowledge of a second one, the second series is said to have a causal influence on the 

first. Past work has demonstrated that Granger causal influence can be interpreted in terms of 

synaptic transmission between neurons and neuronal ensembles (Bollimunta et al. 2008; Ding et 

al. 2006; Nedungadi et al. 2009). Traditionally, GC is estimated parametrically via 

autoregressive models of time series data. For spike trains, autoregressive modeling is not 

directly applicable. A non-parametric framework for estimating GC based on Fourier transforms 

has been proposed to overcome this problem (Dhamala et al. 2008a; b; Nedungadi et al. 2009). 

For the present experiment, it consisted of the following steps. First, the continuous recordings 

were divided into 2s non-overlapping epochs which were treated as realizations of an underlying 

stochastic process. A KSPP test demonstrated that over 99% of the LFP epochs met the 

stationarity requirement (Kwiatkowski et al. 1992). Second, each epoch was further divided into 

1ms bins where the bin size was chosen such that no more than 1 spike can be found in any bin. 

If we use narrower bin size, many of the bins will contain no spikes which lead to poor 

estimation of the spectral density matrix. Third, HIPP LFP and MS spike train were subject to 

separate Fourier transforms; through proper averaging across all the recording epochs within a 

behavioral state the spectral density matrix was obtained. Fourth, the spectral density matrix was 
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factorized and combined with Geweke’s spectral GC formalism to yield MSHIPP and 

HIPPMS in the spectral domain (Ding et al. 2006; Geweke 1982). For statistical analysis, a 

random permutation procedure was used to generate the significance thresholds for coherence 

and GC. Specifically, for each neuron, the epoch labels for LFP and the epoch labels for spike 

train were permuted randomly 1000 times. Coherence and GC were computed for each of the 

1000 permuted datasets. Null hypothesis distributions were constructed based on these coherence 

and GC values. Thresholds corresponding to p=0.01 were determined and neurons whose 

coherence or GC was above their respective thresholds were considered statistically significant.  

3.3 Results  

Microarousals were identified and extracted from continuous SWS recordings. These 

microarousal episodes, characterized by the appearance of HIPP theta and abrupt motor activity 

appearing on the background of low muscle tone, were brief, usually lasting less than ~10s 

(Figure 3-2A); there were no discernible transition periods between SWS and microarousal. A 

total of 271 microarousal episodes with average length of 7.60±0.58s extracted from 15 SWS 

recordings in 3 rats (data from 1 rat were excluded, see Methods) were used for analysis. Power 

spectra of both MS unit activity and HIPP LFP showed prominent theta peaks in microarousals, 

whereas delta activity dominated HIPP LFP during SWS (Bland 1986). In MS, spectral power 

was distributed fairly broadly during SWS, with relatively weak local peaks present in most 

neurons in the 4-12Hz range (Figure 3-2B). The firing rate of the MS units were in the range 

reported in earlier studies (Dragoi et al. 1999; Ford et al. 1989; King et al. 1998; Sweeney et al. 

1992) and was not significantly different (t[148]=0.47, p=0.6414) between SWS (10.73±2.70 

spikes/s) and microarousal (9.93±1.89 spikes/s) (Figure 3-2C). 

Functional MS-HIPP interactions were investigated by spectral coherence and Granger 

causality; the latter offers the advantage of characterizing the strength of causal influences in 
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different frequency components. Results for 2 neurons are demonstrated in Figure 3-3; group 

averages are summarized in Figure 3-4. During SWS, MS-HIPP unit-LFP coherence was weak 

but significant in 24 of 79 (30.38%) neurons (group average coherence: 0.0238±0.0094; Figure 

3-4A-4C); the peak frequency varied in the range of 3-12Hz (average 8.25±0.46Hz, Figure 3-

4D). In microarousals, MS-HIPP coherence was significant in 56.34% of the neurons, the 

coherence was significantly higher (0.0413±0.0118, t[148]=-2.30, p=0.0228) and the peak 

frequency was concentrated in a narrow frequency band (6-7Hz; average 6.81±0.37Hz, Figure 3-

4D). 

GC during SWS indicated a nearly unidirectional MSHIPP drive in which MS 

neuronal activity affected HIPP LFP (group average: 0.0162±0.0079) at frequencies within the 

theta range (see examples in Figure 3-3) but the firing activity of these neurons was much less 

affected by HIPP activity (HIPPMS GC=0.0042±0.0013; comparison of GC in the two 

directions shows that MSHIPP is significantly greater than HIPPMS: t[156]=-2.93, 

p=0.0039; Figure 3-4E-4G). During microarousals, the interaction became bidirectional, with the 

advent of a strong descending HIPPMS GC component (0.0162±0.0044; the increase was 

significant: t[148]=-5.40, p<0.0001). In contrast, MSHIPP GC in microarousal 

(0.0200±0.0068) did not change significantly compared with that in SWS (t[148]=-0.70, 

p=0.4820); moreover, in microarousal, HIPPMS and MSHIPP GC no longer differed 

(t[140]=-0.92, p=0.3614). Furthermore, in microarousal, the peak frequency of MSHIPP GC 

spectra shifted to lower frequencies around the theta peak, with maxima either at ~4 or at ~8Hz 

(group average: 6.46±0.50Hz; Figure 3-4H) whereas the shape of HIPPMS GC was similar to 

theta components in the power spectra and in coherence function (Figure 3-3) with peak at the 

same frequency (6.18±0.33Hz; Figure 3-4H). 
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In individual neurons, if MSHIPP GC was significant in SWS it remained significant 

in microarousal as well, although the GC value could either increase or decrease, compared with 

SWS (Figure 3-5A). In microarousal, there was further recruitment of MS neurons from the pool 

showing insignificant MSHIPP in SWS (Figure 3-5A, red dots). Recruitment was substantially 

stronger for MS neurons receiving the descending HIPPMS drive; almost half of the MS 

population (45.07%) showed significant HIPPMS GC in microarousal whereas very few 

neurons (5.06%) showed HIPPMS GC in SWS (Figure 3-4E). 

Furthermore, both MSHIPP (Figure 3-5B) and HIPPMS (Figure 3-5C) GC 

positively correlated with the neurons’ firing rate indicating that fast firing neurons were more 

likely engaged in MS-HIPP theta synchrony. Although identification of the type of neurons is 

impossible when using extracellular recordings, it was suggested earlier, based on spike shape 

and firing rate analysis (King et al. 1998; Matthews and Lee 1991), that rhythmic theta bursting 

activity is the property of fast firing GABAergic neurons in the MS.   

3.4 Discussion 

The present study examined the causal interactions between MS and HIPP within the 

theta frequency band in SWS and its short, waking interruptions, called microarousals. A novel 

non-parametric Granger causality method was applied to decompose the MS-HIPP synchrony 

into their directional components (Dhamala et al. 2008a; b; Nedungadi et al. 2009). Because our 

data consisted of mixed spike-field recordings, time-domain GC methods developed specifically 

for spike trains are difficult to apply (Kim et al. 2011), whereas our GC method, formulated in 

the frequency domain, overcomes this limitation.  

The main finding is that there is a significant unidirectional MSHIPP influence over a 

wide band (2-10Hz) in SWS which switches to bidirectional theta drive during microarousals 

with MSHIPP and HIPPMS GC being of equal magnitude. Unidirectional MSHIPP 
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influence in SWS was accompanied by significant MS-HIPP coherence (max at 8.25±0.46Hz), 

but no theta peak in HIPP power spectra. In microarousal, a rise in HIPPMS close to the level 

of the MSHIPP drive appeared together with elevated, sharp theta coherence and strong theta 

power in both structures. These findings are in agreement with predictions of a computational 

model (Wang 2002), indicating that even though MS neurons possess the membrane machinery 

to generate rhythmic firing in the theta range (Serafin et al. 1996), robust theta synchronization 

only emerges with the addition of a second GABAergic population, which in the present case is 

the HIPP GABAergic network projecting back to the MS. 

Theta burst firing in single MS units co-occurring with non-theta HIPP LFP has been 

observed in the very first reports on MS theta activity (Petsche et al. 1962). A detailed, 

quantitative account of such MS cells by Sweeney (1992) documented strong burst firing, 

equivalent to that in theta states, in 8% of MS neurons during SWS in head-restrained rats and in 

20% during non-theta state under urethane anesthesia. Comparable, systematic investigations of 

this problem in freely moving rats have been lacking as most studies focused on theta states 

(Dragoi et al. 1999; Ford et al. 1989; King et al. 1998), or on spike-wave ripple associations in 

SWS (Dragoi et al. 1999; Jinno et al. 2007; Vandecasteele et al. 2014). Weaker or transient theta 

rhythmic MS unit autocorrelograms have been frequently presented, however (Alonso et al. 

1987; Apartis et al. 1998; Dragoi et al. 1999; Dutar et al. 1995; Macadar et al. 1970; Ranck 

1976). 

These findings from non-theta states have been interpreted in the framework of the MS 

theta pacemaker hypothesis by contending that the lack of effect of MS theta rhythm on HIPP 

LFP was due either to a lack of synchrony or a weak ascending compound theta signal resulting 

from reduced number of burst firing MS neurons. The present investigation quantified, for the 
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first time, the effect of MS input on HIPP LFP, and found detectable, i.e. significant (see 

Methods), MSHIPP GC in 38% of MS neurons during SWS. Critically, on group average, 

MSHIPP GC value during SWS was not significantly below the level of MSHIPP GC 

during microarousals, with the latter being accompanied by strong theta LFP in the 

hippocampus. Thus, weak “subthreshold” MS to HIPP input is not sufficient to explain the lack 

of theta LFP during SWS. On the other hand, distribution of GC over a wide frequency range in 

individual neurons and substantial variability across neurons, indicate that a lack of a 

synchronized ascending theta signal generated by MS network may underlie the absence of HIPP 

theta. 

Striking differences between SWS and microarousals were observed, however, at the 

level of theta influence in the opposite direction carried by the descending HIPPMS 

GABAergic pathway. Activation of descending HIPPMS theta drive during microarousal did 

not change the magnitude of MSHIPP. Rather, it led to more regular rhythmic MS bursts, 

sharpened the MSHIPP GC spectra, and shifted peak frequency in the MSHIPP GC spectra 

to ~6Hz, to synchronize with the peak frequency in HIPPMS GC spectra. These results are 

consistent with the role of GABAergic input in enhancing MS neuronal synchrony (Wang 2002). 

They also suggest the possibility of an arousal-dependent mechanism controlling MS-HIPP theta 

coupling. Under low arousal state such as SWS, MS theta drive to HIPP is gated out, as 

evidenced by the significant MSHIPP drive and a lack of HIPP theta activity during SWS. 

Under higher arousal state such as microarousal, the HIPP theta oscillator activates and becomes 

responsive to MS theta drive resulting in HIPP theta activity and the subsequent HIPPMS 

GABAergic drive which in turn affects MS synchrony and firmly establishes the MS-HIPP theta 

network. 
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The specific mechanism of the HIPP gating operation is not known. Arousal involves 

activation of several subcortical, aminergic and cholinergic, neurotransmitter systems which are 

not directly involved in rhythm generation but exert important modulatory effect on oscillating 

neural networks in HIPP. Wake-inducing histaminergic and norepinephrinergic neurons densely 

innervate all sectors of the hippocampus and were shown to modify theta by acting directly on 

their respective receptors in HIPP (Hajos et al. 2003; Masuoka and Kamei 2007). Systemic 

increase of histamine and norepinephrine release was also shown to enhance theta activity (Hajos 

et al. 2008; Kocsis et al. 2007) either by directly modifying the HIPP network or by indirectly 

through activation of MS cholinergic neurons (Gorelova and Reiner 1996) leading to increased 

acetylcholine release in HIPP (Bacciottini et al. 2002). While cholinergic transmission from MS 

to HIPP is too slow to directly drive theta, cholinergic tone enhances theta activity. Selective 

lesion of MS cholinergic neurons, sparing MS GABAergic neurons, does not affect theta 

frequency but dramatically reduces theta amplitude (Apartis et al. 1998; Lee et al. 1994). As 

shown recently using optogenetic stimulation (Dannenberg et al. 2015; Vandecasteele et al. 

2014), the primary effect of the activation of MS cholinergic neurons on HIPP LFP is a strong 

suppression at delta and 10-25Hz frequencies surrounding the theta band which leads, indirectly, 

to increased theta coherence and theta/delta ratio. The effect was larger in SWS than waking and 

even larger under urethane anesthesia.  

In contrast, selective optogenetic stimulation of parvalbumin-expressing GABAergic 

neurons in the MS had its largest effect on HIPP LFP at ~10 Hz (Dannenberg et al. 2015). When 

recruited by cholinergic activation, this group of MS cells fire in synchrony with HIPP theta at 

lower frequencies. Although identification of the type of neurons is impossible when using 

extracellular recordings, the rate and characteristics of firing (King et al. 1998; Matthews and 
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Lee 1991) suggest that the neurons engaged in theta rhythmic firing in our study were 

GABAergic. Thus the shift in the MSHIPP GC peak frequency from high theta in SWS to 

lower theta band when HIPP theta is present (in this study) might be analogous to the 15 Hz to 4 

Hz shift in their effect on HIPP LFP (Dannenberg et al. 2015) when activated under urethane 

either selectively or recruited by cholinergic neurons acting on both MS and HIPP networks. 

