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Since the early 1980s, interest in synchronization between regions in the brain has led to 

the adaptation of forecasting measures such as Granger Causality from fields like economics to 

neuroscience. The basic principle behind Granger Causality is that a directional causal 

relationship can be inferred from a time series X to a time series Y when the introduction of 

previous measurements of X reduces the variance of the error time series in the linear modeling 

of Y. Granger Causality methods are used in the Neural Hybrid Computing Laboratory to 

investigate functional relationships between neural units in simulation, in-vitro, and in-vivo. 

Computer simulations using biologically plausible neural-network models have shown that 

the direct component of pairwise Granger Causality (PGC) scales linearly with synaptic efficacy 

within biologically relevant ranges. This suggests that the PGC values obtained from living 

neural networks may be useful in calculating the underlying connectivity of living networks.  

Thus, PGC was used in-vitro to identify connectivity within neural pathways in a living neural 

network of 50,000 neurons grown on a microelectrode array (MEA). An MEA is an 8x8 grid of 

electrodes embedded in a cell culture dish.  Data recorded from two plastcity experiments using 

these MEA cultures was analyzed using PGC. The resulting difference in PGC connectivity 
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before and after the induction stage of this experiment reveals that PGC was able to describe 

plasticity within neural pathways in-vitro. 

PGC was also applied in-vivo to spontaneous epileptic seizures recorded from a 32-

electrode array implanted in a rat’s hippocampus.  These rats were electrically stimulated causing 

limbic status epilepticus and later began to develop spontaneous seizures consistent with 

Lothman’s animal model of chronic limbic epilepsy.  Results from the analysis of spontaneous 

limbic seizures reveal the dynamics of the directional causal influences during seizure.  

Interestingly, they indicate a sudden change in direction of causal influence between the CA1 

and dentate gyrus regions of the hippocampus near the end of status epilepticus. 
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CHAPTER 1 
INTRODUCTION AND BACKGROUND OF CAUSAL METHODS IN NEUROSCIENCE 

Introduction 

Multivariate time series analysis is increasingly used during the last 20 years in 

neuroscience to determine the relationships between simultaneously recorded signals.  Granger 

Causality, a predictive forecasting tool originating from the field of economics (1), is one of the 

latest examples of multivariate time series analysis that has been adapted for use with neural 

systems (2). According to Granger Causality, a causal relationship is said to exist when, by 

introducing previous measurements of the first time series into the linear regression of the second 

time series, the error of the linear regression of the second time series is reduced.  In essence, this 

says that the second time series is better predicted with information about the first time series 

because the second time series contains time delayed elements of the first time series when a 

causal relationship exists.  This is the basic principle behind the calculation of Granger Causality.  

Expanding on this basic principle, the relationship between higher order multivariate systems can 

also be explored.  However, reducing the multivariate system to pairwise relationships to 

determine causal relationships is often insufficient to sort out causal relations when those 

relations are mediated through another element rather than direct.  While it is necessary to use 

Granger Causality to determine the interdependency and directionality of relationships (e.g., 

neural connections), Conditional Granger Causality is required to resolve whether relationships 

(e.g., neural pathways) are direct or mediated. Conditional Granger Causality does this by 

comparing error terms from bivariate and trivariate linear regressions. If the addition of a third 

time series to the linear regression that is already known to influence a first time series does not 

add to the prediction of a first, it can be inferred that its influence is already accounted for by 

mediation through the second time series.  
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This body of work focuses on the use of Granger Causality based methods as a tool to 

determine the effective connectivity in neural systems where the anatomical connectivity may be 

unknown or unclear. Included is a review of current causal methods, an explanation of the 

mathematical basis for Granger Causality, and four experiments where outputs from neural 

networks, both simulated and living, are analyzed using Granger Causality to determine effective 

connectivity.  These include modeled, in-vitro, and in-vivo paradigms. First, a simple neural 

network model (3) will be used to determine the relationship between Granger Causality and 

synaptic weights used to drive the model.  A modeled system is ideal because the synaptic 

weights are known and can be compared with those weights recovered using Granger Causality.  

Understanding this relationship is a prerequisite to experiments in living systems because it will 

define what kind of relationship between Granger Causality and the underlying anatomical 

synaptic efficacy underlying the living neural network.   

Next, data from cortical cultures grown on microelectrode arrays will be the focus of two 

in-vitro experiments in Chapters 4 and 5.  The first experiment based on the results from the 

modeling section determines the ability of using Granger methods to recover the effective 

connectivity of a dissociated neural network. Granger Causality was used to measure changes in 

effective connectivity observed after treatment with a protocol designed to induce plasticity (4). 

Granger’s results are compared to estimates based on changes in firing rate. The second in-vitro 

experiment investigated Granger Causality’s ability to provide information of effective 

connectivity prior to experimental manipulations.  Using this effective connectivity sinks, where 

the balance of effective connectivity is directed inward, and sources, where the balance of 

effective connectivity is directed outward will be identified.  Sinks and sources will be 

differentially subject to the same high frequency plasticity induction stimulation protocol, or 

tetanization, with the prediction that tetanization of sinks would yield depression while 
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tetanization of sources would yield potentiation.  This prediction is based on the differential 

orientation of the connectivity of these pathways with the rest of the culture.  

Finally, Chapter 6 examines the ability of Granger Causality to measure progressive 

changes in effective connectivity during epileptic seizures measured in a chronic limbic epileptic 

rat model. This data analysis will be conducted on in vivo 32-channel microelectrode arrays data 

in rat hippocampus originally recorded by the Evolution into Epilepsy project team to study the 

mechanisms of epileptigenesis.  The goal of this work is to determine if Granger Causality 

methods can successfully be used to describe the changes in effective connectivity before and 

during seizures to learn more about in effective connectivity during seizure.  

Review of Causal Methods in Neuroscience 

Many experimental platforms are used in the neuroscience community to answer 

scientific and practical questions about the behavior and function of the nervous system.  As 

these platforms have evolved over the last half a century, so to has the quality, content, and 

availability of data sets from these systems.  These platforms have been adapted to better answer 

questions of causality and binding between various elements requiring multichannel data to be 

acquired.   Subsequently, the methods used to analyze multichannel data have evolved alongside 

or even been borrowed from other disciplines, providing meaningful analysis of this data.  Some 

examples of these methods are cross correlation, coherence, mutual information, partial directed 

coherence, the directed transfer function, and Granger causality.  These methods fall into two 

broad categories, those that are non-parametric (calculated directly from data) and those that are 

parametric (the data is fit to a model and parameters from the model are used to calculate a 

result). The following sections will provide a brief background and examples using each of these 

methods.   
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Non-Parametric Methods 

Cross Correlation 

Cross correlation is one of the most basic and longest used algorithms that has been used to 

determine the interdependence between two time series.  The cross correlation function measures 

the linear dependence between time series as a function of their time delay,τ .  A significant 

value of the cross correlation function at a time delay τ may indicate a causal relationship.  

Consider two time series x(t) and y(t) that have been normalized to have a zero mean and unit 

variance.  The cross correlation function of these two time series is shown in equation (1.1), 

where N is the length of the time series and τ is the time delay. 

 Cxy (τ ) =
1

N − τ
x(k + τ )y(

k =1

N −τ

∑ k)  (1.1) 

 
The output of the cross correlation function ranges from -1 to 1 for each value of τ , where 

-1 is complete inverse linear correlation and 1 is complete linear direct correlation.  Values of τ  

where the cross correlation function is equal to zeros represent circumstances where there is no 

linear correlation.  In practice, a statistical threshold is calculated around zero perhaps using a 

surrogate data set to determine when significant correlations exist.   

The cross correlation function has been used in neuroscience for over 50 years, since it was 

used to measure correlation between EEG signals (5).  Use of correlation based methods is 

widespread in neuroscience and a full elaboration of it use is beyond the scope of this research 

(see (6-9) for an excellent review). This measure has more recently been used to describe 

correlations among neurons (10-17) and specifically in studies of plasticity (4, 18-20).  For 

example, Jimbo (4) found that neural activity that was highly correlated with a tetanic 

stimulation pulse train tended to be potentiated (an increase in effective connectivity). In 

contrast, neural activity that was weakly correlated with tetanic stimulation typically resulted in 
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depression (a decrease in effective connectivity).  Jimbo suggests that the strength of correlation 

between these channels during tetanization may be representative of the total number of synapses 

in the pathway between the electrodes.  Tateno and Jimbo (21) use a normalized cross correlation 

analysis for all neuron pairs during a similar plasticity experiment.  The difference in cross 

correlation (post-tetanization correlation – pre-tetanus correlation) between all neuron pairs after 

tetanic stimulation highlighted changes in the correlation that was indicative of plasticity within 

a living neural network. Segev et al (14) has used cross correlation to describe connectivity 

patterns in multichannel data from similar living neural networks during synchronized spiking 

events known as bursts. Segev demonstrated that bursting activity contains statistically separable 

subgroups that he suggests may be a template for storage and retrieval of information. 

Overall, cross correlation has been one of the primary methods used in neuroscience to 

demonstrate relationships especially in multichannel data.  It has the advantage of being a widely 

understood, straightforward, and simple method.  However, it does have some limitations.  The 

results from cross correlation can often be subject to interpretation and be ambiguous (7).  

Additionally, for results to be statistically significant often a large amount of data is necessary.  

Directional information can be ascertained using cross correlation but this can become 

problematic and ambiguous over large data sets because manual interpretation is often required.  

Additionally, cross correlation, as presented here, is strictly a time domain measure. To examine 

correlations in the spectral domain known as coherence additional manipulations are required. 

Coherence 

Coherence is the linear correlation between two time series as a function of frequency.  

Also known as squared coherence or the coherence spectrum, this measure is simply the 

normalized Fourier transform of equation (1.1).  Skipping several steps of this derivation, the 

resulting equation for squared coherence is shown in equation (1.2). 
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 C( f ) =
Sxy ( f )

2

Sxx ( f ) Syy( f )
 (1.2) 

 
The spectral matrix S, used to calculate coherence, is non-parametric calculating using 

Welch’s method to create a periodogram.  An estimate of the average spectra can be estimated 

over several trials of event related data by averaging the resultant periodograms.  However, this 

method only provides an estimate of coherence and significance would need to be established by 

calculating confidence intervals. The resulting coherence values for each frequency vary from 0 

to 1, where 0 would indicate no correlation at that frequency and 1 would indicate maximum 

linear correlation at that frequency.   

Like correlation, coherence is also widely used in neuroscience.  Recent reviews detail the 

use of coherence in neuroscience (9) and in human epilepsy (22) over the past 40 years.  While 

coherence shares many of the weaknesses of correlation, a critical weakness of this method is the 

lack of directionality. This specific weakness spurred the development (23) of a method called 

directed coherence also known as Gersch causality (24) that was initially used identify epileptic 

foci using three electrodes.  Gersch stated “one channel is said to drive the other channels if the 

first channel explains or accounts for the linear relation between the two.”  This method has also 

found various neural applications (25) including EEG (26) (27, 28), fMRI (29) and spike trains 

(27, 30).  Unfortunately this method has been shown to be sensitive to noise contamination (25), 

which can potentially lead to misidentification of directional influences.  While coherence is 

often calculated directly from data (non parametrically) it can also be calculated using 

parameters from autoregressive models fit to the data (31).  These parametric approaches will be 

elaborated later in this review. Mutual information, a non-parametric method that uses 

probabilistic estimates, is discussed next. 
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Mutual Information 

This measure falls under the auspices of information theory and probability.  The primary 

measure used in information theory is entropy.  Entropy is defined for a variable X as the sum 

over all possible outcomes M of pi (probability that an outcome occurs) multiplied by the base 2 

logarithm of pi as shown in equation (1.3) as Shannon entropy. Consequently, the Shannon 

entropy will be high for a uniform system where all states have an equal probability and lower 

for a system with a Poisson distribution where certain states have much higher probability.   

 Ix = − pi
i=1

M

∑ log2 pi  (1.3) 

 
It is this concept that is applied to the calculation of Mutual Information (MI) between two 

variables.  MI is defined as:  

 MIxy = pij log
pij

pi pj
∑  (1.4) 

 
where pij is the joint probability that the outcomes for x and y occur.  Essentially, this measure 

describes how much extra information is known about one signal by knowing the outcomes of 

the other one. MI will equal zero if the two variables are independent because pij would be equal 

to pi pj.   

Mutual Information has been used to estimate the relationship between dynamic stimuli and the 

response in corresponding sensory areas in-vivo for various animals (32), including the response 

motion sensitive neurons in the visual cortex of primates to visual stimuli (33).  It has also been 

used to estimate synaptic efficacy in vitro between pyramidal neurons in-vitro (34).  Joint 

probability density can also be estimated between spike trains using Mutual Information (17, 35).  

Like cross correlation, Mutual Information also requires large amounts of data (9) in order to 
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produce a reliable representation of the probability distribution. Thus, the use of Mutual 

Information on experimental time-scales can sometimes be problematic. 

Parametric Approaches 

Likelihood Methods 

Maximum Likelihood is a parametric approach that creates statistical models of a system 

for analysis.  A parametric probability model is assumed for a process under study. Methods 

associated with Likelihood methods are very case dependent of the system being analyzed and 

the statistical model chosen (17) and cannot be elaborated on completely within this review.  The 

likelihood is represented as joint probability density of the experimental data as a function of the 

unknown or free parameters in the model. Thus, the models parameters are estimated from the 

experimental data. If the experimental data fits the chosen model well, this is thought to be an 

optimal way of representing the experimental process (17).  This method has been used to 

analyze the interactions of simultaneously recorded spike trains in the cat’s auditory system (36, 

37) and place cells within the hippocampus of rats (38).  While this methods shows promise, 

extreme care must be taken in choosing an appropriate model to estimate the probability 

distribution.  Similar to Mutual Information, this process often requires large amounts of data 

that can make analysis of experimental systems problematic.  

Methods using Autoregressive Modeling 

Several parametric methods make use of autoregressive modeling (AR) in order to assess a 

system’s causality.  These methods, including Partial Directed Coherence (PDC), the Directed 

Transfer Function (DTF), and Granger Causality (GC) each use different parameters from an AR 

model fit to the system in question.  Additionally, it should be noted that the parameters of an 

AR model have been used on their own to assess changes in neural systems over time (39, 40). 

For example, Sanchez et. al. specifically highlights the changes in AR coefficients calculated 
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from  a spiking time series over the development of spontaneous limbic seizures in-vivo. A 

general form for the AR model is shown in equation (1.5), where X is a vector consisting of p 

time series, A is a p x p coefficient matrix and E is the uncorrelated noise vector with a 

covariance matrix of Σ . 

 X(t) + A(m)X(t − m) = E(t)
m=1

p

∑  (1.5) 

 
AR modeling makes use of the autocorrelation function to model the current value of a 

variable from past instances of that same variable (p=1). A multivariate AR (MVAR) model 

(p>1) uses this same framework to model the current value of a variable using not only past 

instances of that same variable, but past instances of the other variables in that multivariate 

system.  It is easy to see why autoregressive modeling has become such a popular tool in 

neuroscience where multichannel recordings are common. A more comprehensive mathematical 

review of AR modeling will be expanded upon in Chapter 2.  

Several more advanced methods collect information from the AR model and perform 

operations on them to determine a measure for causality or direction.  Often these methods 

employ two or more AR models, which are calculated including and excluding a variable of 

interest.   This methodology calculates a particular variable’s effect on AR model coefficients 

and linear regression error that is used to calculate a measure of causality. 

Partial Directed Coherence, the Directed Transfer Function, and Granger Causality 

Three methods have emerged that use AR models to determine directional connectivity.  

Partial Directed Coherence (PDC), the Directed Transfer Function (DTF), and Granger Causality 

all use aspects of an AR model including and excluding a time series hypothesized to have a 

driving relationship with a second time series. This basic principle is common to all three 

methods.  While these methods are often considered to be the same or similar, there are subtle 
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differences between these methods. For example, PDC and DTF are exclusively frequency 

domain measures that rely on the Fourier transform of the AR model resulting in new frequency 

domain coefficients. In contrast, Granger Causality has formulations in the time domain and the 

frequency domain. While PDC and DTF are closely related, both being derived from this new 

coefficient matrix,  DTF differs from PDC in that the coefficient matrix is inversed, 

Hij ( f ) = Aij
−1( f ) , and the DTF is squared when compared to the PDC.  The equations for PDC 

and the DTF are shown below in equations (1.6) and (1.7) respectively.  Notice the similar 

formulation for both equations.  

 π j→i ( f ) =
Aij ( f )

Σk Akj ( f )
2

 (1.6) 

 

 δ j→i ( f ) =
Hij ( f )

2

Σt Hil ( f ) 2  (1.7) 

 
Another major difference between Granger Causality and the other two methods is that 

Granger Causality is a statistically relevant quantity.  For example, the time domain version of 

Granger Causality, shown in equation (1.8) is the ratio of the variance from two error time series.  

The DTF and PDC are ratios of spectral coefficients from the AR model, which don’t have any 

meaningful statistical interpretation. Granger Causality is simply a more statistically rigorous 

measure.  This does not mean that the DTF and PDC are not useful tools. In fact, these methods 

have produced interesting results in the analysis of neural time series including EEG (41-43), 

neural simulation (43, 44) and living neural networks (45-47). Fanselow et al. (46) uses PDC to 

reveal causal influences from the sensory cortex to the thalamus during rhythmic activity 

associated with whisker twitching behavior in rats.  This suggests that sensory cortex driven 

thalamic bursting, associated with whisker twitching behavior during exploratory behavior, may 



 

23 

prime the thalamo-cortical loop for sensory signal detection.  Schelter et al (43) calculated PDC 

between EEG and EMG signals and determined that the motor cortex likely participates in the 

generation of essential tremor. Ginter et al uses the DTF to determine if the signature of 

imagined movements of the index finger can be detected reliably in the cortex using EEG.  This 

information is relevant in the creation of a brain machine interface (BMI). This research area 

seeks to help amputees and those suffering from various forms of paralysis (due to spinal cord 

injury for example) control prosthetic devices by imagining movement of the affected limb.  

These are just a few examples of the use PFC and the DTF.  These methods were often 

developed to improve spectral information content but are only empirical measures that don’t 

have a firm statistical foundation. Thus, they often are used in parallel with the Granger 

Causality metric.   

 FY → X = ln
var(εX (t))
var(ηX (t))

 (1.8) 

 
Granger Causality has found similar applications within neuroscience.  The original 

concept of Granger causality has played a significant role in the field of economics since the 

1960s. Within the last 15 years, it is now increasingly used in neuroscience to understand the 

dynamics of brain circuitry. In addition to the time domain version of Granger Causality, shown 

in equation (1.8), Granger Causality also has formulations in the frequency domain and can be 

used to separate mediated and direct influences (31).  The math behind these concepts will be 

explored further in Chapter 2.  

There are a wide variety of systems that Granger Causality and associated methods have 

been applied to with success.  For example, Zhu et al (48, 49) explores causal interactions 

between neurons during learning in the primary motor cortex of rhesus monkeys. Specifically, 

Zhu monitored the interactions between 8 electrode channels in the primary motor cortex.  The 
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monkeys used in this experiment were trained in a reaching task prior to surgery implanting the 

electrode array into motor cortex. A string was then attached to the arm of the monkey that 

interfered with the completion of previously learned motor task.  The monkey adapts or 

essentially learns to complete the same task with this perturbing string attached.  Recordings 

from the 8 electrodes during this re-learning phase were associated with changes in the strength 

and direction of causal interactions over time.  Coupling strength between the electrodes 

increased during the learning phase, but was attenuated to pre-learning levels once adaptation 

had been achieved.   In this experiment the network appears to be essentially rewired before and 

after learning and may reflect plasticity associated with the re-learning process.   

Functional Magnetic Resonance Imaging (fMRI) allows for three-dimensional brain 

activity mappings to be collected during a behavioral task over time.   The dynamics observed 

during fMRI recordings can be used to determine functional connectivity between brain areas 

using Granger Causality (50, 51).  An fMRI time series can be considered a filtered and sampled 

version of a local field potential (LFP) generated from the observed neuronal population.  The 

fMRI time series for each area is functionally a measure of the blood oxygen levels in that area.   