Several other lines of evidence further suggest that brief activation of these 

neurotransmitters may be responsible for microarousals. Activation of cortically projecting 

cholinergic neurons in the nucleus basalis via local microinfusion of histamine (Luo and Leung 

2009) or norepinephrine (Pillay et al. 2011) lead to brief episodes of cortical 

electroencephalographic (delta suppression) and behavioral (spontaneous head and limb 

movements, sporadic crawling) emergence from light anesthesia that resembled microarousals 

observed in natural sleep (Halasz et al. 1979; Schieber et al. 1971). Pro-arousal features of a 

subset of slow firing, putative cholinergic, MS neurons were also demonstrated in freely 

behaving rats (Zhang et al. 2011). These cells showed rapid response (15-30ms) to auditory 

stimuli and were activated during transient (1.5-5s) arousal epochs in SWS associated with 

small-amplitude irregular HIPP activity (Jackson et al. 2008; Jarosiewicz et al. 2002). 

Interestingly, during theta states the firing of these neurons followed, rather than lead, HIPP theta 

oscillations, leading to the hypothesis that they were driven by the descending hippocamposeptal 

input (Toth and Freund 1992). The effect of descending theta drive on single unit burst firing 

was also shown under urethane anesthesia in response to brief (10s) sensory induced (tail pinch) 

arousal in subsets of neurons in the MS (Hangya et al. 2009) and posterior hypothalamus (Kocsis 

et al. 1999; Kocsis and Kaminski 2006).  
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An important limitation of this study is related to the issue of the topography of 

projections to the HIPP arising from the MS and the fact that the phase and coherence of theta 

oscillations systematically change across the septotemporal axis (Long et al. 2015; Penley et al. 

2012). This raises the possibility that cells recorded at different locations within the MS that 

project differentially across the septotemporal axis may not have their strongest relationship to 

theta recorded at the single septal HIPP recording site, but instead maintain a strong causal 

relationship with theta oscillations generated at more temporal levels. Further uncertainty may be 

related to the HIPP LFP recorded in one single location. LFPs are usually considered to reflect 

synaptic currents in the immediate vicinity of the electrode, although more distant sources may 

also have significant contributions through volume conduction (Kajikawa and Schroeder 2015). 

Low frequency components have relatively larger spatial reach (Leski et al. 2013) and thus the 

variablity in the contribution of different hippocampal regions could certainly have contributed 

to the results. 
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Figure 3-1. Single unit recording in the MS. A. Histological reconstruction of the electrode track 

(blue arrow) in the MS in one experiment. B. Waveform of 4 simultaneously recorded 
units in the MS; three units (Neuron 1-3, green) were separated from 2 wires of 
tetrode #1, the 4th (Neuron 4, blue) from a single electrode of tetrode #2 (y-axis use 
the same scale for all units). C. Three traces of original recording from tetrode #1 
(T1a and T1b) and from tetrode #2 (T2a) in the MS, spike trains of 4 separated units 
(N1-3 and N4), and HIPP LFP during a 5s recording. aca: anterior commissure, CPu: 
caudal putamen,  LS: lateral septum, LV: lateral ventricle, MS: medial septum. 
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Figure 3-2. MS and hippocampal activity during SWS and microarousals. A. Sample recording 

of MS spikes (top trace), hippocampal LFP (middle), and neck muscle EMG 
(bottom). Note sudden switch during a short (2.4s) microarousal (shaded area) from 
irregular spike train to theta burst in MS, from large amplitude irregular activity to 
theta waves in HIPP LFP, and from stable, low tone to phasic motor activity in the 
EMG. B. Power spectra of hippocampal LFP (top panels) and MS activity (bottom) 
during SWS (left panels) and microarousals (right); power spectra were autoscaled to 
focus on the pattern. C. Firing rate of MS units in SWS and microarousal; left: group 
averages, right: scatterplot of individual neurons.   
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Figure 3-3. MS-HIPP relationship in SWS and microarousal in two representative neurons (A 

and B; B is the same neuron presented in Figure 3-2A). Top: MS-HIPP coherence, 
middle: MSHIPP GC, bottom: HIPPMS GC during SWS (red) and microarousal 
(blue). Note dramatically increased HIPPMS theta GC in both neurons during 
microarousals, reaching the level of MSHIPP GC; in contrast, MSHIPP GC is 
associated with no change (A) or moderate change (B). Note also the similarity 
between the frequency distribution (shape of the spectra) of coherence and 
HIPPMS GC in microarousal, in contrast to MSHIPP during SWS which extends 
over a wider band. 
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Figure 3-4. Coherence and GC of MS unit and HIPP LFP activity. A-D. Comparison of MS-

HIPP coherence in SWS and microarousals. A. Percentage of neurons with significant 
coherence, B. Group averages of coherence, C. Coherence of individual neurons, D. 
Group averages of peak frequency of coherence in different states. E-H. Comparison 
of MSHIPP and HIPPMS GC in SWS and microarousal. E. Percentage of 
neurons with significant GC, F. Group averages of GC, G. GC of individual neurons, 
H. Group averages of peak frequency of GC in different states. '*' and '**': 
significance indicators representing 'p<0.05' and 'p<0.005', respectively.   
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Figure 3-5.  Further characterization of GC. A. Change in MSHIPP GC after transitioning 

from SWS to microarousal, relative to GC in SWS; each dot represents one neuron; 
red dots represent neurons in which MSHIPP GC was significant in microarousal, 
but not in SWS. B and C. Relationship between firing rate and GC during 
microarousal. B. MSHIPP and firing rate, C. HIPPMS and firing rate; red dots 
represent neurons with significant GC.
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CHAPTER 4 
THETA-RHYTHMIC DRIVE BETWEEN MEDIAL SEPTUM AND HIPPOCAMPUS IN 

THETA VS. NON-THETA STATES 

4.1 Background  

In rats, the hippocampus (HIPP) can exhibit two distinct local field potential (LFP) 

patterns, theta and non-theta states, which correspond to different behavioral states. Active 

exploration (AE) and rapid eye movement (REM) sleep are theta states, while quiet waking 

(QW) and slow-wave sleep (SWS) are non-theta states.  

In AE, animals are engaged in exploratory behavior (locomotion, sniffing, and whisking) 

showing voluntary motor activity. During REM sleep, animals are immobile and atonic except 

for intermittent whisker and ear twitches. Those two behaviors, which are considered theta state, 

show low-amplitude local field potentials (LFPs) and high theta (5–9 Hz) and gamma (30 –55 

Hz) power spectrum density. In QW, animals are immobile (standing or sitting quietly) or 

engaged in automatic stereotyped behaviors (eating, drinking, and grooming) representing low-

amplitude LFPs. During SWS, animals are lying immobile with eyes closed and slow regular 

respiratory movements. The LFPs represent high-amplitude and slow waves with delta 

oscillations (1– 4 Hz). It begins with sleep spindles (10 –14 Hz) superimposed on delta 

oscillations. As SWS deepens, delta waves stay dominating although isolated spindles can still 

be observed (Gervasoni et al. 2004). 

The HIPP receives input from several cortical areas as well as subcortical areas, such as 

medial septum (MS). Specifically, the MS and the HIPP have reciprocal pathways (Raisman 

1966). The HIPP receives both GABAergic and cholinergic fibers originating in the MS via the 

fimbria-fornix (Freund and Antal 1988; Frotscher and Leranth 1985) whereas the HIPP 

projection to MS terminates on the GABAergic neurons in the MS nucleus (Toth and Freund 

1992). The MS plays a critical role in regulating the electrical activity of the HIPP which 
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provides information about the behavioral states of the animal (Khakpai et al. 2012). In 

particular, theta-rhythmic burst firing of MS neurons is thought to drive lasting HIPP theta 

oscillations in rats during waking motor activity and REM sleep. Although the characteristics of 

the neurons participating in these two-way projections have been studied extensively (Dragoi et 

al. 1999; Ford et al. 1989; King et al. 1998; Petsche et al. 1962; Sweeney et al. 1992), the 

mechanisms of their functional interactions are not well understood (Bland 1986; Vertes and 

Kocsis 1997).  

In an attempt to uncover the functional interactions between MS and HIPP during 

different behavioral states, we extend the research in Chapter 3 by investigating the relationship 

between single-unit activity in MS and LFP oscillations in HIPP during theta states (AE, REM) 

and non-theta states (SWS, QW). First, we analyzed the temporal activity between MS units and 

HIPP LFP to reveal the timing relationships between MS unit firings and HIPP LFP based on 

behavioral states with the Z-shift method.  Then, we evaluate information flows between MS and 

HIPP utilizing a non-parametric Granger causality described in Chapter 2 by recording MS unit 

activity together with HIPP LFP during theta and non-theta states. Furthermore, power, 

coherence and GC are then compared between four different behavior states to assess the 

characteristics in the pattern of MS-HIPP interactions.  

4.2 Methods 

4.2.1 Experimental Procedures 

Detailed descriptions of the experimental procedure and related data analysis can be 

found in Chapter 3. Briefly, Male Sprague-Dawley rats were anesthetized for implantation of 

stainless steel wires for recording HIPP LFP, stainless steel screws for reference, ground, and 

cortical EEG recording, and multithreaded wires to record neck muscle activity (EMG). For MS 

unit recording, three tetrodes were mounted on individually movable microdrives and lead into a 
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guide tube placed above the MS (AP +0.5mm, Lat 0.0mm, DV -3.0mm). Electrophysiological 

recordings started after a 7-10 day recovery period. Daily recording sessions lasted 2-6 hours 

during daylight period, in a 26x17x17cm recording box. After stable LFP and EMG recordings 

were attained, the tetrodes were moved slowly into the MS until discriminable unit activity were 

found and tracks which had at least one theta-rhythmic single unit were considered for further 

analysis. The electrical signals were amplified, filtered (LFP: 0.1-100Hz, EMG: 0.1-3kHz, units: 

600-3kHz) and sampled (16-bit, 10 kHz; Neuralynx, Inc.). MS single neurons were identified 

and extracted off-line based on their amplitude and wave-shape using principal component and 

K-means clustering algorithms (Spike2, Cambridge Electronic Devices, UK). Units showing a 

refractory period of 2ms or higher were considered as single units. Behavior states, such as AE, 

REM, QW, and SWS periods, were identified based on different oscillation patterns of LFPs 

(Vanderwolf 1969; Buzsaki et al. 1992). These behavioral states were transferred to MATLAB 

for analysis. 

All neurons encountered in these recording sites, a total of 70 cells in QW, 79 cells in 

SWS, 80 cells in AE, and 57 cells in REM sleep were then included in the analysis independent 

of their firing properties. The spike trains of identified MS units along with HIPP LFP signals in 

each behavioral state were transferred to MATLAB for analysis.   

4.2.2 Data Analysis 

4.2.2.1 Phase detection and Z-shift method 

To characterize the timing relationship of MS neuron firing to the HIPP theta rhythm for 

each state, the HIPP LFP was first band-pass filtered in the theta frequency band (4-10 Hz), and 

the filtered trace was decomposed into instantaneous amplitude ρ(𝑡𝑡) and phase φ(𝑡𝑡) components 

using the Hilbert transform (Siapas et al. 2005; Hangya et al. 2009). Phase in theta oscillation 

was defined by the zero crossing method. Briefly, the special points were the positive to negative 
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and negative to positive zero crossings of the band-pass filtered HIPP LFP, and they were 

assigned instantaneous phases of 90° and -90°, respectively. A spike occurring at time 𝜏𝜏 was 

assigned a phase value φ(𝜏𝜏). To assess the phase locking characteristics of a neuron, we 

collected the LFP phase values that corresponded to the spike times for all spikes within a time 

window, across all trials. In this fashion, the spike train of each neuron for each trial was 

converted into a sequence of unit length vectors oriented by the phase values of their 

corresponding spikes. The mean resultant vector was computed as the average of the vector 

sequence, and the mean direction or mean preferred phase was computed as the orientation of the 

mean resultant vector.  

Intuitively, if the firing of a given neuron is independent of the theta rhythm, the 

distribution of its phase values will be random, i.e., uniformly distributed on [−𝜋𝜋, +𝜋𝜋], and its 

mean resultant vector will be short. Conversely, if the firing of a given neuron is phase locked to 

the theta rhythm, its phase value distributions will be unimodal, and its resultant vector will be 

long. The presence of phase locking was evaluated by applying the Rayleigh test for circular 

uniformity on distribution of the spike firing along the theta phase value. A neuron was 

considered significantly phase locked if the distribution of spike phase angles departed from a 

uniform circular distribution (Rayleigh’s test for circular uniformity, p < 0.005). If p is 

sufficiently small, the null hypothesis of uniformity can be rejected. The alternative hypothesis is 

that the data are unimodal (one mean direction). Notice that the Rayleigh’s test is strictly a 

function of R as well as of n (number of spikes included). The same value of R thus leads to 

different significance values depending on the number of spikes that are included. In practice this 

leads to the problem that, given enough spikes, neurons that are not convincingly phase locked 

lead to statistical significance at p < 0.05. We thus used p < 0.005 to avoid false positives. For 
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statistical analysis, we used circStat MATLAB scripts to calculate mean direction (preferred 

phase) and Rayleigh’s Z-value (Berens, 2009). If any trial (5 sec) had <6 spikes, we could not 

rely on Rayleigh’s test (Fisher 1993), and we chose to remove that neuron from analysis. The 

value of Rayleigh’s Z-statistic for a neuron was used as a measure of phase consistency or the 

strength of spike-LFP phase locking. Rayleigh’s Z was calculated by  

𝑍𝑍 = 𝑙𝑙𝑅𝑅2,               (4-1) 

where R denotes the mean resultant length of the given phase series 𝛷𝛷𝑗𝑗 ( j = 1,. . . ,n): 

𝑅𝑅 = �1
𝑛𝑛
∑ 𝑒𝑒𝑗𝑗𝛷𝛷𝑗𝑗𝑛𝑛
𝑗𝑗=1 �.             (4-2) 

The probability p value for Rayleigh’s test for circular uniformity can be calculated as 

follows: 