This can be used as an indicator for brain activity based on consumption of blood oxygen.  

Casual analysis of a simulated fMRI time series between two brain areas shows a nearly identical 

relationship to that of the original LFPs generated in the simulation (50).  A cognitive task where 

various stimuli were delivered requiring a “left” or “right” response was observed using fMRI 

(50) and analyzed using Granger Causality.  Frontal areas were found to drive the parietal areas 

during these tasks.  These results were interpreted as neural correlates of executive control and 

working memory.  A similar study (51) showed that pre-motor areas could be used to predict 

activity in the motor cortex. 
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A variety of neural systems are addressed in Kaminski et al (52), including simulated local 

field potentials, simulated spike trains, human sleep analysis, and visuomotor integration in 

macaque monkeys using LFPs (local field potentials).  Analysis of human EEG patterns during 

sleep reveals a causal influence from anterior P3 and P4 and the posterior region P3 electrode 

(the international 10-20 system was used for electrode placement).  These patterns were found to 

be consistent with anatomical projections from the pre-frontal cortex.  Additionally, these effects 

were observed to fade during the transition from sleep to wakefulness. In-vivo LFP data was 

analyzed from macaques that were trained to perform a visuomotor pattern discrimination task.  

The data was collected from 15 bipolar twist electrodes over 888 trials of a go no-go task.   

Using these trials to reduce the length of the data sample necessary, a 50 ms moving window of 

Granger Causality values was used to reveal causal interaction through the 500 ms trials.  This 

analysis reveals that two cortical areas, a striate and prestriate area, shown to be coherent during 

the task, show a directional transfer from the striate to a prestriate which is followed by feedback 

in the opposite direction 50 ms later.  Note that these directional interactions were unattainable 

using coherence.  A more detailed analysis of this experimental paradigm can be found in 

Brovelli et al (53) and Chen et al (54).  In Chen et al (54) a Spectral (15-30Hz) Conditional 

Granger Causality analysis was used to show that some cortical areas were mediating effects 

from other areas while other relationships were direct.  Note that a conditional analysis is 

necessary to ascertain when mediation occurs in certain circumstances.  Kaminski et al also 

introduces a method to address the statistical significance of results using surrogate data analysis, 

a method that will be used in all studies in this research.  Additionally, Kaminski’s methods for 

preprocessing point process data (A first order Butterworth set at 10% of the sampling 

frequency) for causal analysis between simulated spike-trains are used in this research.  
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Seth and Edelman (55, 56) employed granger causality to distinguish patterns of 

connectivity and causality within complex neural network simulations.  Seth (56) defines a set of 

tools to analyze the output of causal analysis of a multivariate system.  While calculation of 

pairwise granger causality in a large neural system can be straight forward, making sense of the 

large amount of data resulting from these data sets can be challenging.  This paper defines 

several concepts that can help reduce the complexity of results.  These include causal density, 

causal flow, causal reciprocity, causal disequilibrium, casual sources, and causal sinks. Causal 

density is defined as “the fraction of interactions among nodes that are causally significant”.  

Causal flow is a measure of the difference between casual inflow and causal outflow from a 

node.  Causal reciprocity is a measure of feedback between nodes.  Causal disequilibrium refers 

to an imbalance in reciprocity and flow between nodes.  Causal sinks refer to nodes where the 

balance of information flows into the node, while causal sources refer to nodes where the balance 

of information flows out of the node.  These basic definitions help lead to tools that can be used 

to understand the effects of causal flow within a network.  Seth demonstrates the use of the tools 

in a 32-neuron neural network model of target fixation using a head/eye system.  Results from 

this model and analysis using these tools allow new hypothesis including being able to predict 

the effects of “lesions” within simulated networks.  Seth’s further work with Edelman (55) 

includes the idea of a causal core within large neural populations during behavior.  A causal core 

is defined as neural interactions within the network present when a reference neuron, such as an 

output motor neuron, fires.  This idea allows the linkage of neural interactions with specific 

outputs from the network.  Seth and Edelman use the Darwin X system, an autonomous robot 

with a simulated neural network brain based on cortical and hippocampal anatomy.  The robot 

performed a dry version of the water maze test for rates where the robot’s goal was to find a 

hidden platform in a static environment with spatial clues.  Over time the robot learned to find 
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the platform more quickly similarly to rats that have performed the water maze.  The behavioral 

output from the Darwin X system was analyzed using the causal core idea and Granger 

Causality.  Consistent causal cores could be identified for specific outputs of reference neurons. 

Changes in the causal core during learning sequences were also observed. The causal core was 

observed to reduce in size and become more refined as Darwin X learned to move more directly 

to the hidden platform.  

These examples show that Granger Causality has proven to be a useful tool for uncovering 

effective and functional relationships in various neural systems.  These tools and associated 

methods will be used in several experiments in simulated, in-vitro, and in-vivo neural networks.  

We will begin with a more comprehensive review of the autoregressive modeling and the 

properties of Granger Causal tools presented in the next chapter.  
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CHAPTER 2 
MATHMATICAL BASIS FOR GRANGER CAUSALITY 

Mathematical Basis for Time Domain Measures 

Granger Causality  

The goal of Granger Causality (GC) is to provide a strong mathematical basis to determine 

causal influence and direction of neural interaction. The basic idea can be traced back to Wiener 

(57). He proposed that, for two simultaneously measured time series, one series can be called 

causal to the other if we can better predict the second series by incorporating past knowledge of 

the first one. This concept was later adopted and formalized by Granger in 1969 (1) for linear 

regression models of stochastic processes. Specifically, if the variance of the prediction error for 

the second time series at the present time is reduced by including past measurements from the 

first time series in a linear regression model, then the first time series can be said to have a causal 

(directional or driving) influence on the second time series. The advantage over cross correlation 

metrics is that GC is more robust with respect to changes in overall rate of activity, provides a 

measure of the “causal” influence, is directional, and often requires less data for analysis.  A 

description of this technique is provided in the following sections describing autoregressive 

modeling as well as time-domain, spectral, and conditional methods. A more detailed review by 

Ding et al in a recently published handbook on causal methods can be found here (2). The 

purpose of this chapter is to describe what Granger Causality does and does not do.  This is 

accomplished by describing how GC produces a measure of effective connectivity and 

discussion of several of its inherent weaknesses. 

Autoregressive Modeling  

Autoregressive (AR) modeling of neural time series is the foundation of parametric 

Granger Causality methods.  Time series in multivariate neural data are typically recorded from 
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multiple electrodes or channels. While AR models are often presented in a theoretical context, 

the examples reported here will be provided in the context of a multichannel recording from a 

neural process. Consider the multivariate random process, Χ(t) , consisting of p independent 

channels of neural data. 

 Χ(t) =

X1(t)
X2 (t)

...
Xp (t)

⎡

⎣

⎢
⎢
⎢
⎢

⎤

⎦

⎥
⎥
⎥
⎥

 (2.1) 

 
A recording of time series from these channels would be considered a single realization of 

this neural process.  Multiple realizations of the neural process are advantageous to creating a 

more accurate model describing this process. Χ(t) is described using an AR model of model 

order m assuming that Χ(t) is a stationary process.  

 Χ(t) + A(1)Χ(t − 1) + ...+ A(m)Χ(t − m) = E(t)  (2.2) 

 
A(i) are p by p coefficient matrices where i = 1,2,..., m  and E(t) is a zero mean 

uncorrelated noise vector with a covariance matrix of Σ . A(i) and Σ are unknown matrices that 

can be estimated from the realizations of Χ(t) .  This is done by right multiplying Equation (2.2) 

by ΧΤ (t − k) , where T indicates a transposed matrix.  The expectation is then taken on the 

resulting equation yielding the Yule-Walker equations for k = 1,2,...,m  containing a total of 

mp2 model coefficients to be solved for.   

 R(−k) + A(1)R(−k + 1) + ....+ A(m)R(−k + m) = 0  (2.3) 
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R(n) =< X(t)XT (t + n) > is the auto covariance function of Χ(t) .  Note that lag n is 

n = −k + 1  , ranging from 0 to m-1. The auto-covariance function is then calculated from each 

realization, x(t) ,of Χ(t)of length N. 

 R(n) =
1

N − n
x(i)xT (i + n)

i=1

N −n

∑  (2.4) 

 
If multiple realizations of the data are available the auto covariance functions are averaged 

across realizations.  Once the auto covariance function has been calculated the mp2 model 

coefficients of the A(i) coefficient matrix can be solved for because there are mp2 equations 

within equation (2.3).  There are several methods that can be used to solve this including simply 

solving for each of these coefficients or using methods such as the Levinson, Wiggins, and 

Robertson method or Morf’s method, used for this analysis. Once A(i)  is known, the noise 

covariance matrix Σ  is obtained using the following relationship.  

 Σ = R(0) + A(i)R(i)
i=1

m

∑  (2.5) 

 
This preceding section describes the estimation of a MVAR for any model order m.  

However, it is necessary determine the correct model order for use with each system being 

studied.  The correct model order can be determined using several methods including the Akaike 

Information Criterion (AIC) and the Bayesian Information Criterion (BIC).  The BIC is more 

often used for neural applications as it compensates for the large N (number of data points) 

common to neural data sets. Thus, the BIC will be the primary method used to determine model 

order in these studies.   

 AIC(m) = −2 log[det(Σ)] +
2mp2

N
 (2.6) 
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 BIC(m) = −2 log[det(Σ)] +
2mp2 log N

N
 (2.7) 

 
The BIC is plotted as a function of the model order m.  The correct model order usually 

corresponds to a minimization of BIC.  However, when the model order becomes too large this 

may result in excessive computation time.  Often, a smaller model order with a similarly 

minimized value of BIC is used rather than the absolute minimum BIC for this reason.  

The resulting time domain MVAR model is the basis for the calculation of both time and 

spectral domain granger causality, which will be discussed in the following section. 

Time Domain Granger Causality 

  With the core AR modeling tools now fully described, Parametric Granger Causality can 

be calculated from the resulting models.  GC methods make use of the variance of prediction 

errors from various combinations of AR models.  Pairwise Granger Causality (PGC) is used to 

investigate the directional interactions between two time series.  Two AR models are required to 

determine for each direction of influence.  Consider two time series X(t) and Y(t) where separate 

AR models are created to predict current value of the X series from m (a previously determined 

model order) previous X values and:  

 

X(t) = bXX ( j)X(t − j)
j =1

m

∑ + ε(t), Σ1 = var(ε(t))

Y (t) = bYY ( j)Y (t − j)
j =1

m

∑ + γ (t), Γ1 = var(γ (t))
 (2.8) 

 
The variance of the error series ε(t) , Σ1 , is a gauge of the linear prediction accuracy of 

X(t) as Γ1  is for Y(t).  Now consider a bi-variate multivariate autoregressive (MVAR) model, 

W(t) , where both X(t) and Y(t) are calculated from the previous values of the X and a Y time 

series:  
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 W(t) =

X(t) = aXX ( j)X(t − j)
j =1

m

∑ + aXY ( j)Y (t − j)
j =1

m

∑ + η(t)

Y (t) = aYX ( j)X(t − j)
j =1

m

∑ + aYY ( j)Y (t − j)
j =1

m

∑ + γ (t)

⎛

⎝

⎜
⎜
⎜
⎜

⎞

⎠

⎟
⎟
⎟
⎟

 (2.9) 

 
The variance of the new error series is a gauge of the prediction accuracy of the new 

expanded predictor.  

 ΣW =
Σ2 ϒ2

ϒ2 Γ2

⎛
⎝⎜

⎞
⎠⎟

=
var(η(t)) cov(η(t),γ (t))

cov(η(t),γ (t)) var(γ (t))
⎛
⎝⎜

⎞
⎠⎟

 (2.10) 

 
Based on Wiener’s idea, Granger (1) formulated that if the X prediction is improved by 

incorporating past knowledge of the Y series, the Y time series can then be said to have a 

Granger-causal influence on the X time series. This is the basis for the time domain version of 

Granger Causality where the variance of the linear prediction error of X alone, Σ1 , is compared 

to the variance of linear prediction error of X including Y, Σ2 : 

 FY → X = ln
Σ1

Σ2

 (2.11) 

 

Note that when Σ1 = Σ2 (i.e. the linear prediction error is not improved by including Y) 

that this relationship will yield a PGC value of zero. Driving in the opposite direction is 

addressed by simply reversing the roles of the two time series. It is clear from this definition that 

timing plays an essential role in directional causal influences.  

Spectral and Conditional Granger Causality  

Two additional developments of Granger's causality are important for the proposed 

research. First, natural time series, including ones from neurobiology, contain oscillatory aspects 

in specific frequency bands. A spectral representation of Granger Causality was developed by 

Geweke (58), allowing casual interactions to be quantified at specific frequencies. Second, 
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pairwise Granger Causality can often yield false direct influences due to parallel driving by or 

mediation through elements not included in the AR model.  When data from at least 3 or more 

time series is available, such as from neurobiological multi-electrode arrays, conditional Granger 

causality (54, 59) can be used to address these limitations.  These methods are described in the 

following section. 

Spectral Granger Causality 

Geweke (58) published his groundbreaking paper in 1982 where he identified a novel way 

to decompose the time domain causality measure into its spectral content. His method compares 

the intrinsic power (defined as the power of a time series generated by the stochastic processes 

intrinsic to that time series) of one time series and the total power of the same time series, which 

may contain a causal influence from a second time series, in the frequency domain.  When there 

is no causality between the two time series (i.e. the total power is equal to the intrinsic power) 

the log ratio of the total to intrinsic power is equal to zero. The frequency domain function 

W( f )  is obtained by taking the Fourier transform of the previously described MVAR W(t) : 

 A( f )W( f ) = E( f )  (2.12) 
 

A( f )  is the spectral coefficient matrix and E( f )  is the spectral noise vector resulting from 

the Fourier Transform performed on W(t) . Rearrangement of (2.12) by setting the matrix 

inversion A( f )−1 equal to H( f )  (commonly known as the transfer function) yields: 

 W( f ) = H( f )E( f )  (2.13) 
  

The spectral matrix S( f ) can now be calculated that contains the auto spectra and cross 

spectra of W(t) .   
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 S( f ) = H( f )Σ 3H
*( f )  (2.14) 

 
H* ( f ) is the transpose and conjugate of H( f ) . Σ3  is the covariance matrix of the noise 

terms from W(t) . 

This spectral matrix, containing the total power of the X time series, is retained.  Spectral 

Granger Causality is based on decomposing the total power (variance) at a given frequency f for 

one time series into the sum of an intrinsic part and a causal part from the other series. A new 

spectral matrix is calculated in the same way except that both sides of equation (2.14) are left 

multiplied by Geweke’s normalization transform: 

 P =
1 0

−
ϒ2

Σ2

1

⎛

⎝

⎜
⎜

⎞

⎠

⎟
⎟

=
1 0

−
cov(η(t),γ (t))

var(η(t))
1

⎛

⎝

⎜
⎜

⎞

⎠

⎟
⎟

 (2.15) 

 
Geweke’s normalization transform isolates the intrinsic power of X by allowing the 

intrinsic power component of the total power to be calculated separately from the causal power 

component of X(59). The X component of the new transfer function, shown in equation (2.16) is 

then used to calculate the intrinsic power of the x time series.   

 
 
H xx ( f ) = H xx ( f ) +

ϒ2

Σ2

H xy( f )  (2.16) 

 
Taking the logarithm of the ratio of the total power over the intrinsic power gives the 

Granger causality spectrum.  

 
 
Fy→ x ( f ) = ln

Sxx ( f )
%H xx ( f )Σ2

%H *
xx ( f )

⎛
⎝⎜

⎞
⎠⎟

 (2.17) 
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From the value of the causality spectrum, one can evaluate how much of one signal’s 

variance at f  is explained by the second signal exerting causal influence. Geweke showed that 

the integration of this spectral quantity over frequency is the time domain Granger causality. 

Conditional Granger Causality 

Highly multivariate data can be analyzed by PGC, reducing the problem to a bivariate case. 

This approach is straightforward and often effective for simple systems. However, this 

methodology can yield distorted results in more complex systems.  Consider the following two 

situations. In one case, causal influence from Z to X is mediated through Y. For the second case, 

Z influences X through Y, but Z also has a direct influence on X. These two cases are 

indistinguishable using a bi-variate GC analysis; in fact the analysis will identify both cases as 

the second case. Conditional GC  (CGC) is an algorithm that can be used in both in the time 

domain and in the frequency domain for three time series (31, 60) to overcome this shortcoming. 

We will only describe the time domain version of CGC, as the core idea of spectral CGC is very 

similar to the previously described Spectral Granger Causality.  

 
U(t) =

X(t) = Axx ( j)X(t − j)
j =1

p

∑ + Axy ( j)Y (t − j)
j =1

p

∑ + Axz ( j)Z(t − j)
j =1

p

∑ + λ(t)

Y (t) = Ayx ( j)X(t − j)
j =1

p

∑ + Ayy ( j)Y (t − j)
j =1

p

∑ + Ayz ( j)Z(t − j)
j =1

p

∑ + μ(t)

Z(t) = Azx ( j)X(t − j)
j =1

p

∑ + Azy ( j)Y (t − j)
j =1

p

∑ + Azz ( j)Z(t − j)
j =1

p

∑ + ν(t)

⎛

⎝

⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜

⎞

⎠

⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟

 (2.18) 

Time domain CGC compares the prediction of X including Y in a bi-variate MVAR model 

(from the previously described W(t) ), with the prediction of X including Y and Z in the tri-

variate MVAR model U(t)  shown in figure 2-1..  

 ΣU =
Σ xx ϒ xy ϒ xz

ϒ xy Γ yy ϒ yz

ϒ xz ϒ yz Δ zz

⎛

⎝

⎜
⎜
⎜

⎞

⎠

⎟
⎟
⎟

=
var(λ(t)) cov(λ(t),μ(t)) cov(λ(t),ν(t))

cov(λ(t), μ(t)) var(μ(t)) cov(μ(t),ν(t))
cov(λ(t),ν(t)) cov(μ(t),ν(t)) var(ν(t))

⎛

⎝

⎜
⎜

⎞

⎠

⎟
⎟

 (2.19) 
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Figure 2-1 Conditional Pairwise Granger Causality Example. If Pairwise Granger Causality were 

applied to determine the connectivity of both of these network configurations the 
results for both would resemble panel a).  Using Pairwise Granger Causality alone, it 
is not possible to differentiate between these network configurations. Conditional 
Granger Causality is required to determine if the connection from Y to X is real.  
Conditional Granger Causality does this by determining if  Y affects X directly or if 
the effect of Y mediated through Z by determining how well X is predicted by Z with 
and without the influence of Y. 

The influence of Z on X is entirely mediated through Y when the prediction of X is not 

improved in the trivariate MVAR model over the bivariate MVAR model. Specifically, CGC is 

calculated by taking the log of the ratio of the variance of the prediction error of X from W(t)  to 

the variance of the prediction error of X from U(t) .  This is formalized in the equation for CGC: 

 FZ → X Y = ln
Σ2

Σ xx

 (2.20) 

 
Conditional Granger Causality calculated using this equation is greater than zero when 

some of the power from Z is directly causal on X.  The result would be equal to zero when the 

influence of Z on X is entirely mediated through Y. Thus, this method allows the two examples 

stated earlier to be easily differentiable. While Conditional Granger Causality addresses specific 

deficiencies in the original formulation of Granger Causality, there remain several further 

weaknesses that need to be considered when drawing conclusion from a causal analysis. 
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Limitations of Causal Methods  

Since the time of Aristotle, philosophers have reached little consensus on a common 

definition for the concept of causality (61).  However, causation is a concept critical to many 

disciplines including law, medicine, and the sciences.  A functional definition of this concept is 

necessary to develop tests of causality that are useful in the context of these disciplines.  

Interestingly, the debate over the definition of causality has provided insights into several 

weaknesses of causal methods including Granger Causality that must be considered when 

designing sound experiments.  