𝑝𝑝 = 𝑒𝑒−𝑧𝑧[1 + (2𝑍𝑍 − 𝑍𝑍2) (4𝑙𝑙) − ⁄ (24𝑍𝑍 − 132𝑍𝑍2 + 76𝑍𝑍3 − 9𝑍𝑍4) (288𝑙𝑙2)⁄ ].      (4-3) 

After fixing HIPP LFP in the time domain, the unit was shifted relative to the field 

activity by different time values (-1 s < 𝜏𝜏 < 1 s). Subsequently, we calculated Rayleigh’s Z-

statistics (proportion to degree of phase-locking) for all time shifts (𝜏𝜏). Z-shift was defined as the 

𝜏𝜏 value by which shifting unit relative to LFP results in maximum degree of phase-locking (the 

highest value of the Z-statistics). The highest peak of the Z-value in the function of time shifts 

corresponds to strongest phase coupling. It appears in the positive half-plane, which implies that 

the action potential series have to be shifted with a positive value to get maximal phase 

preference; thus unit leads LFP activity. Vice versa, highest peak in the negative half-plane 

would infer the lead of the LFP signal over unit activity. Past work has used this method to 

determine the time delay between corresponding events in the MS unit and HIPP LFP activity 

(Siapas et al., 2005; Hangya et al., 2009). 
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4.2.2.2 Non-parametric Granger causality 

HIPP LFP and MS spike trains were subjected to spectral analysis. Power spectra and 

MS-HIPP coherence spectra were estimated according to established procedures. MS-HIPP 

interaction was further decomposed into their directional components, MSHIPP and 

HIPPMS, using a recently proposed non-parametric Granger causality (GC) algorithm 

designed for point processes as well as continuous-valued recordings (Dhamala et al. 2008a; b; 

Nedungadi et al. 2009). Similar to Chapter 3, for the present experiment, the procedure of data 

analysis is as follows. First, the continuous recordings were divided into 2s non-overlapping 

epochs which were treated as realizations of an underlying stochastic process. A KSPP test 

demonstrated that over 99% of the LFP epochs met the stationarity requirement (Kwiatkowski et 

al. 1992). Second, each epoch was further divided into 1ms bins where the bin size was chosen 

such that no more than 1 spike can be found in any bin. Third, HIPP LFP and MS spike train 

were subject to separate Fourier transforms; through proper averaging across all the recording 

epochs within a behavioral state the spectral density matrix was obtained. Fourth, the spectral 

density matrix was factorized and combined with Geweke’s spectral GC formalism to yield 

MSHIPP and HIPPMS in the spectral domain (Ding et al. 2006; Geweke 1982). For 

statistical analysis, a random permutation procedure was used to generate the significance 

thresholds for coherence and GC. Specifically, for each neuron, the epoch labels for LFP and the 

epoch labels for spike train were permuted randomly 1000 times. Coherence and GC were 

computed for each of the 1000 permuted datasets. Null hypothesis distributions were constructed 

based on these coherence and GC values. Thresholds corresponding to p=0.01 were determined 

and neurons whose coherence or GC was above their respective thresholds were considered 

statistically significant.  
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4.3 Results  

4.3.1 Phase Locking between MS Units and HIPP LFPs 

As a measure of interaction between MS units and HIPP LFP, we measured spike-LFP 

phase locking values. This analysis correlated spike event times from the MS with LFP phase 

recorded in the HIPP simultaneously. Examples of phase locking to the HIPP LFP for a MS 

neuron (P10-7/Neuron3) were depicted in Figure 4-1 for each state. The top row of Figure 4-1 

describes circular distribution of phase values of MS units relative to HIPP LFP in case phase 

shift is not applied. The maximal phase preference distribution of the shifted MS unit relative to 

HIPP LFP is depicted in the bottom row of Figure 4-1. The von Mises concentration parameter κ 

is increased for different four states after phase shifts which represents more peaked distribution: 

SWS (0.0504  0.2084), QW (0.1626  0.2330), AE (0.4766  0.6618), and REM (0.4820  

0.7570). The shifted MS unit is slightly more focused than the non-shifted MS unit based on von 

Mises distribution concentration parameter, which means higher level of phase preference. 

Rayleigh’s Z-statistic is sensitive enough to measure the differences of preferred phase (µ) 

histograms for a phase-locked MS unit. In Figure 4-2, the maximal Z-value (𝑍𝑍𝑚𝑚𝑚𝑚𝑥𝑥) as a function 

of time shift (𝜏𝜏) and corresponding time lags (𝑍𝑍𝑠𝑠ℎ𝑖𝑖𝜋𝜋𝑡𝑡) of a MS neuron (P10-7/Neuron3) were 

plotted for each state. Examples of maximal time shift between a MS unit and HIPP LFP 

occurred between 90 ms and 140 ms. At the population level, the Z-shift analysis was depicted in 

Figure 4-3 for each state. The pseudocolor panels indicates the Z-shift method was performed for 

all MS units. Rayleigh’s Z-value as a function of time shift (𝜏𝜏) was normalized by its maximal Z-

value (𝑍𝑍𝑚𝑚𝑚𝑚𝑥𝑥) for each neuron and was displayed in a row. The rows were sorted by 𝑍𝑍𝑚𝑚𝑚𝑚𝑥𝑥 in 

descending order. Black and white dots indicate the location of maximum coupling (𝑍𝑍𝑠𝑠ℎ𝑖𝑖𝜋𝜋𝑡𝑡) 

between for each MS unit and HIPP LFP, and the color describes whether the maximal Z-value 
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(𝑍𝑍𝑚𝑚𝑚𝑚𝑥𝑥) exceeded the significance threshold (black dots) or not (white dots). The significance 

threshold was elevated to p=0.005/405 by Bonferroni’s correction, since a hypothesis test can be 

thought to occur at each of the 405 time shift values (𝜏𝜏) varying between -1010ms and +1010ms 

in 5ms increments. Based on Bonferroni’s correction, we found 67.09% (53/79, SWS), 90.00% 

(63/70, QW), 87.50% (70/80, AE), and 73.68% (42/57, REM) of MS neurons fired spikes phase-

locked to the HIPP LFP oscillations in theta range for each state. Figure 4-4-A and 4-4-B depict 

the von Mises distribution parameter, and Figure 4-4-C displays the maximal coupling time, 

𝑍𝑍𝑠𝑠ℎ𝑖𝑖𝜋𝜋𝑡𝑡. Since phase locking value only depicts the distribution of phase values of a neuron, we 

needed more analyses to characterize the locking properties of individual units by fitting von 

Mises densities to their corresponding phase value distributions. The von Mises distribution is 

the circular analog of the normal distribution and is parameterized by a preferred phase (or mean 

direction), µ, and concentration parameter, κ, with larger κ values corresponding to more peaked 

(phase-locked) distributions. We compared the means of preferred phases, µ, to test the 

hypothesis that the mean direction of SWS (-1.0492 rad), QW (-2.4514 rad), AE (-1.9392 rad), 

and REM (-1.5854 rad) were identical or not using one-way ANOVA (or Watson-Williams) test 

and the test of hypothesis was rejected (F(3,282)=7.75, p=0.0001) as shown in Figure 4-4-A. 

With the Watson-Williams two-sample test, we compared the mean directions of preferred 

phases between state pairs: SWS vs QW (F(1,147)=20.54, p<0.0001), SWS vs. AE 

(F(1,157)=9.10, p=0.0030), QW vs. AE (F(1,148)=4.43, p=0.0369), and QW vs. REM 

(F(1,125)=10.32, p=0.0017) were significantly different while the rest of state pairs, SWS vs. 

REM (F(1,134)=2.92, p=0.0897) and AE vs. REM (F(1,135)=1.91, p=0.1690) were non-

significant. In a perspective of concentration parameter, κ, the means of SWS (0.2742±0.0352), 

QW (0.3172±0.0395), AE (0.4836±0.0577), and REM (0.6591±0.0871) were significantly 
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different in one-way ANOVA test (F(3,282)=35.86, p<0.0001) as shown in Figure 4-4-B. For 

ad-hoc multiple comparison of the concentration parameter between state pairs, SWS vs. QW 

was non-significant (p=0.6825) whereas SWS vs. AE (p<0.0001), SWS vs. REM (p<0.0001), 

QW vs. AE (p=0.0001), QW vs. REM (p<0.0001), and AE vs. REM (p=0.0001) were 

significantly different. However, in case of maximally coupled time, 𝑍𝑍𝑠𝑠ℎ𝑖𝑖𝜋𝜋𝑡𝑡 , was not 

significantly different among SWS (130.25±44.21), QW (105.14±33.77), AE (92.75±44.00), and 

REM (118.77±40.88) based on one-way ANOVA test (F(3,282)=0.63, p=0.5931) as shown in 

Figure 4-4-C. Especially, the ad-hoc multi comparison between state pairs for maximal shift time 

showed that they were not significantly different for all pairs of states (SWS vs. QW: p=0.8307, 

SWS vs. AE: p=0.5545, SWS vs. REM: p=0.9831, QW vs. AE: p=0.9750, QW vs. REM: 

p=0.9743, and AE vs. REM: p=0.8384). 

4.3.2 Non-parametric Granger Causality 

Group averaged relative power spectra of both MS unit activity and HIPP LFP were 

shown in Figure 4-5-A-D. Both MS unit activity and HIPP LFP power spectra showed prominent 

theta peaks (ranges 4-10Hz) in AE and REM sleep, whereas delta activity (ranges 1-3Hz) 

dominated HIPP LFP during SWS (Bland 1986). The QW stage showed both delta and theta 

peaks in power spectra of MS unit activity and HIPP LFP. The firing rate of the MS units were in 

the range reported in earlier studies (Dragoi et al. 1999; Ford et al. 1989; King et al. 1998; 

Sweeney et al. 1992) and was not significantly different (F[3,282]=1.1699, p=0.3215) among 

SWS (10.73±2.70 spikes/s), QW (14.1334±3.25 spikes/s), AE (14.1289±2.71 spikes/s), and 

REM (14.4091±4.76 spikes/s) in one-way ANOVA analysis (Figure 4-5-E). The density 

distributions of firing rate for each state were depicted in Figure 4-5-F.   
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Functional MS-HIPP interactions were investigated by spectral coherence and Granger 

causality; the latter offers the advantage of characterizing the strength of causal influences in 

different frequency components. Results for group averaged coherence are demonstrated in 

Figure 4-6-A-D. The means of coherence were significantly different (F[3,282]=10.8028, 

p<0.0001) in one-way ANOVA analysis among SWS (0.0238±0.0094), QW (0.0405±0.0138), 

AE (0.0696±0.0188), and REM (0.0892±0.0258). Comparing coherence of each state pair by ad-

hoc multiple comparison test showed that SWS vs. AE (p=0.0005), SWS vs. REM (p<0.0001), 

and QW vs. REM (p=0.0012) were significantly different while the rest of state pairs (SWS vs. 

QW: p =0.5092, QW vs. AE: p =0.0735, AE vs. REM: p =0.4122) were not significantly 

different. Moreover, MS-HIPP coherence was significant in 26.58%, 50.00%, 73.75%, and 

87.72% of the neurons during SWS, QW, AE, and REM sleep, respectively as shown in Figure 

4-5-G.  

The coherence density distributions for each state were plotted in Figure 4-6-F. From the 

figure, the density distributions of theta states were biased to the right and of non-theta states 

were biased to the left. The peak frequencies of coherence were demonstrated in Figure 4-6-G 

and the means of peak frequencies (SWS: 8.0256±0.3251, QW: 6.8592±0.2593, AE: 

6.8433±0.2118, and REM: 6.9656±0.2530) were significantly different (F[3,282]=18.5737, 

p<0.0001) in one-way ANOVA analysis. Performing ad-hoc multiple comparison test, the mean 

peak frequency of SWS was significantly different from other states: SWS vs. QW (p<0.0001), 

SWS vs. AE (p<0.0001), and SWS vs. REM (p<0.0001) while QW vs. AE (p=0.9998), QW vs. 

REM (p=0.9560), and AE vs. REM (p=0.9300) were not significantly different. The density 

distributions of coherence peak frequency were depicted in Figure 4-6-H and peak frequency of 
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SWS had two peaks around 8Hz and 10Hz and peak frequencies of other states resided between 

6-7Hz. 

Group averaged GC was depicted in Figure 4-7-A-D. During SWS, the percentage of 

neurons with significant GC was 2.53% in GC from HIPP to MS and 43.04% in GC from MS to 

HIPP as shown in Figure 4-5-H. GC indicated a nearly unidirectional MSHIPP drive in which 

MS neuronal activity affected HIPP LFP at frequencies within the theta range (group average of 

HIPPMS GC spectra=0.0042 and MSHIPP GC spectra=0.016) but the firing activity of 

these neurons was much less affected by HIPP activity as shown in Figure 4-5-E. From the 

Figure 4-9-A, MSHIPP GC was significantly greater than HIPPMS GC (paired t-test, 

t[78]=-3.3202, p=0.0014), and the results delineated that causal interaction was unidirectional. In 

QW state, 20.00% of neurons showed significant GC from HIPP to MS and 47.14% of neurons 

showed significant GC from MS to HIPP. Comparing with SWS, the percentage of significant 

neurons was increased from 2.53% to 20.00% as shown in Figure 4-5-H. Group averaged GC 

was 0.0103 during HIPPMS and was 0.0231 during MSHIPP. Even though, GC was 

increased during HIPPMS comparing with SWS, the GC between HIPPMS and MSHIPP 

was significantly different in paired t-test (t[69]=-3.8291, p=0.0003) shown in Figure 4-9-A. 

These results from non-theta states indicated that causal interaction from MS to HIPP is 

significantly greater than that in the opposite direction.  