Clive Granger best describes the inherent limitations of his original method in his accounts 

of the origins of Granger Causality (62) (61). He describes how several of his peers noted that his 

method “is not real causality, it is only Granger causality”. Granger also describes several 

axioms that must be assumed to be valid.  The first among these is that “the past and present may 

cause the future, but the future cannot cause the past” (61).  Second, everything in the universe is 

described and this set of information includes no redundant information.  In this hypothetical 

universe, it would be easy to talk about the relationship between a variable X and a variable Y.  

However, these assumptions are difficult to satisfy in real systems.  In reality, causality 

algorithms can be effected by many factors including sampling rate, time scale selection, 

seasonal influences, signal to noise ratio, variable selection, variable availability, and even 

chance.   

Time scale and sampling rate are two variables that can have intertwined yet diametrically 

opposed effects on a causal analysis.  Selection of time scale and sampling rate is dependent on 

the processes being observed.  If the sampling rate is too low, it can be difficult to observe time 

delayed influences in the system because the system may be interacting at time scales of a higher 

frequency than the sampling rate.  Conversely, if the sampling rate is too high it can be 
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computationally intractable to model far enough into the future (i.e. high model order m) to 

capture interactions.  Additionally, it is possible that two time series may interact differently on 

two largely different time scales that may require separate analysis.  These examples demonstrate 

that proper consideration must be given to selection of time scale and sampling rate depending 

on the system being analyzed. The data in these experiments are often recorded at very high (up 

to 25kHz) sampling rates that must be low passed filtered to provide a proper sampling rate and 

time scale to study causal interactions.  All data is down sampled to 1kHz prior to analysis.  

Spike train point processes are further low pass filtered to 50Hz (10% of nyquist for 1kHz) to 

create a continuous time series so that AR models can be used. 

It is also not possible to describe all variables in an experimental system.  Consequently, 

unobserved time series are a factor that must always be considered when talking about causal 

influences. Implementation and subsequent interpretation of Granger Causality inherently 

depends entirely on the availability and selection of variables for analysis. Specifically, the 

causal relationship between two neurons may be influenced by a third and likely many other 

neurons that are not recorded from (e.g., a neuron too distant from an electrode to be measured). 

The likelihood of this situation increases with the complexity of the system being observed.  

Consequently, the contribution of these unobserved neurons would not be accounted for. This 

can have several effects on the relationships between observed time series.  One possibility is 

that a common driving input at differing time delays could create a false causal influence where 

no real connectivity even exists.  A priori knowledge of possible anatomical structure can help in 

this type of situation.   

So called seasonal influences also present an interesting possibility.  Two time series may 

be causal because of a similar common driving by an unobserved seasonal process.  
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Subsequently, the causality between these time series may wax and wane dependent of this 

seasonal influence or possibly dissapear altogether.  Another possible scenario is that the 

influence between two time series could include mediated influences that cannon be conditioned 

out using previously mentioned conditional methods.  This would tend to distort the magnitude 

of the influences reported from analysis.  This is a likely possibility in complex neural systems 

that cannot be easily remedied. This problem impacts not only GC analysis but also every other 

multivariate statistic used in neuroscience today.  Thus, it is clear that results from this type of 

analysis could potentially suffer from poor experimental designs where the important variables 

are unobserved or uncontrolled.   

Additionally, there is another specific weakness of GC relating to the analysis of point 

processes.  Often, the output from an observed neuron is described in terms of when that neuron 

fires action potentials.  Point processes are not a continuous function over time.  AR models can 

only describe continuous processes. In order to compensate for this, spike files from individual 

neurons must be low pass filtered prior to causal analysis. Subsequently, high frequency 

information above the cutoff for the low pass filter is not included in analysis.  However, 

unpublished results from a non-parametric version of Granger Causality for point processes 

being developed by Mingzhou Ding and colleagues are very similar to parametric results.  

Specifically, the non-parametric method does not show any significant interactions over the 

cutoff of the low pass filter used for the parametric method.   

These strengths and weaknesses of Granger Causality must be considered carefully before 

application to neural systems.  In the following chapters, these methods will be used to describe 

the effective connectivity using the observable outputs of these systems to better understand the 
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underlying systems.  These weaknesses will be carefully considered during experimental design, 

analysis, and subsequent interpretation. 



 

41 

CHAPTER 3 
RECOVERY OF SYNAPTIC WEIGHTS FROM SPIKING ACTIVITY USING GRANGER 

CAUSALITY  

Introduction 

Recent advances in multichannel recording techniques enable simultaneous access to the 

electrophysiological activity of hundreds to thousands of neurons. These advances allow 

investigators to address one of the primary challenges in neuroscience, linking the structure of a 

network to its potential functions. For example, in cognitive neuroscience, by recording the 

activations of brain structures during various behavioral performances, investigators now have 

the technology for understanding how different brain structures interact to produce behavior. 

This experimental advance has been supported by a simultaneous advance in the quality of 

analytical tools that quantify neuronal interactions, such as the classical cross-correlation (14, 18, 

21, 63-65) and coherence functions (66).  At their core, however, these methods do not provide 

directional or “causal” relationships between different channels whether those channels are 

recorded from individual neurons or from different brain regions. In contrast, Granger Causality 

(GC) (1) has emerged in recent years as a technique of choice to provide a mathematically sound 

method for estimating causal relations.  

Pairwise Granger causality (PGC) was initially developed in the economics community to 

describe and quantify the “causal relationship” between data from two different economic time 

series.  The foundation for this technique can be traced back to Wiener (57), who proposed that 

for any two simultaneously recorded time series, one series could be called causal to another if 

incorporating past knowledge of the first time series permits more accurate prediction of the 

second series.  Granger formalized this idea in the context of linear regression models of 

stochastic processes (1). Specifically, consider two simultaneously recorded time series x1, x2, 

x3… xn and y1, y2, y3… yn.  Suppose one would like to construct a linear predictor of the current 
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value of the x series based on m prior values: xn = a1xn-1 + a2xn-2 + amxn-m + εn. This is nothing 

more than a single variable autoregressive model in which standard procedures can be applied to 

yield the model order and model coefficients, where the variance of error series, εn, is a gauge of 

the prediction accuracy.  Now consider a predictor of the current values of the x series by 

including both the previous values of the x series and the previous values of the y series, namely: 

xn = b1xn-1 + b2xn-2 … + bmxn-m + c1yn-1 + c2yn-2 … + cmyn-m + ηn. The variance of the error series, 

ηn, is then a gauge of the prediction accuracy of the new expanded predictor that includes 

information about the y series. Based on Wiener’s idea, Granger formulated that if the variance 

(ηn)/variance (εn) is less than one in some suitable statistical sense (i.e. the prediction of x is 

improved by incorporating past knowledge of y) then we say that the y series has a causal 

influence on the x series.  

The concept of Granger causality has played a significant role in the field of economics 

since 1960s. Only recently has its potential for understanding the dynamics of brain circuitry 

been realized in neuroscience. For example, Zhu et al (48, 49) explores causal interactions 

between neurons during learning in the primary motor cortex of rhesus monkeys. Fanselow et al. 

(46) reveals causal influences from the sensory cortex to the thalamus during rhythmic activity 

associated with whisker twitching behavior in rats. It is expected that Granger causality based 

methods will experience significant growth in applications to a wide variety of neural systems 

where information transfers exist among individual neurons or different brain areas, including 

data from neural simulations, in vivo electroencephalogram (EEG), and in vivo microwire arrays 

(27, 30, 37, 43-47, 49, 50, 52, 56, 67-74).   

These studies have mainly focused on revealing structures of interaction in the recorded 

circuits. The physiological meaning underlying the statistical values of Granger causality 
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remains unexplored. The goal of this study is to examine whether values of Granger causality 

can be used to recover synaptic weights between interacting neurons in a complex network. 

While intracellular recording methods are able to discern the synaptic weight from postsynaptic 

potentials, they cannot reveal network level activity in vitro and are of very limited use in vivo.  

Thus, to understand the synaptic relationships that regulate network activity, a technique to 

reconstruct the weights from only spike train outputs must be devised.  

For a simple two-neuron network in which neuron A is synaptically connected to C, our 

first result is to show that the aforementioned PGC can easily discriminate a direct causal 

relationship from A to C when the strength of that coupling is even moderately high and, more 

importantly, the values of PGC can be related to synaptic efficacy. For more complex networks 

the pairwise approach encounters significant methodological limitations when direct, mediated, 

and serial influences exist between neurons. For example, consider a three-neuron case in which 

neuron A is synaptically coupled to a mediating neuron, B, who is then connected to neuron C.  

First, PGC would identify an erroneous causal connection between A and C, even though this 

pair is not directly coupled.  The reason is that the activity of A, does in fact, causally influence 

the activity of C, but does so only through the mediating relationship involving B.   

Second, when trying to recover the synaptic efficacy from B to C, due to the serial 

influence from A, the values of PGC from B to C are no longer a true reflection of the synaptic 

weight between the two neurons. These problems can become even more acute in more complex 

network with many interacting neurons or brain areas. The second result of this paper is to 

describe a technique to recover the Direct Granger Causality (DGC) and the synaptic efficacy 

between neurons within networks with more realistic topologies, including direct, mediated, and 

serial influences.  



 

44 

The organization of this chapter is as follows. Existing methods such as Pairwise Granger 

Causality and Conditional Granger Causality are described in terms of their application to 

spiking neural networks.  A computational shortcut that allows faster recovery of DGC is also 

explored.  These methods are then systematically expanded to accommodate increasingly 

complex network conditions including direct, mediated, and serial influences. Each solution is 

illustrated with biologically plausible, simulated networks. Finally, we examine how DGC could 

be used to estimate both synaptic weights within a network and how it might provide a useful 

measure for describing changes in network wide plasticity. 

Conditional Granger Causality and Mediated vs. Direct Relationships  

 In Chapter 2, the mathematical basis for both Pairwise and Conditional Granger causality 

was described. One of the limitations of PGC was that when it is used in a multivariate system, 

often these results do not reflect the true connectivity.  False directed influences and cases where 

direct and mediated influences are confounded within the same pathway are the two primary 

problems.  In the following section we will describe how these relationships can be untangled 

using Granger Methods. Chapter 2 also shows that CGC can be used to identify and remove 

erroneous direct connections that are actually mediated though other elements.  However, at this 

point, we are left with a second problem. The effect of Y on X is embedded in the relationship 

reported between Z and X. This results in a stronger PGC value from Z to X when compared to 

the PGC value from Y to Z, even though the actual synaptic weights between these pairs may be 

identical. The direct influences need to be separated from mediated influences in order to more 

accurately quantify synaptic interactions within this network.  Direct influences, after being 

recovered from an entangled pathway, will be referred to as Direct Granger Causality (DGC) to 

avoid confusion with values recovered using only PGC. Note that in neuron pairs that do not 

contain mediated influences, PGC already represents the DGC between these neurons. 
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One way to recover DGC from an entangled pathway would be to make the relationship 

between X and Z conditional on Y using CGC. This was the solution described by Geweke (59) 

shown in equation (3.21). However, this method is computationally expensive in small networks 

and possibly intractable in large networks, due to the exponential number of potential 

combinations that must be addressed. Interestingly, Geweke also noted that it might be possible, 

when the influence from Y to X is entirely mediated through Z, to directly subtract the PGC 

calculated from Y to X from the PGC value from Z to X.  This would recover the same quantity 

as calculating CGC from X to Y conditional on Z, without having to perform the 

computationally intensive CGC analysis.  This concept will be evaluated empirically later in the 

paper. 

  FZ → X |Y = ln
var(ε xx(Y , X ) (t))

var(ε xx( X ,Y ,Z ) (t))
 (3.21) 

 
Simulation and Analysis 

In this section, we illustrate the analytical solutions described earlier within a simple, 

biologically plausible neural network model. We have chosen Izhikevitch’s simple neuron model 

(3, 75), a stochastically driven neural network with modifiable synaptic weighting that provides 

biologically relevant spikes that can then be analyzed using GC(76, 77). Briefly, the model is a 

reduction of the Hodgkin-Huxley model (78) to a simple two-dimensional system of differential 

equations.  One equation models membrane voltage, v, equation (3.22), while the other models 

and a recovery variable, u, shown in equation (3.23). 

 ′v = 0.04v2 + 5v + 140 − u + I  (3.22) 

 ′u = a(bv − u)  (3.23) 
 

The auxiliary after spike resetting of the neuron is mediated by equation (3.24). 
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 if ,v ≥ 30mV , then
v ← c

u ← u + d
⎧
⎨
⎩

⎫
⎬
⎭

 (3.24) 

 
The variable u is a membrane recovery variable that accounts for K+ activation and Na+ 

inactivation in the neuron.  The variables a, b, c, and d are dimensionless parameters that effect 

the temporal characteristics of the action potential, while ′v  and ′u  are the first time derivatives 

of v and u.  These variables remain constant and are the default values used by Izhikevich for 

regular spiking cortical neurons (3) . Each time step of the model represents 1 ms, equivalent to a  

 

Figure 3-1 Topology diagram of a simple five neuron network. In panel a) the synaptic weights 
from N1 to N2 and N4 to N5 have been synaptically coupled. N3 is left uncoupled to 
demonstrate that PGC will indicate null connectivity.  Equivalent but independent 
random processes drive each of the five neurons.  100 realizations of this network 
using Izhikevich’s simple neuron model with these weights yields the results shown 
in panel b) using Pairwise Granger Causality.  These results demonstrate that 
Pairwise Granger Causality can, not only resolve the difference between null and 
actual connectivity, but also determine the directionality of those influences. 
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1kHz sampling rate of a realistic neural system. During simulation, neurons can spontaneously 

fire based on spontaneous super-threshold fluctuations of membrane noise injected into each 

neuron and from synaptic inputs from other neurons in the network. 

Mono-directional Simulation 

The first model, illustrated in Figure 3-1, consisted of a five neuron network composed of 

mono-directional connectivity (i.e., one way singular direction for causal relations) from Neuron 

4 (N4) to 5 (N5) and from Neuron 2 (N2) to 1 (N1), with neighboring Neuron 3 (N3) uncoupled 

(zero synaptic weight). Hence, the activity of N2 and N4 will have a causal influence on firing of 

N1 and N5, respectively. In contrast, only the equivalent independent random process intrinsic to 

N3 drives N3.  It is important to note that the intrinsic random processes that drive these neurons 

are equivalent, but independent. The cross-power spectra for all neurons during simulated 

activity are shown in Figure 3-2.  During the simulation, all five neurons were active, indicated 

by the auto-spectra (along the diagonal) for each neuron. As expected from the configuration of 

the synaptic weights, the cross-power spectra for N1 to N2 and N4 to N5 is larger than that of N3 

with its neighbors.  The spectra resulting from Granger causality is shown in Figure 3-3.  This 

figure shows causality by frequency from 0 to 50 Hz between N4 to N5 (top panel) and the 

converse relation, N5 to N4 (bottom panel).  

Peak causality between N4 to N5 occurred at frequencies near 20 Hz. In contrast, spectral 

causality within the reverse relationship, N5 to N4, was very low. This verifies the absence of a 

bi-directional relationship between the pair. Similar results using other modeling systems can be 

found elsewhere (48, 49, 76).  
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Figure 3-2 Power spectra and cross-spectra calculated from the 5 neuron model simulation.  
These plots are organized in matrix format mirroring that of the spectral matrix so 
that that row 1 column 1 represents the intrinsic power spectra for N1, while row 1 
column 2 represents the cross-spectra between N1 and N2. Thus, the diagonal 
contains the individual neurons spectral power while the upper triangular graphs 
represent Cross-spectra between neurons. Notice that Neuron 3 (Row 3, Column 3) 
has intrinsic power but demonstrates no significant cross-spectra (Other plots in both 
Row 3 and other plots in Column 3) with its neighbors as it is independent and 
uncoupled to the other neurons.  Neuron pairs 1,2 and 4,5 both demonstrate 
significant cross-spectra (Row 1 Column 2 and Row 4 Column 5) consistent with 
initial synaptic weights. However, it is not possible to determine directionality from 
this information. 
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Figure 3-3 Granger Causality Spectra. The causality from N4 to N5 is apparent, with a maximum 
value of approximately 0.92 around 20Hz, while the reverse direction of N5 to N4 
approaches zero at all frequencies and is not statistically significant. This verifies that 
PGC provides directional information that cannot be discerned from power spectra, 
shown in Figure 3-2.  The Pairwise Granger Causality for this directional neuron 
coupling would be reported as 0.92. 

Relationship between Synaptic Weight and Granger Causality 

At this point, we have shown how PGC can provide an estimate of the relationships 

between elements.  One important consideration, however, is how PGC values correspond to 

actual synaptic weights, especially when those weights might be in constant flux. In other words, 

how is an estimate of causality using PGC related to the actual underlying synaptic weight 

especially when those weights may be changing?  
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Figure 3-4 The PGC results from a mono-directional simulation with the weight from neuron 4 
to 5 varied from 0-75mV in increments of 5mV. Synaptic weight is plotted on the x-
axis while the resulting PGC values calculated from the spike timing is plotted on the 
y-axis. The relationship between synaptic weight and PGC is sigmoid described by 
equation 12.  Notice the region approximately between 15mV and 45mV where the 
relationship between synaptic weight and PGC is linear.  Each increment in the graph 
was simulated 100 times to provide the mean and variance shown in the plot. 

The simulation was modified such that the connectivity between N1 and N2 was 

systematically incremented from 0 mV to 75 mV to observe the effects on our estimate of 

causality. Each increment was simulated 100 times to determine both the average estimate by 

PGC and variance of that estimate.  The results of those simulations indicate a sigmoid 

relationship between the synaptic weight from N1 to N2 (S1→2) and resultant GC, F1→2 shown in 

Figure 3-4.  There is a region between 15mV and 45mV where the relationship between S1→2 
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and F1→2 is linear with a slope of 0.033 causal units/mV.  Synaptic weights above this range do 

not produce significant changes on F1→2, suggesting that 45mV is the maximum effective 

synaptic weight. Similarly, weights below 15 mV produce only slight changes in the estimate of 

causality.  The data from this experiment were fit with a sigmoid equation, shown in Equation 

(3.25), to quantify the functional relationship between Granger estimates and actual synaptic 

weights. An example of estimated synaptic weights using this equation is presented in panel d of 

Figure 3-5. 

 FY → X =
1

1+ 384e−0.2124S  (3.25) 

 
Mediated vs. Direct Causal Relationships under Serial Connectivity 

PGC works well for recovering synaptic weights between two neurons using Equation 

(3.25).  However, there are situations where PGC values will not adhere to this relationship due 

to added complexity within the network. Often PGC values include not only the direct 

information between nodes but also include mediate influences that could distort the relationship 

between PGC and synaptic weights. This becomes more common as the number of elements and 

connectivity increase within a network. This issue is addressed in the second simulation, where a 

serial topology was created to demonstrate discrimination between direct and mediated 

connectivity as well as separation and recovery of individual synaptic weights within a “chain” 

of serially connected neurons. The five-neuron topology, shown in Figure 3-5 a), consisted of 

causal  
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Figure 3-5 Five neuron simulation. This was carried out where a) shows the synaptic weights 
before simulation.  Calculation of PGC for all possible connections for the 5 neurons 
yields the plot shown in b).  Notice that using PGC alone many new false connections 
are shown. When CGC is used to eliminate the false connection the plot is reduced to 
what is shown in c).  After CGC plot c) begins to resemble the connectivity pattern as 
shown in a), however, the values associated with c) do not scale with the synaptic 
weights shown in a). A further step using CGC a second time or using Geweke’s 
subtraction method is required to detangle direct and mediated influences.  The 
results after the use of Geweke’s subtraction method to calculate DGC are shown in 
d)  along with corresponding approximations of synaptic weight. 

synaptic weights of 45 mV from N1 through N5 similar to a synfire chain (79, 80).  The original 

PGC estimate of causality, shown in panel (b), indicates erroneous connections among the entire 

pool of neurons reflecting the complex causal relationships between each element. Table 3-1 

shows the PGC results for each relationship. Note also that the PGC values, shown along the 

elements of the serial chain, steadily increase from N1 to N5 (diagonal in Table 3-1), reflecting 

the embedded mediated causal influences cascading throughout the chain.    
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Table 3-1  A table of the Pairwise Granger Causal influences calculated between the 5 neurons in 
the simulation displayed in Figure 3-5.  The right column indicates what the from 
neuron is and the top row indicates what the to neuron.  For example, to locate the 
influence of neuron 4 on neuron 1 a value of 0.01 is reported in From N4, To N1.  