During theta states, the percentage of neurons with significant GC was increased for both 

HIPPMS (65.00% in AE and 80.70% in REM sleep) and MSHIPP (61.25% in AE and 

80.70% in REM sleep) directions as depicted in Figure 4-5-H. The interaction became 

bidirectional, with the advent of a strong descending HIPPMS GC component (group average: 

0.0317 for AE and 0.0458 for REM sleep) and consistent ascending MSHIPP GC component 
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(group average: 0.0309 for AE and 0.0376 for REM sleep). From the Figure 4-8-A, GC from 

HIPP to MS was significantly different (F(3,282)=22.9615, p<0.0001) in one-way ANOVA 

analysis among SWS (0.0042±0.0013), QW (0.0103±0.0034), AE (0.0317±0.0084), and REM 

(0.0458±0.0144). Performing multiple comparison test, non-theta states had significantly 

different GC means from the means of theta states: SWS vs. AE (p<0.0001), SWS vs. REM 

(p<0.0001), QW vs. AE (p<0.0004), and QW vs. REM (p<0.0001). The mean difference within 

theta states (SWS vs. QW: p=0.6752) and non-theta states (AE vs. REM: p=0.0646) was not 

significantly different by ad-hoc multiple comparison. The density distributions of HIPPMS 

were separated to the left during non-theta states and to the right during theta states as shown in 

Figure 4-8-B. The MSHIPP GC among four different states (SWS: 0.0162±0.0079, QW: 

0.0231±0.0089, AE: 0.0309±0.0118, and REM: 0.0376±0.0153) was significantly different 

(F(3,282)=2.6855, p=0.0469) in one-way ANOVA analysis as shown in Figure 4-8-C. In 

multiple comparison test with 95% confidence interval, SWS showed significantly different 

means from REM (p=0.0434) while other pairs of state were not significantly different (SWS vs. 

QW: p=0.8070, SWS vs. AE: p=0.1959, QW vs. AE: p=0.7380, QW vs. REM: p=0.3083 and AE 

vs. REM: p=0.8462). The density distributions of MSHIPP GC were depicted in Figure 4-8-D. 

Moreover, in theta states, HIPPMS GC and MSHIPP GC were no longer differed in paired 

t-test (AE: t[79]=0.1807, p=0.8571 and REM: t[56]=1.4285, p=0.1587) as shown in Figure 4-9-

A. 

Figure 4-8-E-H showed the GC changes of each neuron between HIPPMS GC and 

MSHIPP GC for different states. The gray lines mean that there is no significant change 

between HIPPMS GC and MSHIPP GC for each neuron. The magenta lines explain that 

MSHIPP GC is significantly greater than HIPPMS GC and blue lines delineated that 
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MSHIPP GC is significantly lower than HIPPMS GC. In order to construct null hypothesis 

that each neuron is not significantly changed with 95% confidence interval, we conducted 

bootstrapping with 1000 random sampling with replacement. During SWS, 8 of 79 neurons 

(10.13%) significantly increased and 23 neurons (29.11%) significantly decreased from 

HIPPMS to MSHIPP.  In QW, 4 of 70 neurons (5.71%) significantly increased and 20 

neurons (28.57%) significantly decreased from HIPPMS to MSHIPP. During AE, 24 of 80 

neurons (30.00%) significantly increased and 7 neurons (8.75%) significantly decreased from 

HIPPMS to MSHIPP. 15 of 57 neurons (26.32%) significantly increased and 8 neurons 

(14.04%) significantly decreased during REM sleep. 

Furthermore, the peak frequencies of HIPPMS GC spectra (SWS: 6.7770±0.4042, 

QW: 6.4752±0.2346, AE: 6.8218±0.2276, and REM: 6.8920±0.2709) were not significantly 

different in one-way ANOVA analysis (F(3,282)=1.3520, p=0.2578) as shown in Figure 4-8-E. 

In ad-hoc multiple comparison between pairs of each state, there were no significant difference 

(SWS vs. QW: p=0.4911, SWS vs. AE: p=0.9964, SWS vs. REM: p=0.9571, QW vs. AE: 

p=0.3631, QW vs. REM: p=0.2755, and AE vs. REM: p=0.9895). The density distributions of 

peak frequency of HIPPMS GC were depicted in Figure 4-8-F. In contrast, the peak frequency 

of MSHIPP GC spectra (SWS: 7.7915±0.3693, QW: 6.4858±0.3945, AE: 6.6121±0.4309, and 

REM: 6.6324±0.5487)  showed significantly different in one-way ANOVA analysis 

(F(3,282)=8.2838, p<0.0001) as shown in Figure 4-8-G. Performing ad-hoc multiple comparison 

test, SWS had significantly different GC peak frequency means from the means of other states: 

SWS vs. QW (p=0.0001), SWS vs. AE (p=0.0004), and SWS vs. REM (p=0.0018) whereas QW 

vs. AE (p=0.9757), QW vs. REM (p=0.9709), and AE vs. REM (p=0.9999) were not 

significantly different. The density distributions of peak frequency of MSHIPP GC were 
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shown in Figure 4-4-H. The peak frequency of HIPPMS GC was significantly different 

comparing that of MSHIPP (paired t-test t[78]=-4.2617, p<0.0001) during SWS as shown in 

Figure 4-8-B. However, other states did not represent any significant difference between GC 

peak frequencies of MSHIPP and HIPPMS: QW (t[69]=-0.0424, p=0.9663), AE 

(t[79]=0.9410, p=0.3495), and REM (t[56]=0.8628, p=0.3919) when paired t-test was performed. 

4.4 Discussion 

The MS has a critical role in generating theta rhythm in the HIPP because lesioning or 

inactivating the MS disrupts theta oscillations. Previous studies have extensively studied the role 

of GABAergic (Hangya et al. 2009; Bender et al., 2015), cholinergic (Vandecasteele et al., 

2014), and glutamatergic (Robinson et al., 2016) neurons in the MS and shown that these 

neurons contributes to generate the HIPP theta rhythm or modulate the excitability of other 

neurons in a way that promotes their theta rhythmic firing. These results are consistent with a 

classical view of the MS as a major input pathway to the hippocampus, contributing to 

hippocampal theta rhythms.  

In this chapter, we have demonstrated the relationship between MS neurons and HIPP 

LFP in temporal and frequency domain using Z-shift method and non-parametric Granger 

causality for different non-theta (SWS, QW) and theta (AE, REM) states. With Z-shift method, 

we showed that the MS neurons are phase-locked to the HIPP LFP. Interestingly, this phase 

locking between MS units and HIPP LFP was presented in all states, even when there was little 

apparent theta power in HIPP LFPs. Furthermore, MS unit firings were maximally phase-locked 

to HIPP LFP theta rhythm delaying between 92ms and 130ms regardless of behavioral states. 

This phase locking between MS units and HIPP LFP supports the idea that these two structures 

are interactively connected and the substantial delay may reflect the time required to recruit a 

significant proportion of neurons into a synchronized theta network (Hangya et al., 2009). 
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Hippocampo-septal feedback as well as septo-hippocampal feedback is also essential for 

the generation and maintenance of hippocampal theta oscillation and had shown in both 

experimental (Toth et al., 1993) and modeling (Wang, 2002) studies. Moreover, the classical 

view of MS theta generation has recently been challenged by in vitro data (Manseau et al., 2008), 

suggesting a hypothesis of hippocampal lead over the MS in the regulation of theta. A recent 

study demonstrated that HCN(hyperpolarization-activated and cyclic nucleotide-gated 

nonselective cation channel)-immunonegative neurons in the MS form a septal follower group, 

which receive rhythmic inputs from hippocampal and/or from GABAergic MS neurons (Hangya 

et al., 2009).  

Through the non-parametric GC, we decomposed the MS-HIPP synchrony into their 

directional components and examine the causal interactions between them within the theta 

frequency band during theta (AE, REM) and non-theta (SWS, QW) states. The main finding of 

this analysis is that there is a significant unidirectional MSHIPP influence over a wide band 

(2-10Hz) in non-theta states which switches to bidirectional theta drive during theta states with 

MSHIPP and HIPPMS GC being of equal magnitude. Unidirectional MSHIPP influence 

in SWS was accompanied by significant MS-HIPP coherence (max at 8.25±0.46Hz), but no theta 

peak in HIPP power spectra. During QW, HIPPMS GC was slightly increased comparing to 

SWS. However, the increase is not significantly different by ad-hoc multiple comparison test. In 

theta states, a rise in HIPPMS close to the level of the MSHIPP drive appeared together 

with elevated, sharp theta coherence and strong theta power in both structures. These findings are 

in agreement with predictions of a computational model (Wang 2002), indicating that even 

though MS neurons possess the membrane machinery to generate rhythmic firing in the theta 

range (Serafin et al. 1996), robust theta synchronization only emerges with the addition of a 
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second GABAergic population, which in the present case is the HIPP GABAergic network 

projecting back to the MS. Striking differences between theta and non-theta states were 

observed, however, at the level of theta influence in the opposite direction carried by the 

descending HIPPMS GABAergic pathway. Activation of descending HIPPMS theta drive 

during theta states did not change the magnitude of MSHIPP. Rather, it led to more regular 

rhythmic MS bursts, sharpened the MSHIPP GC spectra, and shifted peak frequency in the 

MSHIPP GC spectra to ~6 Hz, to synchronize with the peak frequency in HIPPMS GC 

spectra. These results are consistent with the role of GABAergic input in enhancing MS neuronal 

synchrony (Wang 2002).  

Recent research (Hangya et al. 2009) proposed that only a subset of MS and HIPP 

neurons show theta oscillation during non-theta states. Most of the neurons are not functionally 

coupled; only some of the neurons are synchronized with each other. The elevation of 

GABAergic and/or cholinergic activity pushes the non-theta states into theta-states. This 

transition state enhances the coupling between MS and HIPP neurons. The spread of coupling 

between MS and HIPP neurons leads to theta states. On the course of theta synchronization, 

GABAergic pacemaker neurons in MS inhibit subsets of hippocampal interneurons leading to the 

disinhibition of pyramidal cells and generate theta LFP (Freund and Antal, 1988; Toth et al., 

1997). Back-projection from HIPP to MS would further enhance synchrony of MS GABAergic 

cells (Toth et al., 1993; Takacs et al., 2008). 

An important limitation of this study is related to the issue of the topography of 

projections to the HIPP arising from the MS and the fact that the phase and coherence of theta 

oscillations systematically change across the septotemporal axis (Long et al. 2015; Penley et al. 

2012). Furthermore, MS neurons represent different actions in the control of HIPP activity. Fast-
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firing parvalbumin (PV)-containing GABAergic neurons innervate hippocampal interneurons 

mediating disinhibition of pyramidal and granule cells (Hangya et al. 2009; Toth et al., 1997) 

while slow-firing cholinergic neurons appear to modulate HIPP activity (Scotty et al., 2003). 

This raises the possibility that neurons recorded at different locations within the MS that project 

differentially across the septotemporal axis may not have their strongest relationship to theta 

recorded at the single septal HIPP recording site, but instead maintain a strong causal 

relationship with theta oscillations generated at more temporal levels. Further uncertainty may be 

related to the HIPP LFP recorded in one single location. LFPs are usually considered to reflect 

synaptic currents in the immediate vicinity of the electrode, although more distant sources may 

also have significant contributions through volume conduction (Kajikawa and Schroeder 2015). 

Low-frequency components have relatively larger spatial reach (Leski et al. 2013), and thus the 

variability in the contribution of different hippocampal regions could certainly have contributed 

to the results. 
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Figure 4-1. Examples of phase locking to the HIPP LFP for a MS neuron during SWS, QW, AE, 

and REM sleep. The top row describes circular distribution of phase values of MS 
unit relative to HIPP LFP for two cycles with no phase shifts. The bottom row depicts 
histograms of preferred phase (µ) for a phase-locked MS unit relative to HIPP LFP 
for two cycles.  
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Figure 4-2. Examples of the Rayleigh’s Z-statistics during SWS, QW, AE, and REM sleep. The 

Z-statistics are plotted against different time lags from -1 to 1 sec. Maximum location 
of the function (𝑍𝑍𝑠𝑠ℎ𝑖𝑖𝜋𝜋𝑡𝑡) describes the optimal delay to reach the highest phase-
locking, whereas maximal Z value (𝑍𝑍𝑚𝑚𝑚𝑚𝑥𝑥) is the strength of the maximal coupling 
between MS unit and HIPP LFP. 
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Figure 4-3. Phase-locking activity between MS units and HIPP LFP during SWS, QW, AE, and 

REM sleep. Pseudocolor panels of the populational Z-shift analysis depict the 
Rayleigh’s Z value normalized with the maximal Z value (𝑍𝑍𝑚𝑚𝑚𝑚𝑥𝑥) as a function of time 
shift (𝜏𝜏) for each neuron. Z values for the dataset shifted by 5ms for each neuron were 
displayed in rows and were sorted by maximal Z value in descending order. Black 
and white dots indicate the location of maximum coupling between for each MS unit 
and HIPP LFP (𝑍𝑍𝑠𝑠ℎ𝑖𝑖𝜋𝜋𝑡𝑡), and the color describes whether the maximal Z value (𝑍𝑍𝑚𝑚𝑚𝑚𝑥𝑥) 
exceeded the significance threshold (black dots) or not (white dots). 
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Figure 4-4. One-way ANOVA tests and multiple comparisons for further analysis. (A) Preferred 

phase (µ) (B) Concentration parameter (κ) (C) Location of maximum coupling 
between MS unit and HIPP LFP (𝑍𝑍𝑠𝑠ℎ𝑖𝑖𝜋𝜋𝑡𝑡). 