 To N1 To N2 To N3 To N4 To N5 
From N1 - 0.92 0.55 0.38 0.48 
From N2 0.01 - 1.38 0.94 0.78 
From N3 0.01 0.01 - 2.02 1.25 
From N4 0.01 0.01 0.02 - 2.11 
From N5 0.00 0.01 0.02 0.01 - 

 
CGC was applied to discriminate between false direct from mediated connections in order 

to determine the network’s true connectivity. Panel c of Figure 3-5 shows the results of CGC, 

where the topology has been correctly estimated but includes the systematic errors in estimating 

the strength of coupling inherent within this method due to the causal cascade inherent in serial 

chains.  The problem arises because values remaining after calculating CGC represent a 

combination of direct and mediated values that correspond to an increase in total information 

flow down the chain.  This is due to the accumulation of mediated influences towards the end of 

the chain.  Thus, the direct components between any two neurons must be separated from 

mediated influences to relate the direct component to a meaningful synaptic weight.  

Recovery of direct synaptic weights could be achieved using CGC for a second time on the 

mediated pathway.  However, a simpler solution may exist.  If PGC simply sums the effects  

Table 3-2  Pairwise Granger Causal influences calculated between the 5 neurons in the 
simulation displayed in Figure 3-5 after the use of significance thresholds, conditional 
granger causality analysis, and removal of mediated influences.  This table contains 
only direct causal influences.  All other values reported in Table 3-1 were found to be 
false or insignificant.  The right column indicates what the from neuron is and the top 
row indicates what the to neuron.  For example, to locate the influence of neuron 4 on 
neuron 1 a value of 0.01 is reporten in From N4, To N1.  

 To N1 To N2 To N3 To N4 To N5 
From N1 - 0.92 - - - 
From N2 - - 0.82 - - 
From N3 - - - 1.08 - 
From N4 - - - - 0.86 
From N5 - - - - - 
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of previous elements along a serially connected chain, then it may be possible to simply subtract 

the previously conditioned out PGC values that represent the mediated component of the 

distorted PGC value.  For example, by subtracting N1→3  (0.55) from N2→3 (1.37), a value of 0.82 

is obtained, which better estimates the actual synaptic weights incorporated into the model.  This 

process was repeated for each pair and the resulting estimates are shown in panel (d) of Figure 3-

5 and Table 3-2.  The relationship between CGC and the simple subtraction of N1→3 to N2→3 is 

derived from the properties of both PGC and CGC, as stated by Geweke (77), and shown in 

Equation (3.26).  

   FY → X Z = FYZ → X − FY → X  (3.26) 

 
In the special case where the bivariate PGC influence of Y on X, FY → X , has been 

previously conditioned out (i.e. equal to zero) using CGC, equation (3.27) is valid. 

 FYZ → X = FZ → X    (3.27) 
 

This allows for the derivation of equation (3.28), which explains the empirical relationship 

that allows subtraction of PGC values to retrieve the DGC value between .  

 FY → X Z = FZ → X − FY → X    (3.28) 

 
A direct comparison of the efficacy of these methods for calculating DGC was achieved 

using a Monte Carlo simulation of a 3 neuron chain. 100 realizations of this simulation were run 

and both methods were used to recover DGC from the PGC output of the synapse at the end of 

the chain.  The synaptic weights were randomly generated between 15mV and 45mV for each 

realization of the simulation.  The results of this simulation are shown in Figure 3-6.  These 

results suggest that the subtraction method presented in equation (3.21)[12] can produce DGC 

values similar to that of CGC as shown in equation [5]. 
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Figure 3-6 Direct influences between N2 and N3 were recovered by both methods to allow a 
comparison of Geweke’s subtraction method to CGC.  Each point was generated from 
a Monte Carlo simulation of the serial simulation using randomly generated synaptic 
weights between 15mV and 45mV.   This plot suggests that both methods provide 
results consistent with the linear region expected from the sigmoid plot shown in 
Figure 3-4.  However, Geweke’s subtraction method is computationally simple 
providing the researcher with a clear advantage in large networks that may require 
repetitive calculation of DGC. 

Monte Carlo Simulations with Random Serial Topologies 

A Monte Carlo simulation was conducted to further test DGC in a 5 neuron serial chain 

with random synaptic weights. This experiment was designed to describe the relationship 

between synaptic weights and the recovered DGC for each synapse in the serial chain. The 

synaptic weights S1→2, S2→3, S3→4, and S4→5 were randomly generated for each simulation using 

a uniform distribution from within 15 mV to 45 mV linear range of the sigmoid relationship 

derived from the first experiment.  The DGC for pathways with mediated influences (F2→3, F3→4, 
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& F4→5) was calculated for each synapse by subtracting the conditioned F(N-1)M pathway from 

FN→M and  

 

Figure 3-7 DGC values can be recovered at each of the synapses in the serial chain.  This was 
done with randomly generated synaptic weights between 15mV and 45mV at all 
synapses.  The weights for each synapse were generated independently within each 
simulation and the simulation was replicated 100 times.  These plots demonstrate that 
DGC values recovered from entangled pathways (top right, bottom right, and bottom 
left) along the serial chain mirror those calculated using PGC on the first pathway 
(top left).  This suggests that DGC values represent the direct influence between two 
neurons similar to the PGC relationship that can be calculated between neurons that 
are not entangled by mediated influences. 

retained. The synaptic weights S1→2 and F1→2 were also retained to serve as a baseline for 

comparison. According to the hypothesis, Monte Carlo distributions for the DGC pathways 
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should mirror the relationship between S1→2 and F1→2, a purely direct pathway.  This simulation 

was repeated 100 times.   

Figure 3-7 a) shows that the distributions for the DGC at each synapse mirror the linear 

distribution from the purely direct S1→2 to F1→2.  The higher variance for the DGC farther down 

the chain is due to additive error because of the way DGC is calculated. This empirical 

relationship shows that the conditioned pathway, F(N-1)M , is a representation of the mediated 

component of the remaining pathway, FN→M. The empirical relationship also suggests that DGC 

is an accurate representation of the DGC component between two neurons and can be used to 

calculate a meaningful synaptic weight for the synapse using the relationship described in 

Equation (3.25).   

100 Neuron Neural Network 

A larger more complex neural network simulation was used to further test the ability of 

Granger Causality to recover synaptic weights from spiking activity. This simulation consists of 

80 excitatory and 20 inhibitory neurons connected with 20,000 synapses.  Excitatory neurons are 

connected to all other neurons using randomly generated weights from a exponential distribution 

where most connections are weak (1-4mV) while strong connections (up to 70mV) are sparse.  

Inhibitory neurons are connected to the network using a flat distribution of weights ranging from 

-1 to -10mV.  Five excitatory neurons in this network were chosen and linked in a serial chain, 

resembling the earlier 5 neuron chain, with synaptic weights of 40mV as shown in Figure 3-8 

panel A).  This network produces spontaneous spiking and bursting shown in panel B). Pairwise 

Granger Causality is then used to determine the relationship between these 5 neurons shown in 

panel C).  Pairwise Granger Causality alone reveals that information flows directionally down 

the chain with no information flow in the opposite direction.  However, the structure and 
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Figure 3-8 100 Neuron Simulation. A chain of 5 neurons is imbedded within a 100 neuron neural 
network.  The goal of this simulation is to extract the causal core shown in panel A 
using Granger Methods.  Each synaptic weight in the chain is is set at 40mV. Panel B 
shows the activity of these five neurons within the full network.  Panel C shows the 
results from only PGC analysis.  Panel D shows the remaining significant 
connectivity after CGC analysis and their corresponding synaptic weights. Note that 
the weights down the chain are significantly underestimated, this is likely due to the 
influence of the rest of the network on recovered weights. 

connectivity of the chain are not clear enough to disseminate the structure underlying this 

network.  Conditional Granger Causality is then used identify and remove spurious connection 

revealing the structure shown in panel D). Thus, Granger Causality effectively identifies the 

serial chain embedded within this 100-neuron simulation. Conditional Granger Causality and the 

previously demonstrated sigmoid relationship are then used to recovery of synaptic weights also 

shown in panel D).  Interestingly, results from a larger neural network are not as accurate as 

results shown previously from a simpler network.  Further testing has shown that interaction with 
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the rest of the network subtly distorts the magnitude of the recovered synaptic weights. Future 

work will focus on the use Conditional Granger Causality to condition out the influences of the 

other 98 neurons on each paring to improve the accuracy of recovered synaptic weights. 

Application to Spike Timing Dependent Plasticity  

The brain is an ever-changing, non-stationary system that belies the fact that many 

measures of activity require stationarity to derive meaningful conclusions.  Take for example 

studies that attempt to demonstrate plasticity (4, 21, 81). One of the most common paradigms 

measures activity (e.g., spike rate) during a “baseline” phase that is followed by some treatment 

(e.g., learning phase, such as delivery of a tetanic pulse train).  Activity is then measured again to 

determine if any changes (e.g., spike rate) have occurred. The core notion is that changes in 

connectivity will result in a change in the number of spikes. Unfortunately, measures like spike 

rate are highly susceptible to spontaneous (random) fluctuations in brain activity. In contrast, 

changes in the rate of spiking alone do not substantially influence causality estimates until the 

spike rate becomes so low that either method begins to suffer. Hence, GC may provide a novel 

and more reliable method to measure activity changes, while also outlining the structural 

information of the network as these changes occur.  

A simple neural model sensitive to spike timing dependent plasticity (STDP), a proposed 

mechanism for changes in synaptic plasticity, was created using CSIM (82, 83) to investigate this 

notion.  This model was constructed to determine if changes in synaptic weight due to STDP 

could be reliably detected with Granger Causality.  The simulation was designed so that an 

STDP synapse, with parameters adopted from Markram et al., between two neurons would be 

exposed to a paired pulse stimulation similar to that of Bi et al. (84).  This paired pulse was 

designed to elicit long-term potentiation (LTP).  
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Figure 3-9 A simulation to determine if changes in synaptic weight consistent with stimulation 
timing dependent plasticity (STDP) at a synapse between two biologically relevant 
neurons could be detected after a paired pulse stimulation was applied to the neurons.  
The paired pulses were designed to produce potentiation at the synapse. The top plot 
shows the action potentials generated from the pre and post synaptic neurons.  The 
paired pulse stimulation was delivered between seconds 2 and 4.  The middle plot 
shows the amplitude of the post-synaptic response in amps, note that the post synaptic 
response was amplified due to the paired pulse stimulation, consistent with the effects 
STDP.  The bottom plot shoes the membrane voltage and action potentials fired for 
the post synaptic neuron.  

 PGC should detect and quantify the change after the paired pulse stimulation in the post 

stimulation spontaneous activity.  However, changes in activity from the paired pulse stimulation 

may not be great enough to detect using granger causality.  The simulated neurons used were 

also based on Izhikevitch’s simple model of spiking neurons (3).  Each simulation was six 

seconds long, sampled at 1000 kHz, and repeated 10 times.  The first two seconds of 

spontaneous activity are the baseline, the middle two seconds are during the application of the 
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paired pulse stimulation to the synapse, and the final two seconds of spontaneous activity are 

used as the post treatment recording.   

 

Figure 3-10 Statistical Analysis of Plasticity Simulation. The simulation ran in Figure 3-9 was 
repeated 10 times and the resulting pre and post spike trains were used to calculate 
the causal interaction between the neurons using PGC.  The pre and post-tetanus 
values of PGC were compared using an analysis of variance.  Plotting the analysis of 
variance demonstrates that the PGC values pre and post-tetanus are statistically 
independent suggesting that the change in causality due to the paired pulse 
stimulation can be detected and quantified using PGC. 

One realization of the simulation is shown in Figure 3-9.  Note that the post-synaptic 

response increased after the paired pulse stimulation was applied.  The spike trains for the 

baseline and treatment were low-pass filtered and PGC was calculated from the pre-synaptic 

neuron to the post-synaptic neuron.  Ten replicates of this experiment produced 10 PGC values 

for both baseline and treatment that are then pooled and compared using an analysis of variance, 

shown in Figure 3-10.  This analysis shows that the values are statistically different post 

treatment suggesting that changes resulting from STDP can be detected using PGC. 



 

62 

Conclusions 

Granger Causality is a powerful statistical technique that can quantify causal relationships, 

ranging from interactions between different brain areas to recordings from single neurons. 

However, there are a number of potential issues in interpreting synaptic efficacy that results from 

PGC, including false directed influence and separation of direct and mediated influences. In this 

paper, we explored several additional techniques specifically to address those issues. 

Specifically, CGC is used to untangle direct and mediated influences and provide estimates of 

DGC. Additionally, a less computationally intensive subtractive process can provide DGC under 

special conditions. When these special conditions are not met, CGC would be required to recover 

DGC values.  Through network simulations, we then described how these techniques could 

potentially be used to provide additional information about the underlying network structure and 

to estimate the relationship between synaptic strength and DGC estimates.   These methods are 

useful when that strength is static or changing due to changes in plasticity.  

There still remains several important weaknesses and limitations of Granger Causality that 

must be considered.  For example, synaptic weight estimates using DGC are dependent not only 

on the variability of the system being measured and the measuring instruments, but also on the 

quantity of data recorded. Thus, short recording times with little activity can substantially affect 

estimates using either method.  Multiple realizations of the process being examined are 

recommended to produce an accurate representation of causality within a system.  Perhaps one of 

the most challenging problems remaining with this technique in living systems is detecting the 

presence of unobserved units, where apparent causal relationships are due to unobserved 

elements. This possibility must be considered when drawing conclusions about complex systems 

that may contain multiple unobserved processes. 
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DGC was also investigated for its potential to estimate synaptic weights. The model 

intentionally represents a simplified case of neural connectivity where the independent stochastic 

processes that drive the neurons, along with the spike firing rates, are based on the behavior of 

one type of cortical neuron.  Changing these stochastic processes and neuron types in the model 

may alter the sigmoid relationship between synaptic weight and GC. Different model parameters 

or data from neural culture, where neuron type and synaptic weights may be unknown, will 

require calibration in order to recover valid synaptic weights.  However, in this study we 

demonstrate that there is a linear region within the sigmoid relationship between synaptic weight 

and GC, where changes in synaptic efficacy can be observed.  

The 100-neuron simulation demonstrates that as the complexity of the network grows the 

PGC results underestimate the synaptic weights.  This may be due to the contributions of the 

other 95 neurons on activity within the causal chain. While the sigmoid relationship may not 

always apply, the existence of a region where synaptic weight changes linearly with PGC 

suggests that DGC values from that system are comparable (i.e. a larger Granger Causality value 

translates to a larger synaptic weight). This gives an investigator confidence that changes 

observed during an experimental manipulation are also comparable in magnitude. This linear 

relationship allows for pre-experimental and post-experimental values of DGC to be subtracted 

in order to quantify plasticity. It is possible that these observations can be quantified with proper 

calibration between synaptic weight and DGC values.  

Conversely, we have also demonstrated that there are regions in the relationship where 

changes in synaptic weight will not be reflected as changes in causality.  Specifically, when the 

post synaptic potential is significantly sub threshold or when it is already so large that the post 

synaptic potential will almost always cause a post synaptic action potential. Changes in synaptic 
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weight within these regions may not be reflected in changes PGC values calculated between the 

observed neurons. However, it should be noted that changes in synaptic weight in these regions 

will not produce and observable changes in the spiking output of the neuron either. 

Perhaps a more fundamental problem with any Granger based method is the ability to 

detect the presence of inhibitory, rather than excitatory, contributions. Inhibitory synapses, 

unlike excitatory synapses, do not produce a post-synaptic action potential.  Thus, an inhibitory 

synapse will produce GC values near zero, similar to that of null connectivity. Additionally, 

inhibitory influences decrease activity in their targets and may distort serial causal influences, 

even though they may be strong. Including steps to untangle inhibitory influences, perhaps 

through conditional logic, may help address this problem.  However, GC remains one of the most 

powerful techniques to estimate causal relations or untangle complex structural topologies in 

networks where that information is unknown. 
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CHAPTER 4 
ASSESMENT OF PLASTICITY IN-VITRO USING GRANGER CAUSALITY  

Introduction 

Microelectrode array (MEA) technology has been used to quantify and record 

multichannel neural activity from in-vitro dissociated neural cultures for nearly three decades 

(85-87). However, the underlying structure and connectivity that is responsible for producing the 

neural activity observed from these cultures has remained largely unknown. Subsequently, 

difficulties arise when trying to accurately relate changes in observed neural activity to 

physiological changes within the network such as plasticity. Detection of plasticity across a 

network is now a common theme in recent neuroscience research (20, 67, 81, 88-92). Spike 

timing dependent plasticity (STDP), a process where the efficacy of a synapse is governed by the 

timing of pre- and postsynaptic action potentials, is thought to be a potential mechanism by 

which in-vitro plasticity occurs (83, 84, 88, 93).   However, neural activity recorded using MEAs 

is extracellular, whereas STDP experiments often use intercellular voltage clamp methods on 

isolated neuron pairs.  Ad hoc algorithms and measures are often developed to quantify possible 

plasticity related changes in-vitro with varying levels of success (4, 18, 20, 81, 89).  However, 

these algorithms often do not provide a statistically sound measure of effective connectivity that 

can be related to the actual connectivity underlying the dissociated neural network. 

Jimbo et al has demonstrated that changes in the synaptic strength of pathways within 

living neural networks could be identified by describing changes in elicited spike rates after 

induction by high frequency stimulation or tetanization (4). Specifically, Jimbo’s data suggested 

that tetanization resulted in pathway specific potentiation and depression. The metric used to 

identify those changes is based on changes in the spike rates recorded on each electrode before 

and after a tetanic pulse train is delivered, a simple and elegant way to observe output related 
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changes in neural connectivity. However, observations that can be made using spike rate are 

limited providing only a course quantification of neural connectivity. First, spike rate 

observations are non-directional and they are also non-causal. Second, this method relies on 

using a difference between pre and post treatment measurements of spike rate to detect 

underlying pathways, limiting the ability to observe connectivity prior to a treatment which 

modifies the underlying strength. Several methods (17) including correlation (4, 21, 94, 95), 

likelihood methods (36-38), partial directed coherence (30, 50, 96), and Granger Causality (48, 

49, 76) can address some of these deficiencies and have been used to identify connectivity 

patterns between spiking neurons in neural simulation, in-vitro and in-vivo. 

Pairwise Granger Causality (PGC) (1), a robust statistical forecasting tool borrowed from 

economics, is unique among these measures because it can address all of these issues and it can 

quantify the degree of causal connectivity between neurons (76). PGC makes use of 

autoregressive modeling (66) to determine if the temporal activity of a pre-synaptic neuron can 

be used to predict the activity of a possible post-synaptic neuron. Additionally, neural network 

simulations from Chapter 3 suggest that PGC can be used to quantify synaptic connectivity from 

simulated spontaneous neural activity. This chapter will explore the use of PGC as a method for 

detecting pathway specific changes in plasticity in-vitro.  PGC will be validated against the 

pathway information derived using Jimbo’s method of spike rate changes pre and post tetanus. 

PGC should allow for a deeper analysis of plasticity related effects from Jimbo’s protocol and 

new insights will be presented after PGC has been compared against this method. 

What do PGC values mean in neural networks? 