  

67 



 

 

Figure 4-5. MS and hippocampal activity during SWS, QW, AE, and REM sleep. A-D. Group 
averaged relative power spectra of hippocampal LFP (top panels) and MS activity 
(bottom). E-F. Comparison of MS units firing rate for each state (E) and firing rate 
density distribution of each state (F). G-H. Percentage of neurons with significant 
coherence (G) and GC (H) 
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Figure 4-6. Analysis of coherence during SWS, QW, AE, and REM sleep. A-D. Group averaged 
coherence between hippocampal LFP and MS activity. E-F. Comparison of MS-HIPP 
coherence for each state (E) and coherence density distribution of each state (F). G-H. 
Comparison of MS-HIPP coherence peak frequency (G) and peak frequency density 
distribution (H). Significance indicators '**' represents p<0.005. 
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Figure 4-7. Analysis of GC during SWS, QW, AE, and REM sleep. A-D. Group averaged 
GC between hippocampal LFP and MS activity. E-H. GC changes of individual 
neurons for each state.  
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Figure 4-8. Further analysis of GC based on GC direction during SWS, QW, AE, and REM 
sleep. A. Comparison of HIPPMS. B. Density distribution of HIPPMS. C. 
Comparison of MSHIPP. D. Density distribution of MSHIPP. E. Comparison of 
peak frequency of HIPPMS. F. Density distribution of HIPPMS peak frequency. 
G. Comparison of peak frequency of MSHIPP. H. Density distribution of 
MSHIPP peak frequency. Significance indicators '*' and ‘**’ represents p<0.05 and 
p<0.005, respectively. 

 

 
 
  

71 



 

 

Figure 4-9. Further analysis of GC. A. Comparison of HIPPMS and MSHIPP GC for each 
state. B. Comparison of peak frequency of HIPPMS and MSHIPP GC for each 
state.  
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CHAPTER 5 
AFFECTIVE SCENE PROCESSING: LARGE-SCALE FUNCTIONAL INTERACTIONS 

REVEALED BY BETA-SERIES CONNECTIVITY ANALYSIS 

5.1 Background 

In this chapter we switch to a different signal modality: fMRI, and consider functional 

connectivity in brain networks during emotional processing. Emotions are rooted in ancient 

cortico-limbic survival circuits that generate behavioral dispositions in response to appetitive and 

aversive exteroceptive signals (Lang & Bradley, 2010; LeDoux, 2012). In humans, exposure to 

affectively arousing stimuli triggers activity in multiple brain regions that coalesce into large-

scale functional assemblies (Lindquist, Wager, Kober, Bliss-Moreau, & Barrett, 2012; Pessoa & 

Adolphs, 2010). The amygdala and mPFC are thought to form communication hubs within these 

assemblies (Kinnison, Padmala, Choi, & Pessoa, 2012), owing to their dense interconnectivity 

with many regions of the brain supporting perceptual-motor processing and behavioral control 

(Swanson, 2000; Young, Scannell, Burns, & Blakemore, 1994). Accordingly, understanding 

their patterns of functional interaction with other brain regions during emotional engagement is 

not only a major goal of systems neuroscience but it may also hold important clues for revealing 

impaired network activity in various affective disorders (Lang & Bradley, 2010).  

Many brain regions related to affective processing exhibit increased hemodynamic 

activity during both aversive and appetitive challenge (Bradley, et al., 2015; Lindquist, Wager, 

Kober, Bliss-Moreau, & Barrett, 2012; Sabatinelli, Keil, Frank, & Lang, 2013). Abundant 

evidence, however, also exists for valence-specific affective networks within the human brain. 

Studies have reported findings consistent with the existence of a core aversive/defensive network 

that responds either specifically to socially aversive inputs (Seymour, Singer, & Dolan, 2007) or 

to aversive information in general (Hayes & Northoff, 2011). The amygdala and the anterior 

insula are often mentioned as crucial components of this core aversive network (Fan, et al., 
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2011). On the other hand, studies using high-arousing appetitive and aversive stimuli have 

reliably observed amygdala engagement for emotionally arousing stimuli, irrespective of hedonic 

valence (Lang & Bradley, 2010). For example, connectivity between the left amygdala and peri-

hippocampal regions measured by hemodynamic imaging predicted report accuracy in a memory 

task with emotional pictures (Ritchey, Dolcos, & Cabeza, 2008). While the amygdala is clearly 

responsive to emotional arousal (intensity) in general, an untested hypothesis is whether the 

specific signature of distributed network interactions between the amygdala and other structures 

exhibits motive system (i.e., appetitive versus defensive) specificity (Pessoa, 2014). The first 

goal of the present study is to test this hypothesis.  

For appetitive processing, converging evidence suggests a central role for the nucleus 

accumbens (NAcc) and mPFC. Enhanced hemodynamic responses in NAcc/mPFC have been 

observed to be specific to the viewing of appetitive stimuli (Sabatinelli, Bradley, Lang, Costa, & 

Versace, 2007). Interestingly, mPFC activity dropped below baseline when viewing images with 

neutral or aversive content (Sabatinelli, Flaisch, Bradley, Fitzsimmons, & Lang, 2004). 

Extending this research, imagining pleasant scenes also led to NAcc and mPFC recruitment, and 

the functional connectivity between these regions and the amygdala uniquely characterized the 

imagery of pleasant affective content (Costa, Lang, Sabatinelli, Versace, & Bradley, 2010). 

Based on these findings and our preliminary data we hypothesize that mPFC functionally 

interacts with other brain structures, including areas in the perceptual-motor system, during 

appetitive processing specifically. The second goal of this study is to test this hypothesis. 

Another important factor that influences large-scale brain network responses concerns the 

intensity of emotional engagement. As with many other complex functions, emotional processing 

exhibits substantial trial-by-trial variability depending on the eliciting stimuli and the functional 
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state of the brain. Numerous studies indicate that the late positive potential (LPP) reliably 

indexes the degree of emotional arousal and processing intensity (Cuthbert, Schupp, Bradley, 

Birbaumer, & Lang, 2000; Keil, et al., 2002; Schupp, et al., 2004). LPP has been shown to be 

associated with BOLD responses in distributed brain areas (Liu, Huang, McGinnis-Deweese, 

Keil, & Ding, 2012; Sabatinelli, Keil, Frank, & Lang, 2013; Sabatinelli, Lang, Keil, & Bradley, 

2007). It is thus reasonable to expect that the strength of functional interactions between hub 

regions such as amygdala and mPFC and other brain areas should be modulated by the relative 

intensity of emotional processing. The third goal of our study is to test this hypothesis by 

applying a multimodal neuroimaging approach.    

These goals were achieved by re-analyzing data from a previous study (Liu et al., 2012) 

in which we recorded simultaneous fMRI and EEG during free viewing of affective pictures 

containing pleasant, unpleasant, and neutral scenes. For hemodynamic data, amygdala- and 

mPFC-seeded functional connectivity were assessed using the beta-series correlation method 

(Rissman, Gazzaley, & D'Esposito, 2004). LPP amplitude was estimated from the EEG data to 

provide an objective, electrophysiological index of emotional engagement for each individual 

and each image presentation. Our analysis was focused on aversive versus neutral and appetitive 

versus neutral contrasts. Within each contrast, functional connectivity was further parsed by 

separating low and high LPP amplitude trials.  

5.2 Methods 

5.2.1 Experimental Procedures and Data Acquisition  

Fifteen healthy volunteers with normal or corrected-to-normal vision participated in the 

experiment in exchange for either course credits or a financial incentive of $30. The 

experimental protocol was approved by the Institutional Review Board of the University of 

Florida. Written informed consent was obtained from all participants before the experiment. One 
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participant withdrew from the experiment. In addition, data from three participants were 

discarded due to artifacts generated by excessive movements inside the scanner. The remaining 

11 participants (7 females; mean age, 20 yrs.; SD, 2.65) performed the task according to 

instructions and were included in the analysis. 

The stimuli consisted of 20 pleasant, 20 neutral, and 20 unpleasant pictures selected from 

the International Affective Picture System (IAPS) based on their content, as well as their 

normative hedonic valence and emotional arousal ratings (Lang, Bradley, & Cuthbert, 2008). 

The IAPS picture numbers of these stimuli were: Pleasant: 4311, 4599, 4610, 4624, 4626, 4641, 

4658, 4680, 4694, 4695, 2057, 2332, 2345, 8186, 8250, 2655, 4597, 4668, 4693, 8030. Neutral: 

2398, 2032, 2036, 2037, 2102, 2191, 2305, 2374, 2377, 2411, 2499, 2635, 2347, 5600, 5700, 

5781, 5814, 5900, 8034, 2387. Unpleasant: 1114, 1120, 1205, 1220, 1271, 1300, 1302, 1931, 

3030, 3051, 3150, 6230, 6550, 9008, 9181, 9253, 9420, 9571, 3000, 3069. The pictures were 

selected to cover a wide range of contents to avoid category-specific brain activity, such as that 

evoked by only erotic scenes, and to enable robust appetitive and aversive engagements across 

observers. The pleasant pictures included sport scenes, romance, and erotic couples, whereas the 

unpleasant pictures included threat, attack scenes, and bodily mutilations. The neutral pictures 

included landscapes and neutral human beings. Across contents, pictures were matched for 

presence/absence of living/non-living content, as well as for landscape/scene versus close-up 

shots, and they were also matched for in-house ratings of perceived complexity obtained from 

several hundreds of undergraduate students in a preliminary rating study.  

The mean pleasure (valence) rating for pleasant, neutral, and unpleasant pictures was 7.0, 

6.3, and 2.8, respectively. The pleasant and unpleasant pictures had similar mean arousal levels 

(pleasant, 5.8; unpleasant, 5.9), both being higher than neutral pictures (4.2). Statistical tests of 
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these means showed that the three picture categories differed in reports of hedonic valence, as 

expected (pleasant > neutral, t(38)=2.7, p=.01; pleasant > unpleasant, t(38)=18.7, p<0.001; 

neutral > unpleasant, t(38)=9.9, p<0.001). Also as expected, rated emotional arousal did not 

differ between pleasant and unpleasant pictures, t(38)=1.1, p=0.27, but did differ between 

pleasant and neutral, t(38)=6.1, p<0.001; and unpleasant and neutral pictures, t(38)=7.0, 

p<0.001. Despite these differences, it should be noted that the categories did not show strong 

mean differences in affective ratings. Hence, replication with a set of pictures showing greater 

spread between categories in terms of hedonic valence and emotional arousal would be desirable.  

The experiment was implemented in an event-related fMRI design using E-Prime 

software. Each IAPS picture was centrally displayed on an MR-compatible monitor for 3 

seconds followed by a variable (2800 or 4300 ms) interstimulus interval. Participants viewed the 

images in the scanner via a reflective mirror system. There were five viewing blocks of 60 trials 

each. A break was given between blocks. In each block, the same 60 pictures were repeated in 

different random orders. The order of picture presentation was further randomized across 

different participants. A fixation cross was displayed at the center of the screen. Before the start 

of the experiment, participants were instructed to fixate on the central cross and to view the 

pictures without moving their eyes. After the experiment participants were invited to rate 12 

representative pictures (4 pictures within each category) they had not seen during the experiment 

on scales of hedonic valence and emotional arousal, using a paper and pencil version of the self-

assessment manikin (Bradley & Lang, 1994). The entire experiment lasted ~40 minutes.  

We note that previous neuroimaging work examining effects of emotional scene 

repetition has demonstrated that repetition effects and emotion effects do not interact in terms of 

BOLD (Bradley et al., 2015). Similarly, the LPP emotion effect has been robustly established as 
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being unaffected by repetition (Codispoti, Ferrari, & Bradley, 2006). These considerations 

allowed us to treat the five blocks of trials on an equal footing. The rating of new pictures at the 

end of the experiment was to ensure that the subjects can properly perceive the emotional content 

of stimuli (see e.g., Codispoti, Ferrari, & Bradley, 2006). Because the entire experiment lasted 

approximately 40 minutes, this being in addition to the extensive EEG preparation time, a 

decision was made not to invite affective ratings during the experiment on a trial-by-trial basis. 

Doing so would have lengthened the session dramatically, reduced signal quality, and possibly 

induced more motion artifacts. 

MRI data were collected on a 3T Philips Achieva scanner (Philips Medical Systems). 

Two hundred and twelve volumes of functional images were acquired using a gradient-echo 

echoplanar imaging (EPI) sequence during each session [echo time (TE), 30 ms; repetition time 

(TR), 1.98 s; flip angle, 80°; slice number, 36; field of view, 224 mm; voxel size, 3.5x3.5x3.5 

mm; matrix size, 64x64]. The slices were acquired in ascending order and oriented parallel to the 

plane connecting the anterior and posterior commissure.  

EEG data were recorded using a 32-channel MR-compatible EEG system (Brain Products 

GmbH). Thirty-one sintered Ag/AgCl electrodes were placed on the scalp according to the 10-20 

system, and one additional electrode was placed on subject’s upper back to monitor 

electrocardiograms (ECG). The recorded ECG was used to detect heartbeat events that 

subsequently aided in the removal of the cardioballistic artifacts. The EEG channels were 

referenced to the FCz electrode during recording. EEG signal was recorded with an online 

0.1~250 Hz band-pass filter and digitized to 16 bit at a sampling rate of 5 kHz. The EEG 

recording system was synchronized with the scanner’s internal clock throughout the recording 

session to ensure the successful removal of the gradient artifact in subsequent analyses. 
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5.2.2 Data Preprocessing 

The fMRI data were preprocessed using SPM5 (http://www.fil.ion.ucl.ac.uk/spm/). The 

first five volumes in each experimental session were discarded to eliminate transient effects. 

Slice timing was corrected using sinc interpolation to account for differences in slice acquisition 

time. The images were then corrected for head movement by spatially realigning them to the 

sixth image of each session, normalized and registered to the Montreal Neurological Institute 

(MNI) template, and resampled to a spatial resolution of 3 x 3 x 3 mm. The transformed images 

were smoothed by a Gaussian filter with a full-width at half-maximum of 8 mm. The low-

frequency temporal drifts were removed from the functional images by applying a high-pass 

filter with a cutoff frequency of 1/128 Hz, and the global signal was removed by dividing every 

voxel in a slice by the estimated global signal value. 

Brain Vision Analyzer 2.0 (Brain Products GmbH) was used to remove scanner artifacts 

in the EEG data. The gradient artifacts were removed by using a modified version of the original 

algorithms proposed by Allen et al. (Allen, Josephs, & Turner, 2000). Briefly, an artifact 

template was created by segmenting and averaging the data according to the onset of each 

volume within a sliding window consisting of 41 consecutive volumes, and subtracted from the 

raw EEG data. The cardioballistic artifacts were removed by using an average artifact subtraction 

method (Allen, Polizzi, Krakow, Fish, & Lemieux, 1998). In this method R peaks were detected 

in the low-pass-filtered ECG signal and used to construct a delayed average artifact template 

over 21 consecutive heartbeat events. The average artifact template was subtracted from the 

original EEG signal in a sliding-window approach. The EEG data after these two steps were low-

pass filtered with the cutoff set at 50 Hz, down-sampled to 250 Hz, and re-referenced to the 

average reference. These data were then exported to EEGLAB (Delorme & Makeig, 2004) and 

SOBI (Second Order Blind Identification) (Belouchrani, Abed-Meraim, Cardoso, & Moulines, 
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1993) was applied to further correct for eye-blinking, residual cardioballistic, and movement-

related artifacts. The artifacts-corrected data were then epoched from -300 ms to 2000 ms with 0 

ms representing image onset. The pre-stimulus baseline was defined as -300 to 0 ms for ERP 

analysis (Liu, Huang, McGinnis-Deweese, Keil, & Ding, 2012). 

5.2.3 Seed Region Selection 

FMRI activation by contrasting pleasant versus neutral pictures and unpleasant versus 

neutral pictures employing the general linear model (GLM) approach has reported on the same 

data (Liu, Huang, McGinnis-Deweese, Keil, & Ding, 2012). The published activation maps 

became the basis for selecting mPFC and amygdala seed regions in the present study. For mPFC, 

a sphere of 5-mm in radius centered at the most activated voxel in mPFC (MNI coordinate [9, 

60, 3]) under the group-level contrast of pleasant versus neutral was selected as the seed region. 

For amygdala, the spheres for the left and right amygdala were similarly chosen under the group-

level contrast of unpleasant versus neutral (center coordinates for left and right amygdala: [-21, 

0, -18] and [21, 0, -18]). Because left and right amygdala yielded similar connectivity patterns 

they were combined into a single amygdala seed. As discussed in the Introduction of this 

chapter, the choice of mPFC and amygdala as seed regions was well grounded, reflecting their 

distinct involvement in the processing of appetitive and aversive pictures (Sabatinelli, et al., 

2011; Sabatinelli, Lang, Keil, & Bradley, 2007). Seed regions were also based on findings with 

an earlier analysis of this data (Liu, Huang, McGinnis-Deweese, Keil, & Ding, 2012), in which 

mPFC and amygdaloid BOLD activation were found to co-vary with the LPP in a content-

specific fashion. 

5.2.4 Functional Connectivity 

We applied the beta-series correlation method to assess functional interactions between 

the seed region and other brain regions (Rissman, Gazzaley, & D'Esposito, 2004; Rissman, 
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Gazzaley, & D'Esposito, 2008). In this method beta values representing the extent of brain 

activation were estimated for each single trial using the GLM approach. For each participant 300 

covariates of interest (5 sessions with 60 picture trials each) were introduced into the GLM 

design matrix to model the hemodynamic response elicited by each picture presentation 

(Axmacher, Schmitz, Wagner, Elger, & Fell, 2008; Chadick & Gazzaley, 2011; Rissman, 

Gazzaley, & D'Esposito, 2004). Nuisance factors such as head movements were included in the 

model as additional regressors of no interest. For a given group of trials the beta-series from the 

seed region was correlated with those from every other voxel in the brain using Pearson’s 

correlation, with higher correlation coefficients assumed to indicate stronger inter-areal 

functional connectivity. The correlation coefficients were standardized into z-scores using 

Fisher’s r-to-Z transform for further statistical analysis (Rissman, Gazzaley, & D'Esposito, 

2004). 

5.2.5 Single-trial Estimation of LPP 

EEG data from channel Pz was subject to ERP single trial estimation (Liu, Huang, 

McGinnis-Deweese, Keil, & Ding, 2012) using the Analysis of Single-trial ERP and Ongoing 

activity (ASEO) method (Xu, et al., 2009). Briefly, single trial EEG data are modeled as 

comprised of two parts: ERP and ongoing activity. The ERP part contains multiple components 

whose amplitude and latency vary from trial to trial. The ongoing activity part is assumed to be 

an autoregressive stochastic process. Based on this model, ASEO estimates single trial ERPs 

using an iterative maximum likelihood approach. From each single trial ERP the magnitude of 

LPP for that trial was measured. These LPP amplitude estimates from each subject were then 

used to sort the trials and divide them into high and low LPP trials within either pleasant or 

unpleasant image categories using median split.  
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We note that a median split was preferred over alternative methods such as quartiles or 

tertiles, as it maximized the number of trials included in the analysis, thereby enhancing 

statistical power. An additional advantage of the median split in this small sample of observers is 

that it enables a face (quasi-split-half) reliability check: Reliable network composition across 

halves of trials would be supported by the finding that networks (both appetitive and aversive) 

for high versus low LPP trials differ in strength and extent but not in the gross composition of 

regions. Using LPP single trial amplitudes to quantify the emotional intensity for each trial 

instead of self-report (affective ratings) affords a measure that is not bounded by an (ordinal) 

rating scale, can be objectively measured, can vary freely with multiple exposure to the same 

picture, and more directly reflects the brain processes mediating emotional engagement, 

compared to affective ratings. 

5.2.6 Statistical Inference 

Two classes of group level random-effects analyses were conducted via paired t-tests on 

the Z-transformed correlation maps of individual subjects: (1) pleasant versus neutral scenes and 

unpleasant versus neutral scenes (valence contrast) and (2) high LPP group versus neutral and 

low LPP group versus neutral within either pleasant or unpleasant image category (intensity 

contrast). The statistical threshold for all second-level analyses was set at p < 0.05 corrected for 

false discovery rate (FDR). For the valence contrast clusters containing more than 10 significant 

contiguous voxels were shown. For the intensity contrast, because of reduced statistical power 

owing to smaller numbers of trials used, clusters containing more than 5 contiguous significant 

voxels were shown. 
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5.3 Results 

5.3.1 MPFC-seeded Correlation Maps 

Contrasting pleasant versus neutral scenes revealed increased functional connectivity 

between the mPFC and higher-order executive structures and motor control areas (Figure 5-1A), 

including bilateral dorsolateral prefrontal cortex, supplementary motor area, anterior cingulate 

cortex, and left orbitofrontal cortex. Furthermore, mPFC interacted with the left calcarine sulcus 

and several extrastriate visual cortical areas such as the left cuneus, lingual gyrus, and superior 

occipital regions. Several regions often associated with attention and perception were also 

functionally coupled with the mPFC during pleasant scene viewing, including the superior and 

inferior parietal cortex, fusiform gyrus, and the temporal pole. Regions often associated with 

emotion-related mobilization for action showed strong appetitive mPFC connectivity, including 

the bilateral amygdala, hippocampus, as well as the precentral and postcentral gyri. Strikingly, 

there was no increase in functional connectivity between mPFC and other brain regions when 

unpleasant scenes were contrasted against neutral ones (Figure 5-1B), consistent with our 

hypothesis that mPFC centered networks exhibit specificity to appetitive content. Table 5-1 lists 

the regions exhibiting heightened mPFC-linked connectivity during emotional scene viewing. 

5.3.2 Amygdala-seeded Correlation Maps 

For the pleasant versus neutral contrast, the amygdala exhibited increased connectivity 

with the left orbitofrontal cortex, bilateral dorsolateral prefrontal cortices, as well as areas in the 

extended visual cortex along the ventral stream, including left peri-calcarine, right precuneus and 

left cuneus, as well as the right inferior temporal gyrus (Figure 5-2A). Additional regions in the 

connectivity map included the caudate, the anterior cingulate cortex, left insula, and 

hippocampus. Contrasting unpleasant versus neutral viewing (Figure 5-2B) revealed a much 

broader network of areas that exhibited increased functional connectivity with the amygdala 
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including striate and extrastriate visual cortices, areas in the temporal lobe 

(superior/middle/inferior temporal gyrus), and areas in dorsolateral prefrontal cortices, 

orbitofrontal cortex, and parietal cortices. Thalamus, hippocampus, parahippocampal gyrus, 

insula, anterior cingulate cortex, motor cortices, and somatosensory cortices also exhibited 

heightened interaction with the amygdala during aversive processing. From Table 5-2 the 

number of regions exhibiting increased amygdala connectivity during the viewing of unpleasant 

scenes is more than twice that during the viewing of pleasant pictures. These findings, consistent 

with our hypothesis, provide large-scale network evidence supporting the notion that amygdala 

forms distinct profiles of functional links with motive-specific brain regions during appetitive 

and aversive processing. 

5.3.3 LPP-defined Correlation Maps 

To examine whether seed-based functional connectivity is modulated by the intensity of 

emotional engagement, we used single-trial LPP amplitudes estimated from simultaneously 

recorded EEG as an index to divide the trials within a picture category into two groups of trials: 

large and small LPP amplitudes. The large and small LPP trials from pleasant and unpleasant 

categories were then separately contrasted against the trials from the neutral category.  

Regarding the mPFC-seeded correlation maps during the viewing of pleasant scenes,  our 

analyses demonstrated that trials with large LPP amplitudes were associated with extensive 

interactions involving precentral/postcentral gyri which were often associated with emotion-

related mobilization for action (Figure 5-3A). Functional connectivity also extended to the 

fusiform gyrus associated with higher-level visual processing and perception and the anterior 

cingulate cortex related to the modulation of emotional responses. Additional regions in the 

connectivity map included the supplementary motor area, middle/inferior temporal cortices and 

right occipital cortex. By contrast, the mPFC-seeded correlation maps revealed no significant 
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interactions on trials with small LPP amplitudes, suggesting that the formation of large-scale 

networks reflects the extent of emotional engagement (Figure 5-3B). Mirroring our previous 

analyses, there was no increase in mPFC mediated functional connectivity during the viewing of 

unpleasant scenes, regardless of LPP amplitude (Figure 5-3C and 5-3D). This observation, 

together with Figure 5-1B, provides further support for the notion that mPFC forms a key 

component in a broadly distributed network that responds selectively to appetitive stimuli. Table 

5-3 lists the regions with increased mPFC functional connectivity during emotional scene 

viewing, separately for the large and small LPP groups.  

The amygdala-seeded connectivity map during viewing of pleasant scenes included the 

right temporal pole and left dorsolateral prefrontal cortex for trials with large LPP amplitudes 

(Figure 5-4A); it contained no regions for trials with small LPP amplitudes (Figure 5-4B). 

During the viewing of unpleasant scenes the amygdala-seeded functional connectivity maps for 

the large LPP group (Figure 5-4C) contained large portions of the striate and extrastriate visual 

cortices, temporal lobe structures, as well as higher-order executive structures including the 

dorsolateral prefrontal cortex, orbitofrontal cortex, and anterior cingulate cortex. Bilateral insula, 

left parietal cortex, left hippocampus, left parahippocampal gyrus, anterior cingulate cortex 

motor cortex, and somatosensory cortex also exhibited heightened interaction with the amygdala 

during more intense aversive processing. Only a small subset (Figure 5-4D) of these areas 

remained in the amygdala-seeded correlation map when examining trials with small LPP 

amplitudes. Table 5-4 lists the regions that exhibited increased functional connectivity with the 

amygdala during the viewing of pleasant and unpleasant scenes, separately for the large and 

small LPP trials. 
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5.4 Discussion 

Viewing emotional pictures leads to heightened hemodynamic responses in a host of 

brain areas (Sabatinelli, et al., 2011). Past work has mainly focused on characterizing the co-

activation of these areas. Here we aimed to map distributed interaction patterns among brain 

areas during exposure to natural scenes depicting pleasant, neutral, and unpleasant content. 

Motivated by the hypothesis that different coalitions of brain regions are assembled into large-

scale networks depending on the motive system being engaged (e.g., appetitive vs. aversive), we 

first correlated single-trial beta values for each of the three picture categories. This approach 

allowed us to uncover distinct large-scale functional connectivity profiles by revealing the 

amount of correlated hemodynamic activity between core emotion processing structures (such as 

the amygdaloid complex and mPFC) and extended brain regions involved in perceptual-motor 

processing, memory and behavioral control. To further assess the modulation of these 

correlations by emotional intensity, we used single trial LPP from the simultaneously recorded 

EEG to index the varying intensity of emotional engagement within a hedonic valance and 

examined functional connectivity separately for large LPP trials and small LPP trials. 