Connectivity in terms of neural networks is usually expressed as a synaptic weight or 

synaptic efficacy that can be related directly to the amount of voltage or current that is induced 

from the pre-synaptic to the post-synaptic neuron. However, it is not intuitively clear what the 
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values generated by PGC mean in terms of synaptic coupling. A computer simulation, using 

Izhikevitch’s simple neuron model (3), was used in Chapter 3 to determine the effect of known 

synaptic weights on causality estimates using PGC.  These values were calculated from pre and 

post-synaptic spike trains in order to better demonstrate the relationship between PGC values and 

synaptic efficacy. Within this simulation the synaptic weight between two regular spiking 

cortical neurons were systematically increased and the resulting spike trains from the simulation 

were analyzed using PGC.  The results indicated a sigmoid relationship between PGC and the 

actual synaptic weight in which PGC is insensitive to variations with very low and very high 

synaptic strengths. The was, however, a linear region (cf. Figure 3-4) in the middle of this 

sigmoid indicating a region where PGC values are linearly related to synaptic efficacy (and also 

can be subject to linear arithmetical operators such as subtraction). Based on this relationship, the 

PGC values recovered from the cortical cultures on the MEA will likely represent the synaptic 

coupling between these two channels but may be distorted if those weights are excessively low 

or high. Of course this value may not represent a specific synaptic weight as the connections 

between neurons in culture may consist of thousands of synapses (97) and may be mediated 

through several pathways (21).  It should provide an overall estimate of the synaptic weights 

coupling two neurons. Hence, this method could be used to detect changes in synaptic weights 

among the pathways coupling neurons indicative of plasticity.  

Methods 

Dissociated Cortical Cultures 

Dissociated cortical neural cultures consisted of cortical hemispheres (Brain Bits Inc.) from  

E18 Wistar rat embryos that were digested using the Papain Dissociation System (Worthington 

Biochemical Corporation) and mechanically triturated separating the neurons soma from the 

surrounding connective tissue. After dissociation, approximately 50,000 cells were placed in the 
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center of a MEA that has been first coated with polyethyleneimine (96) (98) and then also treated 

with laminin (Sigma) (99). The neurons were cultured in medium consisting of 90 % Dulbecco’s 

modified Eagle’s medium (DMEM) (Gibco cat# 10569-010) and 10% Equine Serum (HyClone 

cat# SH30074.03). The medium was equilibrated in an incubator to 5% carbon dioxide and 

35.5C temperature before use. The medium in each culture was exchanged once per week. 

Freshly dissociated neurons rapidly begin to reestablish a network when placed on the MEA, 

forming synapses to neighboring cells and producing spontaneous action potentials within the 

first few days (100). During the first two weeks the neurons mature and begin to express the full 

complement of receptors, a process completed after one month in vitro (101-104). In this 

experiment, data from six cultures were analyzed. All cultures were older than 30 days in vitro in 

this experiment. 

Microelectrode Arrays 

The MEAs that were used for this experiment were obtained from Multichannel Systems 

GmBH.  The 60 electrodes of each array are arranged in an 8 x 8 grid, spaced 200 μm apart, to 

measure neural activity over a 1.6 mm2 area. These arrays consist of a glass wafer over which a 

gold surface is deposited and the electrode traces are etched using photolithography. An 

insulating layer of silicon nitride (SiN) is then deposited via vapor deposition over the surface 

providing an electrical barrier between the gold and culture media. 30 μm diameter holes are 

then plasma etched over the circular pads and Titanium nitride (TiN) is plated onto the gold 

forming a low impedance interface between the recording amplifiers and culture media. Each 

electrode measures the voltage changes produced by neural soma, dendrite, and axons within an 

approximate radius of 60 μm as they fire action potentials (105). Conversely, application of bi-

phasic current or voltage pulses (e.g., 100 to 800 mV or 50 to 200 μA) will elicit action 
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potentials from neurons near the stimulated channel. Neural activity was sampled and digitized at 

25 kHz using Multichannel Systems MEA1060 amplifier and A/D hardware. Action potentials 

were distinguished from noise using a voltage threshold 5 standard deviations above or below 

estimated noise levels. Spike events were recorded into a file containing the time, channel, 

height, width, and context information surrounding each event. This spike file was later 

processed offline to extract information about any bursts that may have occurred. Bursts were 

detected using a modification of the leaky integrator algorithm described by Gross (91) which is 

applied to the spike times for each electrode. The environment both within and surrounding the 

MEA during recordings was temperature and gas compositionally controlled at 35.5C and 5% 

CO2 duplicating the environment within the incubator in which these cells were maintained. 

Media temperature within the array was controlled using Multichannel Systems TC02 

temperature controller. 

Stimulation Induced Plasticity Protocol 

The study of plasticity is a field where much remains unexplored. However, it is one of the 

most actively investigated areas of brain research. Two distinct and closely related phenomena, 

long term potentiation (LTP) (106) and long term depression (LTD), have come to be accepted 

as possible mechanisms by which synaptic efficacy is increased and decreased respectively. 

While the timing rules thought to underlie LTD and LTP between individual neurons are easily 

investigated by monitoring the magnitude of post synaptic potentials (PSP) delivered to post-

synaptic neurons using patch clamp, single neuron electrophysiological methods are problematic 

when trying to determine how these mechanisms function at the network level. Neural cultures 

maintained on MEAs present an opportunity to observe these phenomena on 60 electrodes 

however MEAs only provide extra-cellular voltage information from these cultures. Thus, while 
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action potentials can be detected from the neurons grown on MEAs, subtle fluctuations like PSPs 

are indistinguishable from background noise. 

Jimbo et al devised a clever experiment (4) to overcome this limitation to determine the 

efficacy of a tetanus to induce plasticity changes after its delivery to a single electrode in a 

dissociated cortical network grown on a micro-electrode array. The protocol consists of a 

baseline probe sequence, treatment induction tetanus, and a post-treatment probe sequence. 

Jimbo identifies neural pathways by indicating where LTP and LTD may have occurred by 

determining the change in spike rate between the probe sequences. The induction tetanus consists 

of trains of 11 biphasic 600mV pulses delivered at 20 Hz repeated 20 times at 5s intervals. The 

probe sequences deliver biphasic sequential probes of 600mV to each of the 60 channels 

(including the ground channel) in a randomized order that is repeated 10 times for a total of 600 

probes. Each of these probes evokes a burst of activity resulting from activation of the cortical 

neural network across all 60 channels. The number of spikes generated from the probe within a 

200 ms time window on each electrode quantifies this activity. The baseline and post-treatment 

spike rate over this 200 ms window for 60 channels for each probe are then compared by 

difference plot (as shown in the left panel of Figure 4-1) to determine the change in spike rate 

between baseline and post-treatment probes. The red horizontal lines show instances where the 

protocol enhanced the spike rate resulting from probing on that channel and the blue lines show 

instances where the effect of the protocol resulted in depression of the spike rate for probes 

delivered to that channel. 

The use of PGC on these same spike trains should allow for more detailed description of 

changes in the effective connectivity induced by the tetanus. The protocol yields spike trains for 

all 60 electrodes following each of the 1200 total probes (60 channels probed x 10 probes per 
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channel x 2 probe series pre and post tetanus) that are delivered to the neural culture. The ten 

probes per channel can be considered to be realizations of the same process, thus when 

calculating PGC between the two channels the 10 source spike (pre-synaptic) trains and 10 

response (post-synaptic) spike trains are pooled. 

PGC can also be directionally calculated from each channel to every other channel for each 

probe yielding a 60x60 matrix of directional influences for each probe, 60 times more 

information than that provided by spike rate. Incidentally, directionality can be eliminated by 

combining the two directional PGCs between a pair of channels to yield a measure called total 

causality, similar to coherence, that is more appropriate for validation of PGC against established 

non-directional spike rate methods. When PGC is calculated for each of the probed channels, this 

yields a 60x60x60 matrix of PGC results for each probe sequence before and after tetanus. For 

simplification these PGC matrices generated from elicited data sets will be referred to as elicited 

Granger Causality (EGC) matrices. When the post-tetanus EGC matrix is subtracted from the 

pre-tetanus EGC matrix, this will be referred to as the EGC difference matrix. The axes of this 

EGC difference matrix are stimulus (probed) channel, source channel, and response channel and 

each entry in the matrix contains the change in PGC from the first set of probes to the second set 

of probes. 

Results  

Spike Rate versus PGC 

Jimbo’s experimental procedure was replicated in our lab1 on six cortical MEA cultures. 

Data from neural culture 6686 is used to present results that were consistent across all of the 

subjects. The timing of spikes was collected from the raw waveforms and then cleaned of noise 

                                                 
1 The data for this experiment was collected by Ping He as a part of a larger experiment to determine long-term 
changes in plasticity in the DeMarse laboratory. 
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spikes by template matching. These remaining spikes were then used to create the rate based 

stimulus-response plot shown in the left panel of Figure 4-1. This figure plots the changes in the 

number of spikes post-tetanization by color (blue = decrease, green = no change, red = increase) 

for each response channel (x-axis) for every probed channel (y-axis). The plot suggests  

 

Figure 4-1 Comparison of spike rate to Pairwise Granger Causality. The left plot shows the 
change in elicited spike rate post tetanus at each channel (x-axis) for each probed 
channel (y-axis). Each pixel on the plot represents the change, post-tetanization, in 
elicited spike rate at the response channel from a stimulation delivered to the probed 
channel. The pathways stimulated by the single channel probes on a particular 
channel tend to uniformly increase (red horizontal lines) or uniformly decrease (blue 
horizontal lines).  The blue vertical line at response channel 52 is a result of drift 
during the experiment a noisy channel. This channel would normally be removed 
from analysis.  The right plot is an analysis of the same data using PGC.  This plot 
shows the change in PGC post-tetanization for each response channel (x-axis) for 
each stimulated probe channel (y-axis).  The change in PGC for each pixel can be 
interpreted as the change in the effective connectivity of the response channel to all 
other channels. PGC similarly detects pathway specific plasticity, but does so by 
looking at changes in effective connectivity between channels rather than changes in 
spike rate.  Notice that the analysis of channel 52 yields no effect (green represents no 
change in PGC) as the noisy spikes from channel 52 have no effective relationship 
with other channels. Additionally, PGC offers greater contrast of post-tetanus effects. 
The enhanced contrast can especially be seen when comparing response channels 1-9 
between both plots.  
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simultaneous  enhancement and depression of spike rates similar to the data previously reported 

by Jimbo et al. (4). PGC was then calculated for each of the probe sequences and reported as a 

stimulus-response difference-plot shown in the right panel of Figure 4-1. This is essentially 

interpreted the same as the left panel except that the colors represent a change in PGC instead of 

spike rate. Note that the 3-dimensional EGC matrix is separately collapsed across the source and 

response axes and the results are summed to create the 60x60 plot shown in Figure 4-1. This is 

done to reduce the complexity of the EGC matrix to allow direct comparison to the spike rate 

results. A simple visual comparison between the left and right panels in Figure 4-1 shows that, in 

general, any changes in rate are also reflected in changes in causality. Of the 60 probe channels, 

the results of more than 95% of probe channels match direction of change when comparing spike 

rate and PGC stimulus-response plots. 

However, there are some noticeable differences between the two plots . PGC is influenced by 

changes in rate but only when the rate increase on the pre-synaptic channel is complemented by 

an increase on the postsynaptic activity. The data from dish 6686 was specifically chosen to help 

reinforce this notion due to a unique event that occurred. Most noticeable, the spike train data 

from channel 53 (the dark blue vertical stripe) in the left panel of Figure 4-1 was contaminated 

with background noise and generated false spikes that were similar enough to real spikes that 

they could not be filtered out. During the recording following tetanization the source of the noise 

was removed resulting in a large decrease in spike rate for this channel. When PGC is calculated 

for the noisy uncorrelated random spikes from this channel PGC yields values near zero, as one 

would predict for temporally unrelated time series. Thus, PGC reports the changes in the 

temporal relationship between channels rather than a simple change in rate. This is further 

reinforced by the data from channels 1-9 that show little change in spike rate across all probe 
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channels in the left panel of Figure 4-1 but show changes in PGC (right panel of Figure 4-1). 

Additionally, some channels show stronger changes in PGC than those shown by spike rate as 

shown in examples depicted in Figure 4-2a for LTP and Figure 4-2b for LTD. This is not 

surprising considering that changes in synaptic efficacy can be reflected by changes in the pre 

and postsynaptic spike timings that may appear in changes in spike rate.  

 

Figure 4-2 A comparison of spike rate and PGC analysis for enhanced channel 26 and depressed 
channel 41.  This figure highlights the increased contrast provided by PGC over spike 
rate by comparing spike rate (top panels) or PGC analysis (bottom panels), sorted by 
initial strength (x-axis), before and after tetanization (blue square vs. green circles, 
respectively). Panel A shows potentiation in terms of spike rate (top) and PGC 
(bottom) for channel 26 from Figure 4-1.  Panel B shows the same relationship for the 
depressed channel 41.  In both cases PGC provides greater contrast between baseline 
and post treatment measurements for both potentiation and depression. The increased 
contrast provided by PGC makes it easier to establish the statistical significance of 
pathway specific changes. 

Surrogate Analysis 

A subtle but important difference between the two methods is that the right panel of Figure 

4-1 has considerably higher contrast between effected channels and surrounding unaffected 

channels i.e. less regions that are light yellow or light blue. This suggests that the signal to noise  
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Figure 4-3 Surrogate analysis of the PGC analysis. Two surrogate analyses were performed on 
the data from the Jimbo protocol.  The first, shown in the left plot, is a result of 
randomly shuffling the spike timings within the 200ms post stimulation window for 
both the pre and post-tetanus prior to PGC analysis.  This effectively destroys the 
spike timing relationships while maintaining the spike rate over this window.  The 
resulting PGC analysis yields near zero PGC results for both pre and post-tetanus 
probe sets.  The resulting change in PGC post-tetanus shown in the left figure is near 
zero (hence a uniform green field) for all pathways.  This spike-shuffled surrogate 
analysis also establishes a significance threshold that can be used to distinguish 
actually changes shown in Figure 4-1 from noise. Note that if the spike shuffled data 
were used to generate a spike rate plot, it would be identical to the left panel in Figure 
4-1. The second surrogate analysis, shown in the right panel, shuffles the pre and 
post-tetanus spike trains.  The pathway specific patterns observed in Figure 4-1 are 
obliterated. This suggests that the plasticity induction protocol is responsible for 
producing these pathway specific patterns and that these patterns are not randomly 
generated. 

ratio for PGC is higher, allowing for a greater contrast between effected channels and 

background noise. Additionally, the use of PGC also has the added benefit of having a statistical 

significance level. A surrogate data set can be created from the original spike trains that 

maintains the spike rate information in the spike train but scrambles the interspike intervals by 

randomizing the spike timings for a given spike train. The null hypothesis for this first surrogate 

is that changes in spike rate are responsible for the corresponding changes in PGC.  A well 

established principle of PGC is that when the two time series being regressed are made up of 
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independent white noise PGC=0. In practice with real spike trains a surrogate data set with 

randomized spike timings will produce a value that approaches zero establishing a threshold by 

which the significance of the unscrambled can be determined from. GC values falling above this 

threshold can be considered significant and non-random. Once the spike timings were scrambled 

the same causality analysis was performed on the surrogate spike trains. The resulting analysis, 

shown in the left panel of Figure 4-3, confirms that the patterns demonstrated by the original data 

set are significant considering that the significance levels generated from the surrogate data set 

are all in the green (i.e. close to zero change) region of the color scale.  This also invalidates the 

null hypothesis suggesting that the PGC analysis is not simply dependent on rate and is likely 

dependent on changes in interspike timing between channels. 

A second surrogate analysis was created by randomly swapping out pre-tetanus spike 

trains with post tetanus spike trains from the same stimulus and source/response channels. This 

surrogate, while not restricted to use with only PGC analysis, serves the purpose of determining 

whether the pathway specific patterns resulting from the Jimbo protocol are randomly produced. 

The null hypothesis for this surrogate is that failed probes are responsible for the patterns seen in 

rate and PGC analysis.  Thus, swapping probes between post and pre-tetanus analysis would test 

this hypothesis.  PGC analysis is then performed on this surrogate data set with results shown in 

the right panel of Figure 4-3. Notice that the pathway specific patterns inherent to the non-

surrogate data set have been obliterated.  This surrogate analysis randomized the pre/post-

tetanization temporal order of the spike train realizations.  If the pathway specific plasticity 

effects were randomly generated from failed probes, the effects should have persisted in the 

surrogate analysis.  Subsequently, these results suggest that the second surrogate null hypothesis 

is invalid. 
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Discussion 

The original hypothesis for this experiment was that PGC could be used to describe 

pathway specific plasticity effects in dissociated cortical culture.  Comparison of PGC results 

against spike rate validated this hypothesis. Over 95% of the pathways described by spike rate 

were found to agree with the PGC analysis.  Often, those channels that differed from the spike 

rate analysis were channels that showed no spike rate change but showed a change in PGC.  This 

was likely due to fact that PGC specifically models changes in the fine temporal dependencies 

between spike trains rather than relying on course changes in rate. While spike rate has the 

advantage of being simple and easy to obtain, use of PGC compliments spike rate as a more 

statistically rigorous and perhaps more sensitive metric.  PGC was also shown to be more 

resilient to the introduction of noise spikes into the analyzed spike trains as demonstrated by the 

noisy channel 52 in Figure 4-1.  PGC was also shown to provide a higher contrast between pre 

and post-tetanus analysis as shown in Figure 4-2. Statistical significance was more easily 

established using a spike-shuffled surrogate analysis. This surrogate analysis also suggests that 

pathway specific PGC plasticity results are not simply spike rate dependent but reflect true 

changes in causal strength between the channels.   

However, these are not the only benefits to using PGC.  For comparative purposes the SGC 

matrix was intentionally collapsed and the benefit of directionality was removed in order to 

better validate and compare the results of PGC against the non-directional spike rate method. 

The following discussion explores these directional effects providing a deeper analysis including 

amplitude dependent plasticity, comparisons of spontaneous and elicited PGC analysis, and 

directional plasticity that can be described by PGC.   
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Amplitude Dependent Plasticity 

Directionality is a fundamental property of PGC that distinguishes it from other methods 

such as correlation and coherence. Directionality has been intentionally removed from the 

analysis so far to enable better comparison to non-directional spike rate based methodology. 

However, directionality is a key component of STDP timing rules for plasticity. Directional 

information about plasticity changes should allow a more complete understanding of how 

induced plasticity affects the underlying structure of the network. When the EGC difference 

matrix is calculated without using total causality several new options emerge for visualizing 

plasticity. One use of the EGC difference matrix is that it can be used to determine how the 

initial magnitude of a pathway affects magnitude and direction of change of that pathway after 

tetanization. The EGC difference matrix contains 60x60x60 entries whose values can be 

compared to the same number of pre-tetanus EGC matrix values.  

According to amplitude dependent plasticity (ADP) shown by Bi & Poo, changes in 

synaptic weight due to correlated time dependant spiking are a function of initial synaptic 

strength. While potentiation of excitatory postsynaptic potentials (EPSPs) is larger for weak 

synapses, those experiencing depression are reduced by a constant percentage (84). EPSPs are 

commonly measured postsynaptically using single electrode voltage clamp techniques. In this 

analysis, we investigate ADP among the pathways observed during Jimbo’s protocol. However, 

unlike in Bi & Poo’s experiments, MEA electrodes are extracellular and cannot measure EPSPs. 

Thus, the starting effective connectivity is compared to the change in effective connectivity using 

pairwise Granger Causality (PGC) calculated from prior analysis. If the observed changes in 

plasticity by PGC are accurate then one would expect that the magnitude and direction of 

changes within the network would agree with previously reported ADP results (84).  
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Figure 4-4 Amplitude dependent plasticity (ADP) can be explored in-vitro using PGC. 
According to amplitude dependent plasticity (ADP), changes in synaptic weight due 
to correlated time dependant spiking are a function of initial synaptic strength. This 
plot shows initial magnitude of PGC prior to induction (x-axis) and the corresponding 
directional change magnitude after induction (y-axis). This demonstrates that the 
tetanic induction generally increases weak connections and decreases strong 
connection. This plot resembles results reported by Bi & Poo 1998 where 
postsynaptic potentials were observed using intercellular recordings.  Data shown is a 
compilation from six cortical cultures exposed to tetanization. 