5.4.1 MPFC and Its Patterns of Functional Connectivity 

The mPFC was hypothesized to be the core component of a large-scale network sensitive 

to appetitive processing, important for coordinating sensory and motor areas to support amplified 

sensory processing and response mobilization towards appetitive cues (Price, 1999). The present 

functional connectivity analyses are consistent with evidence from previous studies that mPFC 

networks exhibit preferential recruitment during appetitive processing (Costa, Lang, Sabatinelli, 

Versace, & Bradley, 2010; Sabatinelli, Bradley, Lang, Costa, & Versace, 2007; Sabatinelli, 

Flaisch, Bradley, Fitzsimmons, & Lang, 2004). In a previous study with the same data (Liu et al., 

2012), the LPP amplitude elicited by pleasant pictures co-varied with BOLD in the mPFC, 
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occipitotemporal junction, amygdala, and precuneus. In the present study, the mPFC-mediated 

appetitive network included wide-spread cortical regions involved in visual processing (ventral 

visual stream) and action selection, in addition to numerous deep brain regions such as the 

hippocampal, amygdaloid complexes and the ACC responsible for memory and cognitive 

control. By contrast, our analyses revealed no mPFC-linked areas that were preferentially 

engaged during the processing of aversive stimuli. These findings support the existence of a 

unique and dedicated mPFC-mediated functional neural organization for appetitive processing. 

The absence of mPFC-related connectivity in the unpleasant condition strongly suggests that the 

appetitive network outlined above (Figure 5-1 and Table 5-1) is not driven by stimulus salience 

or general arousal. 

Previous research has also suggested an important role for the nucleus accumbens (NAcc) 

in appetitive engagement both during pleasant scene viewing (Costa, Lang, Sabatinelli, Versace, 

& Bradley, 2010; Sabatinelli, Lang, Bradley, Costa, & Keil, 2009) and during pleasant imagery 

(Costa, Lang, Sabatinelli, Versace, & Bradley, 2010). In the present study, however, NAcc was 

only found to be contained in the mPFC-seeded correlation maps for pleasant versus neutral 

contrast under relaxed threshold (p<0.07 FDR). Using the NAcc seed identified by contrasting 

BOLD evoked by pleasant and neutral pictures (Liu et al., 2012) we found no areas appearing in 

the corresponding correlation maps under p<0.05 FDR. Using the NAcc seed identified in a 

previous study (Heldmann, et al., 2012) (MNI coordinates: [10,12,-2] and [-10,12,-2]), the 

corresponding correlation maps revealed very few regions under p<0.05 FDR (not shown). This 

suggests that mPFC is the main valence-sensitive region for coordinating a network of areas 

involved in perceiving and mobilizing action in response to pleasant motivational affordances.   
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5.4.2 Amygdala and Its Patterns of Functional Connectivity 

The amygdala was hypothesized to connect to different brain regions depending on the 

hedonic valence of the system being engaged. Our findings support this hypothesis. Amygdala-

seeded coupling during appetitive processing was restricted to the visual cortex as well as areas 

involved in attention and executive functions (e.g., precuneus) (Nagahama, et al., 1999), and the 

encoding of hedonic value such as the caudate and insula (Naqvi & Bechara, 2010; Phan, Wager, 

Taylor, & Liberzon, 2002). During aversive processing, connections between the bilateral 

amygdala and visual cortex were stronger and more widespread. In addition, our findings suggest 

a unique profile of amygdala-seeded functional connectivity during the processing of aversive 

scenes, characterized by involvement of the superior/middle temporal gyrus, superior/inferior 

parietal cortex, the cingulate cortex, and supplementary motor area, along with critical 

subcortical structures including the thalamus, hippocampus, and insula. These regions, including 

perceptual and motor areas as well as cortical regions involved in executive and memory 

processing, correspond largely with previous studies examining beta-series connectivity when 

observers view IAPS pictures (e.g., St. Jacques, Dolcos, & Cabeza, 2010). The formation of such 

function-dependent flexible links between the amygdaloid body and other structures during 

specific motivational and behavioral conditions is in line with research in animal models 

(Salzman, Paton, Belova, & Morrison, 2007).  

Our previous results on the same data (Liu et al., 2012) observed trial-by-trial correlation 

of LPP amplitude and BOLD for unpleasant pictures in temporal and ventrolateral prefrontal 

cortices, insula, and cingulate cortex. Paralleling findings for pleasant picture viewing, the beta-

series method (which highlights brain areas displaying systematic BOLD co-variation across 

time) was more sensitive than the LPP-BOLD coupling analysis (Liu et al., 2012), which 

identifies brain structures in which hemodynamic and electrophysiological reactivity co-vary 
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across trials. This heightened sensitivity might be related to favorable signal-to-noise ratios when 

using BOLD time series, compared to when using a mixture of BOLD and an external, noisy, 

variable such as single-trial estimates derived from EEG data. Future work may systematically 

compare functional networks characterized by the beta-series method with activation maps 

reflecting coupling of BOLD and EEG-derived measures. 

Our findings support the notion that the function of a given brain region is an emergent 

phenomenon that depends on its participation within broadly distributed brain networks rather 

than being an isolated property of neural tissue (Pessoa, 2014;Singer, 2013). For example, while 

numerous findings suggest that general emotional arousal enhances BOLD responses in the 

amygdaloid complex (Lang & Bradley, 2010), the pattern of broad network interactions appears 

to exhibit motive system specificity. Indeed, a conventional fMRI activation analysis of our 

BOLD data via GLM showed that amygdala is activated for both unpleasant and pleasant 

pictures (Liu, Huang, McGinnis-Deweese, Keil, & Ding, 2012). Yet, amygdala-seeded 

connectivity suggests that this region establishes flexible interactions with other brain regions 

and both the anatomical specificity and breadth of these interactions differs for aversive versus 

appetitive processing. 

5.4.3 Emotional Modulation of Visual Processing 

A consistent finding is that both the mPFC-seeded appetitive network and amygdala-

seeded appetitive and aversive networks included visual cortices in the current study. In 

particular, large portions of the ventral stream coalesced into assemblies established around 

valence-sensitive brain areas. This observation provides support for the re-entry hypothesis of 

emotional perception. Stated generally, the re-entry hypothesis predicts that emotion-sensitive 

core structures engage sensory areas through feedback connections, facilitating the perceptual 

processing of emotionally salient stimuli (Sabatinelli, Lang, Bradley, Costa, & Keil, 2009). 
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Although the present data are limited in that they do not reflect directional information flow 

among brain regions, the bi-directional communication associated with re-entry is consistent 

with the coupling observed in the current study. 

5.4.4 Functional Connectivity and Intensity of Emotional Engagement 

Considerable evidence exists that LPP amplitude is closely associated with the degree of 

emotional arousal (Cuthbert, Schupp, Bradley, Birbaumer, & Lang, 2000; Hajcak, MacNamara, 

& Olvet, 2010; Keil, et al., 2002; Liu, Huang, McGinnis-Deweese, Keil, & Ding, 2012). Even 

for neutral scenes, LPP amplitude tracks variability in relative arousal levels (e.g., LPP is higher 

for scenes with people than scenes without) (Weinberg & Hajcak, 2010). For affective scenes 

LPP amplitudes can be used to index the intensity of emotional engagement. The mPFC-seeded 

appetitive network and the amygdala-seeded appetitive and aversive networks were generated 

according to the LPP amplitude estimates to identify the relation between the level of LPP 

amplitude estimates and seed-based functional connectivity in the brain. Our findings accord 

with the hypothesis that strength of functional interactions between hub regions such as 

amygdala and mPFC and other brain areas is positively associated with the intensity of emotional 

processing. This in turn suggests that the LPP provides a surface electrophysiological correlate of 

activation in and interaction among broadly distributed brain networks (Liu, Huang, McGinnis-

Deweese, Keil, & Ding, 2012;Moratti, Saugar, & Strange, 2011; Sabatinelli, Keil, Frank, & 

Lang, 2013). It is worth noting that Tables 5-3 and 5-4 contained fewer areas than Tables 5-1 and 

5-2. Weakened statistical power due to reduced numbers of trials used to construct the entries in 

Tables 5-3 and 5-4 was a contributing factor. 

5.4.5 Summary 

Taken together, the present data converge with animal and human findings (Keil, et al., 

2012), to demonstrate that appetitive and aversive stimulus processing are associated with 
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heightened coupling between core affective structures and an array of brain areas associated with 

sensory and motor processing as well as executive control (Spielberg, et al., 2012). In line with 

motivational and evolutionary theories of affect, emotion networks in the brain may link 

perceptual features reliably paired with threat or reward to support attentive behavior and 

ultimately mediate the preparation of the organism for goal-oriented adaptive action. Although 

the networks emerging in response to different emotional challenges share individual 

components, the specific nature of motive system engagement is reflected in the distinct forms of 

functional coupling of varying structures into large-scale brain networks. 
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Figure 5-1. MPFC-seeded beta-series correlation maps. A, An extensive network was connected 
to mPFC when pleasant was contrasted against neutral condition. B, No region was 
connected to mPFC when unpleasant was contrasted against neutral condition. All 
maps are thresholded at p<0.05 (FDR corrected); only significant clusters with more 
than 10 contiguous voxels are shown. HIPP, hippocampus; LNG, lingual gyrus; OCC, 
occipital cortex; FG, fusiform gyrus; ITG, inferior temporal gyrus; ACC, anterior 
cingulate cortex; PHG, parahippocampal gyrus; AMG, amygdala; TP, temporal pole; 
DLFPC, dorsolateral prefrontal cortex; ANG, angular gyrus. 
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Figure 5-2. Amygdala-seeded beta-series correlation maps. A, Regions connected to amygdala 
when pleasant was contrasted against neutral condition. B, Regions connected to 
amygdala when unpleasant was contrasted against neutral condition. All maps are 
thresholded at p<0.05 (FDR corrected); only significant clusters with more than 10 
contiguous voxels are shown. OFC, orbitofrontal cortex; IFG, inferior frontal gyrus; 
PCu, precuneus; Cu, cuneus; STG, superior temporal gyrus; MTG, middle temporal 
gyrus; INS, insula; CCR, calcarine; SMA, supplementary motor area; PC, parietal 
cortex.  
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Table 5-1. Regions connected with mPFC during viewing of pleasant and unpleasant pictures. 
Anatomical Regions MNI coordinates x,y,z (Z score) 

Pleasant pictures Unpleasant pictures 
Frontal  

NO AREAS 

        Dorsolateral prefrontal cortex -27, -6, 66 (4.65) 
 27, -9, 72 (4.45) 
        Orbitofrontal cortex -27, 30, -21 (3.54) 
        Precentral gyrus -18, -12, 69 (3.61) 
 63, 12, 18 (3.68) 
        Supplementary motor area  0, -9, 66 (3.69) 
Temporal  
        Middle temporal gyrus -57, -36, -12 (2.81) 
        Inferior temporal gyrus -57, -42, -15 (3.92) 
 54, -45, -21 (4.33) 
        Temporal pole -36, 15, -36 (3.75) 
Parietal  
        Superior parietal cortex -30, -69, 54 (3.70) 
 21, -72, 51 (3.49) 
        Inferior parietal cortex -60, -36, 42 (3.33) 
        Postcentral gyrus -51, -9, 39 (4.31) 
 48, -12, 33 (4.11) 
        Angular gyrus -45, -63, 51 (3.00) 
 42, -66, 51 (3.32) 
        Precuneus -15, -57, 51 (4.73) 
       Supramarginal gyrus 66, -24, 24 (3.61) 
Occipital  
        Superior occipital cortex -24, -66, 33 (3.09) 
 27, -66, 24 (3.54) 
        Medial occipital cortex -24, -81, 18 (3.38) 
 30, -78, 24 (3.37) 
        Inferior occipital cortex 36, -72, -9 (4.26) 
        Lingual gyrus -18, -57, -3 (5.08) 
 12, -51, -6 (4.73) 
        Calcarine -21, -72, 12 (2.78) 
Subcortical   
        Caudate -18, 18, 18 (3.34) 
 21, 9, 24 (3.49) 
        Anterior cingulate cortex 0, 12, 27 (4.25) 
        Parahippocampal gyrus/Hippocampus -27, -9, -15 (4.04) 
 21, 6, -21 (4.34) 
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Table 5-2. Regions connected with amygdala during viewing of pleasant and unpleasant pictures. 
Anatomical Regions MNI coordinates x,y,z (Z score) 