The entire pre-tetanization EGC matrix was used as starting weights and the EGC 

difference matrix was used to report changes in those weights.  These results were plotted Figure 

4-4 where the initial PGC amplitude for all pathways was plotted on the x-axis and the % change 

in the PGC amplitude was plotted on the y-axis. This plot contains data from 6 MEA cortical 

cultures where Jimbo’s protocol was used to induce plasticity. Overall Figure 4-4 suggests that 

weak pathways are most often enhanced while strong pathways are weakened.  At around initial 

PGC values of 0.25 depression begins to be favored over potentiation as the initial strength of the 
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pathway increases. These results suggest that changes in connectivity post tetanus may be 

amplitude dependent which is consistent with the results from Bi & Poo.   

Directional Causal Influences 

The EGC difference matrix is large which can make detection of network changes difficult 

to visualize. Thus, when trying to understand what is happening in the EGC difference matrix it 

is preferable to collapse the matrix along one of its axes for simplification. However, when  

 

Figure 4-5 Stimulus-Response difference plot of PGC where the EGC difference matrix is 
collapsed by source. While similar to the left panel of Figure 4-1, this plot makes use 
of the directional properties of PGC. Essentially each pixel represents the change in 
causal information coming in to each response channel. This plot shows the 
directional change in PGC post-tetanization for each response channel (x-axis) for it 
corresponding stimulated probe channel (y-axis).  Red pixels indicate a potentiation 
of inward causal flow while blue pixels indicate depressed inward causal flow.  The 
change in PGC for each pixel can be interpreted as the change in the effective 
connectivity of the response channel to all other channels. 
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directionality is involved, which axis is collapsed has a profound impact on what information 

that figure will present. The available axes to collapse upon are source, response, and by probe 

channel. When collapsing the EGC difference matrix by source (as was done earlier to match 

spike rate plots), each pixel is a summation of all of the causal influences from all source 

channels into each individual response channel for a given probe. This is shown in the resulting 

stimulus-response PGC plot shown in Figure 4-5. Thus, collapsing the EGC difference Matrix by 

source reveals the information flow coming into every channel for each probe and produces a 

 

Figure 4-6 Stimulus- Source difference plot of PGC where the EGC difference matrix is 
collapsed by response. This plot makes use of the directional properties of PGC, 
essentially each pixel represents the change in causal information coming out of each 
source channel. This plot shows the directional change in PGC post-tetanization for 
each source channel (x-axis) for it corresponding stimulated probe channel (y-axis).  
Red pixels indicate a potentiation of outward causal flow while blue pixels indicate 
depressed outward causal flow.  The change in PGC for each pixel can be interpreted 
as the change in the effective connectivity of the source channel to all other channels. 
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stimulus-response plot. When collapsing across the response axis, as shown in Figure 4-6, the 

stimulus-source plot’s pixels represent the summation of information flow from each individual 

source channel to all response channels. Thus, collapsing the GC Matrix by response channel 

reveals the information flow coming from every channel for each probe resulting in a stimulus-

source plot. Comparison of Figures 4-5 and 4-6 suggests that while after tetanization a pathway 

may experience an increase consistent with LTP, a subset of the response channels experience an 

increase in total information outflow while others experience an increase in total information 

inflow. The same complementary observation can be seen with depressed probe channels that are 

thought to experience LTD. Logically, this is consistent with the idea that an increase/decrease in 

information outflow pre-synaptically should be matched by a corresponding increase/decrease in 

information inflow post-synaptically. This reinforces the notion that the tetanus elicited changes 

in the neural network consistent with STDP mechanisms. 

When collapsing across the remaining probe channel axis, as shown in Figure 4-7 the source-

response plot’s pixels represent the summation of information flows from a source channel to a 

response channel for every stimulating probe. Thus, collapsing the EGC difference matrix by 

stimulus channel reveals the directional information flow for each source-response pair for all 

probes. Collapsing on this axis produces a source-response plot that is more consistent with what 

could be observed in a recording of spontaneous activity from a MEA culture. The 60 source-

response slices of the EGC difference matrix of size 60x60 are also shown in Figure 4-8 at their 

respective probe locations in a spatial arrangement meant to replicate the placement of the 

electrodes in the MEA culture dish. These plots specifically speak to the larger amount of 

information available when using PGC methods instead of spike rate. Using the spike rate 

method an investigator can observe the change in spike rate at 60 channels following a probe. 
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Figure 4-7 Source-Response difference plot of PGC collapsed by probe before and after 
application of tetanus. This plot shows the directional change in PGC post-
tetanization for each source channel (x-axis) for it corresponding stimulated probe 
channel (y-axis).  Each pixel shows the total information flow from each source to 
each response channel over all probes.  This plot is a sum of all of the source response 
plots that are plotted later in Figure 4-8.  This represents the total change in causality 
from elicited activity over all probes for every pathway.   

However, when using PGC, 3600 possible directional pathways can be observed for each probe. 

This is largely due to the fact that rate based changes are non-directional and non-causal. So 

when a probe is delivered only the changes in spike rate at distant channels can be observed. 

When using PGC spike trains from any channel can be compared to any other channel. One of 

Jimbo’s observations was that the spike rates at distant electrodes for a specific probe channel 

tend to change uniformly in one direction either depression or potentiation. 
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Figure 4-8 Source-response plots by spatial probe location.  These source-response plots (each 
interpreted the same as the source response plot in Figure 4-7 but for single probes 
rather than all probes) are arranged topographically by the location at which the 
probes were delivered to create the respective source response plots.  This plot is a 
difference plot showing the entirety of the 60 x 60 x 60 PGC difference matrix for 
one MEA culture treated with Jimbo’s protocol.  Notice that while some channel were 
dominated by potentiation (red) and others dominated by depression (blue), most 
channels simultaneously demonstrate both potentiation and depression. 

Interestingly, the plots in Figure 4-8 tell a slightly more complex story. While there are 

some probes that produce changes in activity that fit this profile, in fact most probes show both 

depression and potentiation within the network, information that is lost when averaging across 

source or response channel axes. While potentiation or depression may win out after collapsing 

to create a source-response plot, both mechanisms are most often present before collapsing. 

However, PGC produces results that agree with some of Jimbo’s major points. While probing at 
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a channel activates the entire network, the pathways and synapses activated depend on where the 

probe was delivered. This explains how a pathway can produce potentiation for one probe 

channel and in turn show depression when a different probe channel activates those same 

neurons. Thus, a similar conclusion as Jimbo’s can be drawn from these source-response plots 

that the observed changes are pathway-specific and not neuron specific. 

Spontaneous/Elicited Connection 

PGC can also be applied to spike trains from spontaneous rather than evoked activity. This 

presents an interesting opportunity to compare source-response plots from the EGC difference 

matrix to source-response plots from spontaneous activity. Recordings of spontaneous activity 

were taken before and after tetanization during this experiment. Spike trains were collected from 

population bursting events inherent to spontaneous activity in MEA cortical cultures, as opposed 

to collection from a time window after stimulation as with elicited bursts. The spontaneous burst 

events were detected using a burst detection algorithm based on several found in literature. A 

window of 200ms is used to capture the activity from the burst. Unlike data collection from an 

elicited time series the number of events is based on the spontaneous bursting activity of the 

culture rather than based on a predetermined number of probes. The spike trains are low pass 

filtered and used to calculate PGC values for every source and response pair for both pre and 

post tetanus spontaneous recordings. The resulting difference matrix, or spontaneous Granger 

Causality (SGC) difference matrix, is 60x60 and includes PGC values for every source to every 

response channel. The resulting plot, shown in Figure 4-9, is most similar to the source-response 

plot generated from the GC matrix collapsed across probe shown in Figure 4-7. Theoretically 

these two plots should resemble each other as they are both source-response plots. 

The connectivity in the spontaneous source-response plot is a result of the expression of 

spontaneously activated pathways during population burst events. The pathways activated are 
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dependent on the patterns of the bursts expressed by the culture, which is dependent on many 

factors possibly including spatial origin, connectivity, and environmental factors. While the 

patterns are similar between elicited and spontaneous activity and are likely linked there are 

many reasons why they should not completely agree. Spontaneous activity is a direct result of the 

probabilistic processes that drive single unit activity in the network. Which bursts patterns occur 

and those that do not are dependent on this process. In contrast, elicited bursting is not dominated 

by this process. Each electrode is systematically probed and responses are observed. It is likely 

 

Figure 4-9 Spontaneous Source-Response plot calculated from windowed bursting events during 
spontaneous (no stimulation probes) activity. This source (y-axis) response (x-axis) 
plot represents the difference in PGC calculated from spontaneous bursts before and 
after the delivery of the tetanus. Again the colors represent the change in causality 
(blue = decrease, green = no change, and red = increase). This source response plot 
should resemble the source response plot after collapsing by probe shown in figure 4-
7 if PGC analysis of spontaneous and elicited data is similar.  Some similarities are 
seen between these plots suggesting a connection between stimulated and 
spontaneous neural activity. 
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that many of the pathways activated by probes are part of forced burst patterns that may be rarely 

if ever generated from spontaneous activity and are thus missing from spontaneous connectivity 

plots. Additionally, the elicited patterns are generated from 600 elicited burst events while the 

spontaneous activity produces perhaps 20-30 burst events. Despite these differences, there is 

similarities between the patterns from spontaneous and elicited source-response plots reinforcing 

the linkage between spontaneous and elicited activity patterns. 

Conclusions 

The inverse source problem has proven a formidable obstacle for neuroscientists when 

exploring network level plasticity mechanisms in vitro. While synaptic efficacy can be 

monitored using glass pipette electrodes to detect and measure post-synaptic potentials, large-

scale use of these electrodes to monitor network activity is problematic. MEAs are a well-

established means of obtaining multichannel recordings from living neural networks but do so 

extra-cellularly. To estimate plasticity using these arrays Jimbo et. al. devised a protocol that 

reveals some pathway information for dissociated culture grown on an MEA by observing 

changes in spike rate after the simultaneous induction of LTP and LTD. While spike rate is an 

elegantly simple means of detecting pathways using this protocol, it is that same simplicity that 

limits the amount of information that can be garnered. We have proposed the use of PGC as a 

means of extracting synaptic efficacy from the spatiotemporal activity generated from elicited 

and spontaneous activity. The linear relationship between PGC values and synaptic weight was 

demonstrated in a simple biologically relevant neural model. The model demonstrates a linear 

relationship in the region beginning where the synaptic efficacy is large enough to cause some 

post-synaptic action potentials and ending where the synaptic weight is so large as to cause post-

synaptic action potentials every time the pre-synaptic neuron fires. It is only within this region 

that PGC values change significantly in relation to synaptic weight suggesting that experimental 
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changes in PGC likely scale linearly to synaptic efficacy. Thus, there are circumstances, when 

changes in synaptic efficacy are not reflected in neural spiking activity changes, and will not be 

reflected in changes in PGC. However, based on this modeling it is reasonable to assume that 

changes in PGC values are likely reflective of changes in synaptic efficacy. 

The applicability of PGC to plasticity studies in-vitro was verified against established 

experimental plasticity protocols with an established analysis method, spike rate change. 

Comparison of PGC results to spike rate results shows that PGC is not only sensitive enough to 

be used to detect plasticity but also provides information on the structural connectivity 

underlying recorded neural activity prior to treatment. 

While the two methods did not agree on all pathways, this can be easily explained by the 

fact that PGC is sensitive to changes in inter-spike timing associated with LTP and LTD that 

changes in spike rate may not detect. Conversely, some changes in spike rate may not be 

reflected in a change in causality for similar reasons. Additionally, the creation of surrogate data 

sets by shuffling the spike timings within individual realizations demonstrate that PGC possesses 

a sound statistical foundation that allows discrimination between signal and noise events. 

Directionality was intentionally removed to make the comparison to spike rate, however when 

included it enables several new analysis methods to be used in conjunction with plasticity 

experiments. With baseline connectivity available, it is possible to track changes in connectivity 

after treatment in the context of these beginning values. This analysis yields results similar to 

previously reported empirical observations of STDP in-vitro where whole cell patch-clamp 

methods were used to monitor synaptic efficacy directly (84). Additionally, this plot suggests 

that synaptic efficacies may be being driven towards equilibrium, illustrated by the transition 

from potentiation to depression around values of 0.25 for PGC. Not only does this show that the 
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connectivity changes within the network are unlikely to be random, it also shows that there may 

be some sort of homeostatic mechanism (107) at work within the network. 

Changes in information outflow from a channel can be visualized when the EGC 

difference matrix is collapsed across the source axes, making use of the directional property of 

PGC. Conversely, changes in information inflow can be visualized when the EGC difference 

matrix is collapsed along the response axis. Comparison of these two plots for individual probe 

channels that experience LTP (or LTD) certain groups of neurons experience and increase 

(decrease for LTD) in information outflow while other distinct groups specifically experience a 

complimentary increase (decrease for LTD) of information inflow. This result suggests that the 

observed changes in connectivity are specific and directional rather than uniform across the dish. 

A uniform increase in connectivity could be indicative of fluctuations in environmental 

conditions such as temperature rather than a result of STDP. Directionality also allows collapsing 

the probe axis to create source-response plots for each channel probed, rather than just being able 

to observe distant changes in spike rate in relation to the probe channel. These plots show that, 

while one STDP mechanism may dominate for a probed channel, often LTP and LTD both occur 

among the various pathways activated. Also, these plots reaffirm the concept that changes in 

plasticity are pathway specific rather than neuron specific. This can be seen when a pathway 

demonstrates potentiation in one source-response plot but shows depression when the location 

probed changes. This suggests that, even though the same neurons are involved, the pathway is 

different. Collapsing across these source-response plots by probe also has a logical connection to 

PGC source-response plots generated from spontaneous activity. This connection may prove 

useful in the design of future experiments in that it may not be necessary to perform a probe 

sequence in order to observe changes in neural network structure. It is clear that PGC can 
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describe changes in network connectivity and not only compliments the use of spike rate but also 

exceeds it in terms of the amount of information provided about the pathways underlying neural 

activity. However, there are limitations of PGC that must be considered.  

A causal relationship between two channels may be due to a common unobserved driving 

influence. Additionally, it is possible that PGC values for a pathway will contain mediated 

influences in addition to direct causal influences. These mediated influences would distort the 

relationship between PGC values and synaptic weight. However, even with mediated influences 

included, the changes observed are indicative of changes in the underlying structure of the 

network for that pathway, not necessarily directly between two individual neurons.  The 

complexity of the synaptic connectivity within any given pathway prohibits a complete 

description of all the synaptic weights within that pathway, given the finite fixed electrode 

placement of MEAs.  However, PGC makes the most of the data available by enabling a deeper 

analysis of these pathways, than previously implemented methods.  Results from simulated 

pathways suggest that PGC can relate changes in “synaptic weights” within a pathway to 

changes in the spiking output of postsynaptic targets.  This suggests that changes in PGC 

observed in pathways in-vitro represent changes in synaptic weights somewhere within these 

pathways.  This conclusion is further reinforced by in-vitro PGC results that suggest that 

amplitude dependent plasticity occurs within pathways.  This phenomenon has been well 

described at the cellular level but never at the network level.  These results suggest that PGC can 

describe changes within in-vitro pathways that are known to occur at synapses between 

individual neurons.    Additionally, directional analysis of the EGC difference matrix suggests 

that some areas experience specific changes in output while others experience corresponding 

specific changes in input.  This further suggests that pathway specific changes are real and 
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directional rather than random and undirected byproducts of natural variation.  While much work 

needs to be done to fully capture individual changes between neurons, these results suggest that 

PGC is a useful tool for uncovering effective relationships in dissociated in-vitro cortical neural 

networks grown on microelectrode arrays. 
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CHAPTER 5 
DIFFERENTIAL TETANAZATION OF SINKS AND SOURCES IN DISSOCIATED 

CORTICAL CULTURE 

Introduction 

Granger Causality was used in the previous chapter to identify changes network within in-

vitro cortical networks grown on microelectrode arrays. Granger Causality was also shown to 

provide a better representation of the effective connectivity between channels before and after 

the application of a tetanus. Moreover, unlike spike rate based methods, Granger Causality could 

measure connectivity without the necessity of tetanization (i.e., it does not require a difference 

between pre and post measurements). In this chapter, information about effective connectivity 

will be used to predict a priori changes in plasticity prior to experimental manipulation. The 

central hypothesis of this chapter is that if information about connectivity can be known before 

hand and it is accurate, then this information can be used to predict the direction in which 

plasticity will change when tetanizing a specific channel on the array.  

Granger Causality provides information about which channels are causality related to other 

channels and the direction of that relationship. In essence, the experimenter knows who is 

connected to whom and how they are connected (i.e., direction). Between single neurons where a 

presynaptic neuron is synaptically connected to a post synaptic neuron, it has been shown that 

stimulating the presynaptic neuron followed ~1 to 100 ms later by a stimulation of the 

postsynaptic neuron will increase the efficacy of that synapse. Conversely, stimulating the post 

synaptic neuron before the presynaptic neuron results in the depression of that synapse (a 

decrease in efficacy) (84, 108). This is known as spike timing dependant plasticity (STDP) (83, 

109) where the timing of activity or stimulation determines the strength of the synapses in a 

network. If information about the structural connectivity between neurons recorded with our 

MEAS were known then it should be possible to select a causally connected pair of neurons and 
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stimulate that pair to either potentiate or depress the synapses between them dependant on the 

timing of the stimulation (pre vs post or post vs pre).  

However, each channel on the MEA records from several neurons simultaneously. In 

addition, a single stimulation pulse (e.g., a single biphasic 600 mV 200 us pulse) may activate 

neural activity in a wide area surrounding the stimulation electrode, but this is of course 

dependant on the voltage that is applied.  Instead of attempting to identify a particular pair of 

neurons perhaps identifying channels whose primary relationship to others was to drive activity 

in those channels could be a solution (i.e., an analog of a pre-post synaptic relationship).   

Stimulating that driving channel would essentially be similar to a presynaptic-stimulation 

/postsynaptic-activation. In other words, spike timing dependant potentiation of that synapse and 

perhaps result in an increase in causal strength between that channel and others. Conversely, 

stimulating a channel, whose primary relationship with others is as a target (i.e., a sink where 

other channels converge to drive activity on this channel), should result in the depression of that 

pathway. In other words, a postsynaptic neuron stimulated before its presynaptic counterparts.  

Of course, identification of causal sinks and sources within the cortical culture would be 

critical for the execution of this stimulation paradigm.  For this study, a sink is defined as a node 

(channel) within the culture where the balance of causal information flow is inward to the node.  

In contrast, a source is defined as a node where the balance of causal information flow is outward 

from the node. When PGC is calculated between two channels A and B, PGC analysis yields 

results from A to B as well as from B to A. Sinks and sources could then be identified when PGC 

analysis is carried out amongst all channel parings. Summing PGC values for all pathways 

leading out of a channel, ΣFout, represents total information flow coming out of that channel. 

Summing PGC values for all pathways coming into the same channel, ΣFin, represents total 
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information flow coming in to that channel.  Positive values of the difference, ΣFout - ΣFin, would 

indicate a source within the neural network (i.e. dominated by information outflow) while 

negative values would indicate a sink (i.e. dominated by information inflow). See Seth et al for a 

similar identification technique that has been tested in artificial networks (55).  

In this chapter, an experiment is described that tests whether differential tetanization of 

sink channels versus source channels produces differing outcomes.  Activity from in-vitro 

cortical networks will be measured to identify the location of potential sinks and sources among 

the channels on the array.  A source channel will then be tetanized and changes in plasticity will 

be measured. The prediction is that the causal flow out of this source channel should increase. A 

sink channel will then be tetanized and the prediction is that causal flow into this sink channel 

should decrease. 

Background 

Identification of Neural Sinks and Sources 

Identification of sources and sinks of neural activity in multichannel data has proven useful 

in many theoretical and experimental neuroscience paradigms. For example, identification of 

sinks, sources, and the corresponding current flow within hippocampal slice is useful for 

mapping neural circuits within the hippocampus (110, 111). Causality in the form of the Directed 

Transfer Function has been used in epilepsy to detect the source of seizure generation also 

known as the seizure focus (112) from EEG.  This is done so that the seizure focus can be 

surgically removed, effectively ending seizures in a patient.  Essentially, the seizure focus is 

located by finding a source of causation within the epileptic brain. This method has also been 

used with ECoG signals to determine the ictal source (113, 114).  Ding et al. refined the use of 
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the Directed Transfer Function so as to be used with EEG rather than ECoG because the use of 

ECoG electrodes is invasive requiring placement under the dura.  