Pleasant pictures Unpleasant pictures 
Frontal   
        Dorsolateral prefrontal cortex -27, 33, 45 (4.30) -42, 51, 18 (4.24) 
 36, 24, 51 (4.59) 36, 30, 36 (4.36) 
        Orbitofrontal cortex -27, 45, -6 (4.21)  
        Orbitofrontal cortex  39, 27, -21 (5.33) 
        Inferior frontal gyrus -51, 24, 12 (4.52)  
        Inferior frontal gyrus  45, 15, 42 (4.77) 
        Precentral gyrus  -45, 6, 42 (3.43) 
        Precentral gyrus 33, -15, 69 (4.30) 45, 3, 42 (2.80) 
        Supplementary motor area  -3, -9, 63 (3.6) 
Temporal   
        Superior temporal gyrus  -63, -45, 18 (5.24) 
  51, -9, -12 (5.04) 
        Middle temporal gyrus  -61, -45, 13 (3.87) 
  55, -13, -18 (4.24) 
        Inferior temporal gyrus  -63, -24, -18 (4.41) 
        Inferior temporal gyrus 42, 3, -45 (3.93) 57, -18, -18 (5.48) 
        Temporal pole 30, 9, -27 (5.08) 48, 15, -18 (4.83) 
        Fusiform gyrus  -24, -33, -18 (4.42) 
  36, -30, -21 (4.11) 
Parietal   
        Superior parietal cortex  -24, -48, 63 (3.83) 
        Inferior parietal cortex  -48, -36, 51 (3.55) 
  42, -55, 50 (3.85) 
        Angular gyrus  42, -63, 45 (5.36) 
        Postcentral gyrus  -45, -24, 48 (3.60) 
  51, -21, 33 (3.09) 
        Precuneus -15, -42, 3 (3.65) -15, -45, 45 (3.43) 
        Precuneus  15, -42, 42 (4.2) 
Occipital   
        Medial occipital cortex  -30, -90, 21 (3.64) 
  42, -90, 0 (2.77) 
        Inferior occipital cortex  48, -81, -3 (3.62) 
        Lingual gyrus  -12, -66, 0 (4.64) 
  6, -69, 0 (4.63) 
        Calcarine -3, -64, 27 (3.19) 0, -99, 9 (4.34) 
        Cuneus -6, -63, 27 (3.91)  
Subcortical   
        Anterior cingulate cortex 18, 45, 6 (3.27) 3, 33, 15 (4.01) 
        Middle cingulate cortex  0, -15, 42 (3.72) 
        Posterior cingulate cortex  0, -39, 30 (3.92) 
        Parahippocampal gyrus/Hippocampus -27, -33, -3 (3.78) -33, -3, -27 (4.39) 
 28, 9, -28 (4.39) 27, -3, -24 (3.35) 
        Insula -33, 6, 15 (4.89) -33, 21, -8 (3.93) 
        Insula  46, 20, -8 (3.72) 
        Caudate -12, 24, 0 (3.55)  
 12, 15, 18 (3.63)  
        Thalamus  -6, -9, 0 (4.37) 
  6, -18, 3 (2.85) 
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Figure 5-3. MPFC-seeded beta-series correlation maps based on engagement intensity contrast. 
A, Regions connected to mPFC when pleasant was contrasted against neutral 
condition (large LPP group). B, Regions connected to mPFC when pleasant was 
contrasted against neutral condition (small LPP group). C-D, Regions connected to 
mPFC when unpleasant was contrasted against neutral condition (large and small LPP 
groups). All maps are thresholded at p<0.05 (FDR corrected); only significant 
clusters with more than 5 contiguous voxels are shown. PoCTR, postcentral gyrus. 
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Figure 5-4. Amygdala-seeded beta-series correlation maps based on engagement intensity 
contrast. A, Regions connected to amygdala when pleasant was contrasted against 
neutral condition (large LPP group). B, Regions connected to amygdala when 
pleasant was contrasted against neutral condition (small LPP group). C, Regions 
connected to amygdala when unpleasant was contrasted against neutral condition 
(large LPP group). D, Regions connected to amygdala when unpleasant was 
contrasted against neutral condition (small LPP group). All maps are thresholded at 
p<0.05 (FDR corrected); only significant clusters with more than 5 contiguous voxels 
are shown.  MCC, middle cingulate cortex.  
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Table 5-3. Regions connected with mPFC for large LPP trials and small LPP trials. 
Pleasant pictures MNI coordinates x,y,z (Z score) 

Large LPP Small LPP 
Frontal  

NO AREAS 

        Precentral gyrus -18, -12, 69 (3.90) 
 63, 12, 21 (4.22) 
Temporal  
        Middle temporal gyrus 54, -39, -12 (3.90) 
        Inferior temporal gyrus 33, 3, -42 (3.43) 
        Fusiform gyrus 33, -6, -39 (4.51) 
Parietal  
        Postcentral gyrus -51, -9, 39 (4.88) 
 51, -12, 30 (4.91) 
        Supramarginal gyrus 66, -21, 27 (3.97) 
Occipital  
        Medial occipital cortex 36, -81, 3 (3.79) 
        Inferior occipital cortex 39, -90, 0 (3.82) 
Subcortical  
        Anterior cingulate cortex 3, 12, 27 (4.18) 
 

Unpleasant pictures Large LPP Small LPP 
NO AREAS NO AREAS 
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Table 5-4. Regions connected with amygdala for large LPP trials and small LPP trials 
Pleasant pictures MNI coordinates x,y,z (Z score) 

Large LPP Small LPP 
Dorsolateral prefrontal cortex -27, 15, 51 (4.41) NO AREAS Temporal pole 27, 9, -27 (4.50) 
   

Unpleasant pictures Large LPP Small LPP 

Frontal   
        Dorsolateral prefrontal cortex -42, 51, 18 (3.79)  
 45, 12, 54 (4.02)  
        Orbitofrontal cortex 3, 54, -3 (3.80) 39, 27, -21 (4.18) 
        Inferior frontal gyrus 48, 18, 0 (3.55)  
        Precuneus -12, -45, 48 (3.21)  
 15, -42, 42 (4.10)  
        Supplementary motor area -3, -9, 63 (3.32)  
Temporal   
        Superior temporal gyrus -54, 6, -6 (4.22) -57, 6, -9 (3.85) 
 54, -3, -9 (3.85) 60, 3, -12 (4.27) 
        Middle temporal gyrus -51, -18, -15 (3.42) -57, -18, -18 (4.44) 
 54, -21, -15 (3.92) 57, -15, -15 (3.73) 
        Inferior temporal gyrus 54, -15, -21 (4.79) 51, -18, -21 (4.30) 
 -63, -24, -21 (4.57) -63, -24, -18 (3.98) 
        Temporal pole 45, 15, -21 (4.46) 54, 9, -18 (3.70) 
 -57, 6, 0 (4.10) -57, 9, -3 (3.51) 
        Fusiform gyrus -24, -33, -18 (4.01) -24, -33, -18 (4.15) 
        Fusiform gyrus 36, -27, -21 (3.86)  
Parietal   
        Superior parietal cortex -24, -48, 63 (4.86)  
        Angular gyrus 42, -63, 51 (4.87) 42, -63, 45 (4.85) 
Occipital   
        Lingual gyrus -24, -60, -3 (4.20) -15, -51, -9 (4.31) 
        Lingual gyrus 18, -45, 9 (3.33)  
        Calcarine 18, -66, 15 (4.95) 21, -69, 18 (3.90) 
Subcortical   
        Anterior cingulate cortex 3, 33, 15 (3.60) 0, 30, 15 (4.79) 
        Middle cingulate cortex -3, -15, 39 (3.23) 0, -15, 42 (3.38) 
        Insula -39, 15, -3 (3.75) -42, 15, -3 (3.61) 
        Insula 36, 21, 6 (4.14)  
        Parahippocampal gyrus/Hippocampus -33, -3, -27 (4.16)  
 21, -39, -9 (3.17)  
        Thalamus -6, -9, 0 (4.51)  
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CHAPTER 6 
CONCLUSION 

Neural activities generated by neural units can be measured by various modalities such as 

single neuron spike trains, local field potentials (LFP), electroencephalogram (EEG), or 

functional magnetic resonance imaging (fMRI). In order to infer connectivity between brain 

areas and to elucidate how neural units and network of neurons process information, we 

generated functional connectivity which captures deviations from statistical independence 

between neural units and we also studied effective connectivity which describe directional 

effects of one neural unit over another. A total of 4 studies are carried out in this dissertation.  

In the first study (Chapter 2), we introduced a non-parametric Granger causality method 

for mixed signals, one being a continuous-valued signal and the other being a point process, in 

which GC is estimated directly from Fourier transforms of data without the need for AR models. 

The mathematical basis of this method is a combination of spectral density matrix factorization 

and Geweke's spectral formulation of Granger causality. Thus, the nonparametric GC method is 

able to measure the directional causal effects between mixed signals, namely, bivariate 

continuous-valued signal and point process data. The proposed GC method is tested on simulated 

data of two-node and three-node network models. In the examples, multiple realizations of time 

series were generated by simulating the network models. The patterns of network connectivity 

were shown to be correctly recovered. This provided the validation of this method for analyzing 

mixed signals. These results are important since there are few methods which can assess the 

interactions between mixed signals as well as can be applied to diverse application domains. 

In the second study (Chapter 3), we evaluated the causal interactions between MS and 

HIPP within the theta frequency band in SWS and its short, waking interruptions, called 

microarousals. For the analysis, the non-parametric GC method tested in Chapter 2 was applied 
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to decompose the MS-HIPP synchrony into their directional components (Dhamala et al. 2008a; 

b; Nedungadi et al. 2009). The main finding is that there is a significant unidirectional 

MSHIPP influence over a wide band (2-10Hz) in SWS which switches to bidirectional theta 

drive during microarousals with MSHIPP and HIPPMS GC being of equal magnitude. 

Unidirectional MSHIPP influence in SWS was accompanied by significant MS-HIPP 

coherence (max at 8.25±0.46Hz), but no theta peak in HIPP power spectra indicating a lack of 

theta activity in HIPP. In contrast, during microarousal, a rise in HIPPMS close to the level of 

the MSHIPP drive appeared together with elevated, sharp theta coherence and strong theta 

power in both structures. Thus, GC in SWS vs. microarousal primarily differed in the level of 

HIPPMS. The present findings suggest a modification of our understanding of the role of MS 

as the theta generator in two regards. First, a MSHIPP theta drive does not necessarily induce 

theta field oscillations in the hippocampus, as found in SWS. Second, HIPP theta oscillations 

entail bidirectional theta rhythmic interactions between MS and HIPP. 

In the third study (Chapter 4), we conducted a more thorough analysis of MS-HIPP 

interactions which includes additional theta and non-theta states such as AE, REM sleep, and 

QW. In order to reveal the functional interactions between MS and HIPP, we investigated the 

relationship between single-unit activity in MS and LFP oscillations in HIPP during theta states 

and non-theta states. First, we analyzed the temporal activity between MS units and HIPP LFP to 

uncover phase locking and the timing relationships between MS unit firings and HIPP LFP based 

on behavioral states. With Z-shift method, we showed that the MS neurons were phase-locked to 

HIPP LFP and this phase locking was presented in all states, even when there was little apparent 

theta power in HIPP LFPs. Furthermore, MS unit firings were maximally phase-locked to HIPP 

LFP theta rhythm delaying between 92ms and 130ms regardless of behavioral states. This phase 
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locking between MS units and HIPP LFP supports the idea that these two structures are 

interactively connected and the substantial delay may reflect the time required to recruit a 

significant proportion of neurons into a synchronized theta network (Hangya et al., 2009). Then, 

we evaluated information flows between MS and HIPP with a non-parametric Granger causality 

method. Through the non-parametric GC, we decomposed the MS-HIPP synchrony into their 

directional components and examine the causal interactions between them within the theta 

frequency band during theta (AE, REM) and non-theta (SWS, QW) states. The main finding of 

this analysis is that there is a significant unidirectional MSHIPP influence in non-theta states 

which switches to bidirectional theta drive during theta states with MSHIPP and HIPPMS 

GC being of equal magnitude. Although HIPPMS GC was slightly increased during QW 

comparing to SWS, the increase is not significantly different by ad-hoc multiple comparison test. 

In theta states, a rise in HIPPMS close to the level of the MSHIPP drive appeared together 

with elevated, sharp theta coherence and strong theta power in both structures. Striking 

differences between theta and non-theta states were observed, however, at the level of theta 

influence in the opposite direction carried by the descending HIPPMS GABAergic pathway. 

Activation of descending HIPPMS theta drive during theta states did not change the magnitude 

of MSHIPP. The phase locking and GC information flow results suggest that many neurons 

are not functionally coupled each other during non-theta states. The non-theta states can be 

changed to theta states with the elevation of GABAergic and/or cholinergic activity which 

enhances the coupling between MS and HIPP neurons. The spread of coupling between MS and 

HIPP neurons leads to theta states. In the middle of theta synchronization, a possible mechanism 

is that GABAergic pacemaker neurons in MS inhibit subsets of hippocampal interneurons 

leading to the disinhibition of pyramidal cells and generate theta LFP (Freund and Antal, 1988; 
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Toth et al., 1997). Back-projection from HIPP to MS would further enhance synchrony of MS 

GABAergic cells (Toth et al., 1993; Takacs et al., 2008) 

For the final study (Chapter 5), we switched attention to fMRI data and investigated the 

hypotheses that mPFC is a hub in the network mediating appetitive responses whereas the 

amygdala mediates both aversive and appetitive processing using beta-series correlation. Beta-

series correlation is a novel method based on estimating brain responses to input stimuli on a trial 

by trial basis. Aided by this novel method we found that the mPFC-mediated appetitive network 

included wide-spread cortical regions involved in visual processing (ventral visual stream) and 

action selection, in addition to numerous deep brain regions such as the hippocampal, 

amygdaloid complexes and the ACC, responsible for memory and cognitive control. By contrast, 

no mPFC-linked areas were found to be preferentially engaged during the processing of aversive 

stimuli. These findings support the existence of a unique and dedicated mPFC-mediated 

functional neural organization for appetitive processing. The absence of mPFC-related 

connectivity in the unpleasant condition strongly suggests that the appetitive network is not 

driven by stimulus salience or general arousal. For the amygdala-seeded correlation map, the 

coupling was restricted to the visual cortex as well as areas involved in attention and executive 

function and the encoding of hedonic value such as the caudate and insula during appetitive 

processing. During aversive processing, connections between the bilateral amygdala and visual 

cortex were stronger and more widespread. In addition, our findings suggest a unique profile of 

amygdala-seeded functional connectivity during the processing of aversive scenes, characterized 

by involvement of the superior/middle temporal gyrus, superior/inferior parietal cortex, the 

cingulate cortex, and supplementary motor area, along with critical subcortical structures 

including the thalamus, hippocampus, and insula. Using the late positive potential (LPP) to index 
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the intensity of emotional engagement, functional connectivity was found to be stronger in trials 

with larger LPP. These results demonstrate that mPFC-mediated functional interactions are 

engaged specifically during appetitive processing, whereas the amygdala is coupled to distinct 

sets of brain regions during both aversive and appetitive processing. The strength of these 

interactions varies as a function of the intensity of emotional engagement.  
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