Plasticity by Tetanization 

Plasticity has been studied in-vitro using MEAs in several published experimental 

protocols (4, 18, 21, 115). Most often plasticity is induced at an active channel (where activity 

has been recorded) using a tetanic stimulation.  The frequency, amplitude, and duration of these 

tetanic stimulations have varied between investigators.  For example, Jimbo (4) applied a 

tetanization sequence of 100ms (20 trains of 10 bipolar 100μs 0.6V pulses at 20Hz every 5 

seconds) while Shahaf (18) employed a constant train at 1, 0.5, or 0.3Hz (each pulse is biphasic 

50μA 500μs) until the desired plasticity was achieved. Tateno et al (21) applied tetanic pulse 

trains (similar to those used by Jimbo) to two channels simultaneously in the same culture.   

Where the tetanus is delivered in the culture varies between investigators as well.  Often 

the tetanus is simply delivered at a highly active channel that elicits a network burst response 

when stimulated.  Interestingly, it has been shown that channels whose activity is strongly 

correlated with the channel during tetanus are most often potentiated while those that are weakly 

correlated are most often depressed (4). This sort of reasoning is merely an observation however 

and requires the experiment to be conducted first before the direction can be determined. In 

contrast, we are able to determine what the effective connectivity is for a channel prior to 

tetanization based merely on spontaneous neural activity recorded before any stimuli are 

delivered. The correlated changes described by Jimbo et al are however consistent with our 

notion that when these channels are tetanized (they would appear as sources in our analysis) the 

activity produced by that channel should be enhanced (i.e., increase).  
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Experimental Design 

The experiment used 10 mature (all subjects were more than 35 days old) cortical neural 

networks grown on MEAs.  Each subject was exposed to 2 tetanic pulse trains (20 0.2Hz trains 

 

Figure 5-1 Topographical map of sinks and sources spatially laid out and superimposed on a 
picture of the microelectrode array.  Sinks are blue while sources are red (green 
indicates neutral) all calculated from spontaneous bursting activity using Pairwise 
Granger Causality. Row 4, Column 4 represents a strong sink and Row 7, Column 5 
represents a strong source. Each of these would be candidates for tetanization to 
differentially induce depression or potentiation, respectively..   

of 10 bipolar 100μs 0.5V pulses at 20Hz) 1 per day delivered to either a sink or source.  Sinks 

and sources will be identified immediately prior to tetanization from baseline recordings of 

spontaneous activity for 10 minutes.  We will then identify burst events in these spike trains 

using an algorithm that uses a thresholded global spike rate to detect the onset of each burst.  The 

end of the burst is detected using the quiescent time after the burst where no spiking occurs 

(116). A 200ms window of spiking activity is then extracted following the onset of each burst.  



 

97 

These spike trains windows were then low pass filtered at 50 Hz so that Pairwise Granger 

Causality can be used to determine causal relationships between all combinations of channels.  

Since each burst is treated as a realization of the same process over 100 realizations can typically 

be used to calculate PGC from the 10-minute recordings.   

The total inflow of causation into an electrode is calculated by summing the PGC values that 

include the specified electrode as the destination of causation.  Similarly the total outflow of 

causality is calculated by summing the PGC values that include the specified electrodes as the 

source of causation.  The difference between total outflow and total inflow will be used to 

determine whether a particular electrode is a sink (negative values of this difference) or a source 

(positive values of this difference).  This value will be calculated for every electrode in the MEA 

and displayed spatially to allow selection of the electrode for tetanization.  An example of a map 

of sinks and sources within a cortical culture is shown in Figure 5-1. This plot shows the 

difference of total inflow and total outflow represented by color (red = source, green = neutral, 

and blue = sink) for each electrode overlaid over an image of a microelectrode array. This type of 

arrangement allows for easy spatial identification of where sinks and sources are in the cortical 

culture.  The electrode selected for tetanization will be limited to electrodes that are not on the 

edge of the culture to better allow observation of effects from tetanization.  Each dish will be 

tetanized once per day on either a sink or a source depending on the requirements of the 

experimental design lattice. The first day of this protocol will consist of 5 randomly selected 

cultures tetanized on sinks and 5 cultures tetanized on sources.  The second day will reverse the 

tetanization of sinks and sources for each culture.  Thus, over the course of this two day 

experiment each dish will be tetanized on a sink and a source.  
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Spontaneous vs. Elicited Activity as a Measure of Plasticity 

Spontaneous and elicited bursting are both based on the structure of the same underlying 

network and logically reflect similar patterns of connectivity.  However, spontaneous bursting 

activity is initiated with firing probabilities and patterns that are generated dynamically within 

the neural network.  Elicited bursting patterns, while dependent on the same underlying structure, 

is evoked artificially and can generate patterns that spontaneous activity may not (also a possible 

reason the test probe sequences can induce plasticity).  Changes in spontaneous bursting activity 

revealed using correlation matrix based methods have been used to identify plasticity related 

changes post tetanus (20). In this experiment, the difference between pre-tetanization 

connectivity estimated by PGC from spontaneous baseline activity prior to tetanization will be 

subtracted from PGC estimates post-tetanization to determine the changes in connectivity that 

result from tetanization protocol.   

This experiment will use two primary means of detecting plasticity after tetanus.  Both of 

these methods were developed in chapter 4.  First, PGC will be used on spontaneous activity (pre 

and post tetanization) to create a source response difference-plot to determine whether pathway 

specific potentiation and depression occurs as a result of the tetanization. Essentially this will 

mean looking for potentiated and depressed source and response pathways. Blue (depressed 

pathway) or red (potentiated pathway) horizontal and vertical lines in source response plots 

would be an indicator that plasticity may have occurred.  Additionally, an amplitude dependent 

plasticity effect (ADP) (84) was also found from the data analysis in chapter 4.  Bi and Poo 

found that the post synaptic potentials (PSPs) (the magnitude of the voltage will be referred to as 

“weight”) in the post-synaptic neuron in a simple neuron pair exposed to negative spike timing 

(post-synaptic neuron fires before pre-synaptic neuron) would elicit depression.  These depressed 

pathways would decrease by a constant percentage independent of starting “weight”.  However, 
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when exposed to a positive spike timing (pre before post) potentiation would occur that was 

dependent on the starting “weight”.  Specifically, smaller PSP were increased by a larger 

percentage than larger ones.  In chapter 4, this relationship was found in pathways analyzed 

using PGC from elicited spiking activity, rather than measing PSPs directly. This analysis is 

made possible by PGC providing a measure of effective connectivity in the pre and post 

 

Figure 5-2 Source response plot for culture 9059 tetanized on a sink.  This plot shows the change 
in PGC post-tetanization.  The y-axis is the source electrode while the x-axis is the 
response electrode.  Changes range from depression shown in blue to potentiation 
shown in red.  Green indicated no change.  Notice that channel 40 experienced a 
increase in causal output (red horizontal stripe at source electrode 40) and 
simultaneously experienced a decrease in causal input (blue vertical stripe at response 
electrode 40). 

tetanization results.  Thus, it is possible to use the pre-tetanization PGC analysis as starting 

“weights” for the observed pathways and use the resulting post-tetanization PGC analysis to 
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calculate a change in these “weights”.  This ADP analysis will also be used to determine whether 

plasticity occurs during this experiment.  ADP results will also be statistically analyzed to 

determine the direction of any change in plasticity is consistent with out predictions. 

Results and Discussion 

Results 

The experiment was run over the course of two days as described earlier.  During the 

experiment it was easy to notice that cultures grown on certain MEAs showed a larger amount of 

causality between electrodes than those that were likely experiencing failures in the insulation of 

the electrode tracing. Cracks in the insulation cause leakage of current from the electrode tracing 

(117).  These cracks can decrease the signal to noise ratio of the electrodes making it 

increasingly difficult to distinguish actual spiking events from noise events.  Based on this 

observation, 2 of the cultures were removed from the statistical analysis (dish 9299 and 9058). 

The are included in the tables, however. Several of the MEAs, where insulation damage was 

likely, were not removed because the effect was not as severe. PGC was calculated for before 

and after the tetanization for all subjects in the experiment.  The measures mentioned earlier we 

used to first determine whether plasticity occurred during the course of this experiment.   

First, a source-response difference plot was constructed for each trial to qualitatively 

determine what type of plasticity effects were seen post-tetanization.  An example of these plots 

are seen in Figure 5-2 for a culture tetanized on a sink and Figure 5-3 for a culture tetanized on a 

source, demonstrating that both potentiation (indicated by red) and depression (indicated by 

blue) occurred when tetanizing on sinks and sources. Notice that there are horizontal lines 

representing changes in the output of a channel and vertical lines representing changes in the 

input to a channel. These results are consistent with plasticity shown by Jimbo, showing 
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Figure 5-3 Source-response plot for culture 9449, which was tetanized on a source.  This plot 
shows the change in PGC post-tetanization.  The y-axis is the source electrode while 
the x-axis is the response electrode.  Changes range from depression shown in blue to 
potentiation shown in red.  Green indicated no change.  Some channels were 
depressed while others were potentiated. 

simultaneous potentiation and depression for pathways in the culture. Second, the PGC analysis 

was examined to look for any ADP trends.  Plasticity effects similar to those reported in Chapter 

4 were found.  This analysis will be elaborated on in the ADP analysis section.  However, both 

of these key indicators suggest that plasticity consistent with the experiment in Chapter 4 

occurred.  The remaining analysis will determine if these effects were consistent with the 

predictions made earlier. 
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Table 5-1  Global culture causality changes post-tetnanization. The change in causality was 
assessed for sinks and sources by summing total causality for all of the pathways in 
the culture pre and post tetanus and taking the difference between these values.  No 
consistent differential is seen between sinks and sources.  Greyed out values were not 
used in statistical analysis. 
Culture Change in total causality after 

Tetanization at a Sink 
Change in total causality after 

Tetanization at a source 
9447 42.22 118.86 
9449 -229.07 -97.04 
9448 -89.39 -90.88 
9450 -22.82 -155.91 
9299 12.16 14.77 
9291 51.9 -17.26 
9272 16.2 62.67 
9059 9.34 11.25 
9058 21.95 3.06 
9053 -13.85 -39.65 
Mean -29.43 -25.99 

 
 Qualitative inspection of the stimulus response plots for each subject shows no 

observable difference between tetanization of a sink versus a source. A variant of this metric 

used was quantitatively comparing the difference in a sum of all causality for all pathways pre 

and post-tetanization.  This was done for the entire array as a global measure and also for the 

tetanized channels alone.  A statistical analysis of the resulting difference in causality finds that 

there is no difference between tetanization on a sink versus a source (F(7,7)=0.001, the raw 

results are shown in Table 5-1).  Cultures experience both global increases and global decreases 

for tetanization both on sinks and sources.  This result is not unexpected since changes described 

by Jimbo involve correlations with the tetanized channel. When looking at the tetanized channels 

alone there is a noticeable change in the magnitude of the causality for the pathways leading out 

of sources and into sinks. Statistical analysis shows that while the direction of change 

(potentiation versus depression) is not consistent across all subjects sinks or sources, the 

magnitude of the changes are statistically significant (F(7,7)=6.40 for sinks and F(7,7) = 3.23  
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Table 5-2 Tetanized channel total causality changes post-tetanization. The change in causality 
was assessed for sinks and sources by summing total causality for only the tetanized 
pathway pre and post tetanus and taking the difference between these values.  No 
consistent differential is seen between sinks and sources.  Grayed out values were not 
included in statistical analysis. 

Culture Tetanized Sink 
Change in Outward 

Pathways 

Tetanized Sink 
Change in Inward 

Pathways 

Tetanized Source 
Change in 
Outward 
Pathways 

Tetanized Source 
Change in 

Inward Pathways 

9447 1.84 10.44 -0.78 -1.24 
9449 -1.78 -10.12 -15.44 0.42 
9448 -0.44 -8.18 -3.87 -0.09 
9450 -0.04 -11.01 -1.38 -0.92 
9299 0.12 -1.68 0.10 0.60 
9291 -0.07 -1.56 1.04 -0.59 
9272 -0.29 -.012 0.58 -0.01 
9059 -0.78 0.80 1.72 0.22 
9058 1.88 0.12 1.63 -0.06 
9053 -3.16 -4.12 -3.91 0.38 
Mean -0.59 -2.97 -2.75 -0.22 

 

 

Figure 5-4 Culture wide Amplitude Dependent plasticity.  Each pathway’s initial causality is 
plotted on the x-axis while it’s corresponding change after tetanization is the y-axis.  
This is a compilation of the effects seen for all 10 cultures.  The effect for sinks is 
seen in panel A while the effect for sources is seen in panel B.  There is no observable 
or statistical difference between these two plots and no differential effect between 
sinks and sources. 
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sources) for pathways leading out of sources and into sinks when compared to the magnitude of 

changes for pathways in the opposite direction.  

 ADP is the final method used to determine if plasticity related effects followed the 

primary hypothesis.  This was not only used to compare sinks versus sources, but to also get an 

idea of whether a pathways magnitude could be used to predict changes post tetanization.  Again, 

the results are compared globally across the entire dish and on the tetanized channels alone.  

Global ADP is plotted for all pathways in Figure 5-4 panel A) for all sinks and panel B) for all 

 

Figure 5-5 Tetanized channel amplitude dependent plasticity.  The initial causality of pathways 
involving the tetanized channel’s is plotted on the x-axis while it’s corresponding 
change after tetanization is the y-axis. Panel A are the pathways coming out of the 
tetanized sinks. Panel B are the pathways coming into tetanized sinks. Panel C are the 
pathways coming out of the tetanized sources. Panel D are the pathways coming into 
tetanized sources. There is no observable or statistical difference between these two 
plots showing no differential effect between sinks and sources. 
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sources. Visual inspection of these graphs shows them to be very similar.  A linear model for 

ADP (initial causality versus change in causality) was calculated for each of these graphs to 

allow for a quantitative comparison.  Both models are standard linear models of the form 

y=mx+b.  The slope, m for the sink plot is -0.20 while the slope for the source plot is -0.14.  

These slopes suggest that larger weights in both cases typically are depressed.  This is true for all 

models in this study. It is worth noting that the intercepts of all models in this study are small and 

positive, suggesting a small region where small weights are typically potentiated. It is of 

immediate interest that the norm of the residuals is high for both models at 13.0 and 13.8 

respectively. The variability in higher magnitude starting causalities is likely the source of the 

poor fit.  Essentially, these models cannot be considered different, thus there was no global 

differential effect.  This finding is in line with previous global observations.  The same metric 

and methods are then applied to only the tetanized channels segregated by sink and source as 

well as by pathways coming into and pathways coming out of that channel, shown in Figure 5-5.  

The parameters for the models fit to the plots are shown in Table 5-2.  These plots and models fit 

to them may explain why large significant deviations were found on channels coming out of 

sinks and into sources from earlier sink source analysis.  On first inspection the slope of 

tetanized sink pathways average -0.23 while tetanized source pathways average -0.11, suggesting 

that sink pathways may be depressed more.  However, the norm or the residuals for pathways 

coming into sinks and pathways out of sources remain large at 3.22 and 3.94 respectively, 

suggesting high variability especially in the higher starting causality region. The norms of the 

residuals pathways coming out of sinks and into sources is much better at 1.06 and 0.70 

respectively.  However, it’s easy to notice that the goodness of fit for these pathways is likely 

improved because of the virtual lack of strong initial causalities for these pathways.  This 
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suggests that the statistical effect shown in the earlier sink source analysis may be a result of the 

way sinks and sources were chosen rather than any differential effects due to tetanization. 

Overall, this suggests that no significant differential effects were detected.  

Conclusions  

This experiment did produce plasticity similar to the results reported earlier in Chapter 4. This 

can be seen in the comparison of the ADP trends from this experiment and the replicate of the 

Jimbo experiment.  These results suggest that the tetanic stimulations in this experiment 

produced similar ADP related changes seen in Chapter 4.  The cultures also showed 

simultaneous potentiation and depression another hallmark of the Jimbo protocol.  This result 

suggests that changes that occurred post tetanization are not simply dependent on global shifts in 

spike rate.   These effects were seen in Figure 5-2 and 5-3 for both sinks and sources.  This 

suggests that it does not matter whether spontaneous or elicited activity is used to reveal the 

effects of tetanization using PGC.    

The predicted direction of that changes based on stimulating a sink versus a source were 

not supported. The prediction made in this experiment was that a differential effect would be 

seen when sink and sources, identified using connectivity derived from spontaneous activity, 

were tetanized.  It is possible that the effective connectivity revealed from spontaneous activity is 

not a good predictor of what pathways will correlate with a pathway when it is tetanized.  

However, this only explains why an ADP effect may not be seen.  This does not account for the 

predictions made based on STDP rules.  The likely reason why these predictions did not work is 

because STDP rules are based on changes between a single pre synaptic neuron and a single 

postsynaptic neuron.  Predictions in such a simple network would be easy to predict.  The 

cortical culture used in these experiments is created from 50,000 dissociated embryonic neurons 

that randomly connect to form a neural network.  The actual connectivity in these cultures is 
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much more complex than the controlled conditions in the experiments by Bi and Poo (118).  The 

MEA can simultaneously observe the activity of nearly 100 neurons.  These neurons may have 

thousands of synapses with other neurons in the culture (97) and many of these connections may 

be bidirectional.  Additionally, it is difficult in this complex network to control what pathways 

experience positive and negative spike timings. Reverberating connections and feedback loops 

may present many spike timings to the same synapse.  Additionally, the effects of the spike 

timings from spontaneous bursting during and after the tetanus may have an effect.  Perhaps the 

STDP based predictions, which were based on results from two isolated mono-directionally 

coupled neurons, are too simplistic given the complexity of the connectivity in these dissociated 

cultures.  

This experiment was devised to be a proof of concept for being able to measure the 

effective connectivity in the dish and then be able to manipulate that connectivity based on this 

knowledge.  While the predictions for this experiment may have been too simplistic for this 

system, future studies could benefit from the use of PGC to reveal connectivity before 

experimental manipulation.  Future studies may also benefit from a reduction of the complexity 

of the cortical culture by reducing the density of the culture.  Another possible strategy may be to 

use a paired pulse paradigm to better control the spike timings in the targeted pathways.   
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CHAPTER 6 
ANALYSIS OF TEMPORAL LOBE SEIZURES USING GRANGER CAUSALITY  

Introduction 

Prior research in this body of work have focused on using Granger Causality metrics to 

reveal effective connectivity relationships in neural simulations and in in-vitro dissociated 

cortical culture.  These experiments provided new insights into the connectivity underlying these 

networks and new metrics of plasticity.  However, one ultimate goal for this research is to 

provide an analytical technique to better understand on how the intact brain functions. Data from 

the Evolution into Epilepsy Project at the University of Florida presents a unique opportunity to 

explore the in-vivo dynamics and effective connectivity relationships of seizures from an animal 

model of temporal lobe epilepsy (TLE).  High quality 32 channel data from microwires was 

continuously recorded in vivo from rats at a high sampling rate (25 KHz per channel). The data 

from these animals include multiple seizure events from several animals.  The 32 electrodes were 

bilaterally located in the hippocampus and afforded the opportunity to look at 992 

n!
n − k( )!

; n=32 channels, k=2 for bivariate model
⎛

⎝⎜
⎞

⎠⎟
 different directional hippocampal 

interactions on multiple time scales using Granger Causality.  

In this chapter, the first goal is to first determine if Granger analysis can provide 

anatomically relevant descriptions of effective connectivity in that anatomical structure. In 

contrast to the dissociated cortical cultures used in the previous two experiments, the anatomy 

and the physiology of the hippocampus is well established (119).  However, descriptions of the 

effective connectivity of the hippocampus from implanted microwire arrays are rare in general 

and nonexistent for seizure behavior.  The second goal is to provide a better description of the 

dynamics and causal relationships with and between hemispheres underlying seizure activity and 
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how they differ from those observed during baseline activity.  This chapter will also provide a 

brief description of TLE, animal models of TLE, and the Evolution into Epilepsy Project. 

Temporal Lobe Epilepsy 

Epilepsy is a disorder that effects roughly 2% of the population.  The most common type 

of epilepsy among adult patients is Temporal Lobe Epilepsy (TLE) (120).  The symptoms of 

TLE are well defined and classified by the International League Against Epilepsy (ILAE). 

Simple Partial Seizures involve small areas of the temporal lobe and typically do not affect 

consciousness.  They are often characterized by auras or periods where sensations such as sounds 

or smells are felt that are not actually present.   Complex partial seizures can affect 

consciousness and the ability to interact with others.  Often, the symptoms include staring, 

automatic movements of the hands and mouth, and other abnormal behaviors.  Seizures 

associated with TLE can also spread to the rest of the brain causing Secondarily Generalized 

Tonic-Clonic seizures. The tonic phase of this type of seizure is characterized by stiffening of the 

limbs and body in either a flexed or extended position.  The following clonic phase is 

characterized by uncontrolled jerking of the limbs and body.  Electrophysiologically, TLE is 

characterized by seizure activity that can be recorded from the hippocampus. Physiologically, 

TLE is also characterized by hippocampal sclerosis consisting of pyramidal cell loss, granule cell 

dispersion, and gliosis within the hippocampus. Also, patients with TLE can often be cured of 

seizure activity (80-90% success) by the removal of the hippocampus, suggesting that the 

hippocampus implicating it as a potential source of TLE seizures. 

There are several animal models used to study TLE.  These include models where TLE is 

induced pharmacologically and also those that use electrical stimulation.  Of those that use 

stimulation some require stimulation to elicit a seizure while others involve spontaneous seizure 

generation. For example, kindling is produced by repeated subthreshold focal electrical 
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stimulation of the brain.  After these stimulations have been delivered for sufficient time the 

targeted area reaches a “kindled state” where a single stimulation will produce a secondary 

generalized seizure.  However, these seizures remain stimulus locked requiring a stimulus pulse 

to generate seizure events.  In contrast, Lothman (121) has developed an animal model with 

spontaneous seizures in which the rat is stimulated once with a high frequency superthreshold 

stimulation designed to immediately induce status epilepticus.  The resulting limbic seizures 

damage the hippocampus and result in recurrent spontaneous seizures that develop and increase 

in severity over time.  This model is used by researchers at the University of Florida in the 

Evolution into Epilepsy (EIE) Project (40) to study the electrophysiological and physiological 

changes that occur between the time of stimulation and the expression of spontaneous seizures.  

Animal Model of Chronic Limb Epilepsy 

The TLE animal model used in the Evolution into Epilepsy Project has been in use for the 

last two decades (121). In the weeks that follow this stimulation, the rat progressively 

demonstrates recurrent spontaneous hippocampal seizures.  The temporal and electrographic 

progression of rats treated with this model closely resembles that of human patients that have 

chronic mesial temporal seizures.  The surgical and electrophysiological techniques used by the 

Evolution Into Epilepsy (EIE) project team at the University of Florida are described below. 

The rats were prepared according to procedures approved by the University of Florida 

IACUC.  The rats are adult male Sprague-Daly rats that are 50 days old.  The surgical procedure 

consists of a craniotomy from 1.7 mm lateral to 3.5mm lateral of the bregma so that electrodes 

could be implanted into areas due to their prominent role in epileptic discharges (122).  A 2x8 

rectangular array of electrodes was implanted bilaterally in both hemispheres so that they cover 

the CA1/CA2 area to the DG.  The electrode placement is shown in Figure 6-1 with the surgery 

shown in the left panel of Figure 6-2.  The spacing between electrodes is 400 μm on the short 
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Figure 6-1 Diagram of microelectrode placement in the rats brain.  The upper left is a 
representation of the skull of a rat showing the bregma and lamda locations.  The 
cartoon in the main caption shows the orientation of the electrode strips and the 
corresponding location of individual electrodes. (Used with permission from Dr. Paul 
Carney). 
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Figure 6-2 Placement of the electrodes during surgery.  This image shows a single 16 electrode 
array being lowered into position into the rat’s hippocampus. The electrodes vary in 
depth so that they are lowered to a depth where targeted structures lie in the 
hippocampus. The location of the electrode tips was later confirmed using MRI after 
the rat has been sacrificed.(Used with permission of Dr. Paul Carney). 

axis and 200 μm on the long axis at a depth of 4 mm from the surface of the brain.  The length 

for each electrode is designed such that the tip of each electrode is within the brain region of 

interest. The location of the end of each array closest to the centerline of the brain is 4 mm 

caudal to the bregma and 1.7 mm lateral. A single Teflon coated bipolar twist electrode was 

placed in the posterior ventral hippocampus in the right hemisphere of the animal, posterior to 

the electrode array for stimulation into status epilepticus.  After the experiment was completed 

the rats were sacrificed and high-resolution magnetic resonance imaging (33) was used to verify 

the position of the electrodes, as shown in the lower right panel of Figure 6-2. 
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Figure 6-3 Example of the rat environment and recording chamber.  These cages are designed so 
that the electrode cables can be constantly attached to the rat’s head while also 
allowing the rat to freely explore its environment.   

The rats were kept in an 30 cm enclosure designed to permit the electrodes to be connected 

to the data acquisition system while the rats engaged in exploratory activity.  This enclosure is 

shown in Figure 6-3. The rats were allowed to heal for one-week post surgery before stimulation. 

A 10 second train of 50Hz 1 ms bipolar 240μA pulses was delivered every 12 seconds for 60 

minutes to induce status epilepticus in the rats.  32 channels of simultaneous recordings were 

taken from the rats 24 hours a day for 76 days while the rat was engaged in sleep and normal 

exploratory behavior.  Data was acquired using a Tucker-Davis (Alachua, FL) Pentusa at a 

sampling frequency of 24.4141 kHz, band pass filtered from 0.5 Hz to 12kHz, and stored to disk.   
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Figure 6-4 Initial Pairwise Granger Causality analysis of four 60-second seizures for a single 
animal.  These plots are used to display the causal interactions between all electrode 
combinations.  The plots are organized in terms of the source electrode (y-axis) and 
the response electrode (x-axis) for the Granger analysis.  The magnitude of the causal 
interaction between source and response electrodes is represented by the color scale 
in the left of the figure, with blue being zero and red being strong interaction. This 
plot clearly shows two regions, once consisting of the first sixteen electrodes (bottom 
left quadrant) and the other consisting of the last sixteen electrodes (top right 
quadrant).  These areas correspond to the electrode arrays in each hemisphere. The 
average within-hemisphere interactions are strong while the hemisphere to 
hemisphere (top left and bottom right quadrants) interactions appear weak across the 
four seizures. 

Seizure Analysis with Pairwise Granger Causality 

Seizures detection was conducted manually by visual detection of the raw traces and 

verification against video records.  The seizures were catalogued and the start time of the seizure 

was noted.  A 10-minute window surrounding each seizure was then extracted for all 32 channels 

from the raw recording and low pass filtered to 1kHz.  This frequency was chosen because it 

maintains most of the features in the data while allowing for a reasonable model order for 

autoregressive modeling required for parametric PGC. A 60 second window was then chosen 

within the 10-minute period of filtered data that encompassed the seizure.   
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Spectral Pairwise Granger Causality was then calculated for all possible electrode pairings 

(992 directional combinations) for the entire 60-second window for 4 seizures to see if PGC was 

able to describe causal interactions for epileptic seizures. The stationarity of the time series was 

addressed by normalizing the mean and variance. The Bayesian information criterion (BIC) was 

used to determine the correct model order, which was found to be m=25.  The resulting spectral 

analysis was then integrated across the spectral domain to produce a single time domain value 

for each electrode pairing for each window resulting in a 32x32 matrix. Granger analysis was 

then plotted as 32x32 image, shown in Figure 6-4.  These plots are organized so that each pixel 

represents the causal influence of a driving channel (y-axis) and a driven channel (x-axis). The 

magnitude of this causal relationship is represented by color with blue being zero ranging 

through light blue, green, yellow, and red with red being the strongest interactions.  This plot 

clearly distinguishes two distinct regions, a lower left and a top right quadrant, that have strong 

within region causality but weak cross-hemisphere interactions.  

Based on promising results from this initial analysis, a higher resolution analysis was 

conducted where PGC was calculated over a series of 1 second moving windows for each seizure 

independently.  The overlap between these 1 second moving windows could be modified to 

create a real time movie of the interactions. A 50% overlap was used for each seizure resulting in 

129 data windows for PGC.  This data for each window was then plotted as 32x32 image and 

combined into a movie at 2 frames per second.  This allows the dynamics of 32 interacting 

channels for each seizure to be better visualized for qualitative analysis.  

Calculation of average PGC values by the eight electrodes in each area (L-DG, R-DG, L-

CA1, R-CA1) allowed creation of an additional PGC index to condense the spatial and temporal 

interactions quantitatively. Each seizure was visually analyzed to identify and window specific 
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stages.  A single value for the interaction between each indexed area was calculated that 

represents the average for that stage and was independent of the length of the stage.  This 

provides 4x4 matrix for each stage for each seizure.  Analysis of variance was calculated 

between different directional interactions over the pool of 15 seizures from the three animals 

used in this analysis.  Additionally, baseline interictal activity was analyzed using this method 

for comparison.   

Finally, a higher time resolution movie was made for one of the seizures.  This movie is 30 

frames per second and includes behavioral video, a trace of the recorded waveforms, and the 

corresponding PGC analysis.  The same one-second data window was used to calculate PGC 

interaction, however this analysis window was moved by 1/30th of a second for each 

corresponding video frame.  Frames from this movie are displayed in the following figures to 

better describe the seizure stages that will be identified and described in the results. 

Results  

Qualitative visual analysis of the raw waveform, behavioral videos, and PGC movies 

reveal a common progression of events during all 15 seizures into five major stages. Figures 6-4 

through 6-9 highlight examples of interictal activity 60 seconds prior to seizure and also from 

each of these stages.  These plots are frames from the high-resolution movie compiled for one 

animal. Each figure includes a snapshot of surveillance footage of the rat in the bottom left 

corner, four of 32 electrode voltage traces (one from each major region L-DG, R-DG, L-CA1, R-

CA1) on the right,  and a 32 x 32 Granger Causality analysis in the upper left quadrant. The 

electrode traces are normalized against each other and are time locked to the surveillance video. 

A one second window highlighted between the red bars in on each voltage trace represents the 

current analysis window whose results are depicted at the top left.   
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Each Granger analysis plot represents the interactions by electrodes in the source area (y-

axis) versus electrodes in the destination area (x-axis) for each electrode combination.  The 

magnitude of the Granger Causality analysis for each pairing is represented by color with blue 

being near zero ranging to red representing the strongest interactions. For example, in Figure 6-5 

the bright red area in the lower left are interactions from electrodes in the L-CA1 (y-axis) to 

electrodes in the L-CA1 (x-axis).  This example would be interpreted as interactions within the 

L-CA1 area during the pre-ictal period roughly 30 seconds before seizure. 

The seizures begin in stage 1, shown in Figure 6-6, in which a mixture of intrahemisphere 

activity was dominated by causal activity within the CA1 region and from the CA1 region to the 

DG.   This activity gradually builds up over time.  Behaviorally, Stage 1 often includes the 

beginning of the tonic phase of the seizure, where the animal remains motionless and blinks its 

eyes. As this causal activity becomes stronger, it begins to spread across hemispheres at the 

beginning of stage 2. 

Stage 2 is the most striking, marked by high-magnitude mono-directional causal 

reverberations across hemispheres as well as substantially increased intra-hemisphere causal 

interactions.  These transfers often reverberate sequentially from one hemisphere to the other.  

An example of a directional transfer between hemispheres is shown in Figure 6-7 from the left to 

the right hemisphere. After several directional transfers the seizure moves into stage 3, shown in 

Figure 6-8, marked by mainly intra-hemisphere activity. However, unlike the intra-hemisphere 

waveforms of stage 1, the intra-hemisphere Granger causality interaction patterns are both more 

dynamic, of larger magnitude, and less confined to a single area or pathway.  Only week 

occasional cross hemisphere directed transfers occur in stage 3.   
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Figure 6-5 Example of data and Granger analysis during the interictal (pre-ictal) stage.  This plot 
is of one frame approximately 30 seconds prior to seizure. The right panel includes 
sample raw data traces from each of the four main areas recorded from including the 
right and left DG and the left and right CA1.  The segment of data analyzed is 
between the vertical red lines in the sample electrode traces.  The top left panel is a 
source (y-axis) response (x-axis) representation of the PGC analysis with the 
electrodes organized by area.  An interictal spike is included in the analysis for this 
frame.  Most of this activity is within CA1 and is also directed from the CA1 to the 
DG. The bottom left panel is a frame from surveillance footage of the rat’s behavior.  
In this frame the rat is either resting or sleeping. 
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Figure 6-6 Beginning of the seizure in the high resolution movie classified as Stage 1.  Intra-
hemisphere activity is the primary interaction unique to this seizure stage. The right 
panel includes a sample raw data trace from each of the main areas recorded from 
including the right and left DG and the left and right CA1.  The segment of data 
analyzed is between the vertical red lines in the sample electrode traces.  The top left 
is a source (y-axis) response (x-axis) representation of the PGC analysis with the 
electrodes organized by area.  The PGC analysis shows directional activity within the 
left CA1 as well as a directional influence of the left CA1 on the left DG.  The bottom 
left panel is surveillance footage of the rat’s behavior.  In this frame the rat has just 
woken up and may be exhibiting tonic behavior. 
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Figure 6-7 Example of a directional transfer during Stage 2. The right figure includes a sample 
raw data trace from each of the main areas recorded from including the right and left 
DG and the left and right CA1.  The segment of data analyzed is between the vertical 
red lines in the sample electrode traces.  The top left is a source (y-axis) response (x-
axis) representation of the PGC analysis with the electrodes organized by area.  This 
frame shows an example of a directional transfer from the left hemisphere to the right 
hemisphere.  In following frames this transfer is reciprocated from right to left. The 
bottom left panel is surveillance footage of the rat’s behavior.  In this frame the rat is 
exhibiting tonic behavior where the rat is awake and blinking its eyes but not moving. 

 



 

121 

 

 

Figure 6-8 Example from Stage 3 – Late intra-hemisphere. The right figure includes a sample 
raw data trace from each of the main areas recorded from including the right and left 
DG and the left and right CA1.  The segment of data analyzed is between the vertical 
red lines in the sample electrode traces.  The top left is a source (y-axis) versus 
response (x-axis) representation of the PGC analysis with the electrodes organized by 
area.  Most of the causality is isolated within hemisphere with occasional weak cross 
hemisphere interactions. The bottom left panel is surveillance footage of the rat’s 
behavior.  In this frame, the rat is still exhibiting tonic behavior. 
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Figure 6-9 Stage 4 - Transition. The right figure includes a sample raw data trace from each of 
the main areas recorded from including the right and left DG and the left and right 
CA1.  The segment of data analyzed is between the vertical red lines in the sample 
electrode traces.  The top left is a source (y-axis) response (x-axis) representation of 
the PGC analysis with the electrodes organized by area.  The causality here seems to 
be bidirectional for nearly all electrodes.  The bottom left panel is surveillance 
footage of the rat’s behavior.  In this frame, the rat is beginning to transition from 
tonic to clonic behavior. 
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Figure 6-10 Stage 5 – Post transition. The right figure includes a sample raw data trace from each 
of the main areas recorded from including the right and left DG and the left and right 
CA1.  The segment of data analyzed is between the vertical red lines in the sample 
electrode traces.  The top left is a source (y-axis) response (x-axis) representation of 
the PGC analysis with the electrodes organized by area.  The dominant driving 
pattern is from the DG to the CA1 in this stage.  The bottom left panel is surveillance 
footage of the rat’s behavior.  In this frame the rat is showing clonic behavior 
including rearing and rhythmic shaking of the forelimbs. 
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Stage 4 is usually a brief and highly causal epoch where all areas intra and cross 

hemisphere are bi-directionally causal, shown in Figure 6-9. In the PGC movies, this stage 

consists of near saturation of causal effect with nearly the entire 32x32 frame shows strong 

causal interactions. Behaviorally, stage 4 marks the transition from 

the tonic phase where the rat is motionless and appears tense to the clonic phase of the seizure 

where the rats appendages jerk rapidly and rhythmically. Immediately after stage 4, the pattern 

smoothly transitions into stage 5, which is made up of heavy spiking activity with a causality 

pattern similar to that observed during interictal activity.   

Quantitative analysis between anatomical regions in hippocampus was conducted by 

creating an index from multiple electrodes common to that region, as described earlier. The 32 

electrodes split between hemispheres were divided into those in the DG and those within the 

CA1/2 region.  This results in four areas to compare using quantitative analysis. This index was 

calculated for each seizure at each Stage of the seizure (1-5) for all possible interactions 

including a scaled within area index.   This allowed statistical comparison of the seizure stages 

across multiple seizures (n=15).  The interactions between and within the 4 indexed areas for 

each seizure stage (16 interactions total) were compared sequentially with neighboring stages as 

well as to inter-ictal indexes.   

All Stages were significantly different from inter-ictal baseline activity, Fs(14,14) > 6.9 p 

< 0.01. Figure 6-11 highlights the statistical comparisons between stages.  Starting with stage 2 

in panel C each of the 16 area indexes is compared with its analog in the previous stage using 

dots to indicate significance levels. One dot indicates a 80% confidence interval, Fs(14,14) > 

1.58, two dots a 90% confidence interval, Fs(14,14) > 2.02, three dots a 95% confidence interval, 

Fs(14,14) > 2.48, while four dots indicates a 99% confidence interval, Fs(14,14) > 3.70.   
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The statistical analysis revealed gross changes between areas when transitions were made 

from one seizure stage to another as well as differentiated all seizure stages from inter-ictal 

baseline activity patterns.  While the differences between seizure and baseline events are not 

unexpected, some interesting discoveries emerged from the analysis of the seizure progression.  

For instance, the transition between stages, such as from Stage 1 to Stage 2, is statistically 

distinct and discreet, as shown in Figure 6-11 panel C).  These results also suggest that Stage 4 

has only between-hemisphere activity in common with Stage three (no dots in top left and 

bottom right of Panel E) and within-hemisphere activity in common with Stage 5 (no dots in 

bottom left and top right of Panel F).  This suggests that Stage 4 has elements of Stage 3 and 

Stage 5 within it, suggesting Stage 4 is a transition between 4 and 5. When comparing Stage 3 

and Stage 5 there are no significant differences between within-hemisphere interactions (7 out of 

8 Fs(14,14) < 1.58, p=0.20) while between-hemisphere interactions where significantly different 

(7 out of 8 F(14,14) > 2.48 p=0.05) indicating a decrease in between hemisphere interactions.  

However, this analysis does little to capture the effects of short intense events such as the 

directional transfers shown in Stage 2.  These transfers, while intense and obvious to discern in 

the causality movies used for quantification, are poorly reflected because of averaging over the 

analysis window. An example of one of these directional transfers was shown in Figure 6-7. 

Thus, Stage 2 and Stage 3 cross hemisphere indexes are not significantly different when 

compared to each other, see Figure 6-11 Panel D) (all Fs(14,14) < 1.58, p=0.20). However, CA1 

to DG intra-hemispherical relationships between Stage 2 and Stage 3 were significantly different, 

Fs(14,14) > 3.70, p=0.01, an observation that was not made during qualitative analysis.   

This analysis suggests that there is a large decrease in CA1 to DG intra-hemisphere 

interactions from Stage 2 to Stage 3.  Qualitatively, a transition is observed in Stage 4 where the 
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dominant information flow from the CA1/2 to DG areas for both hemispheres reverses so that 

the dominant information flow becomes from the DG to CA1/2.  This effect is highlighted by a 

comparison of Stage 2 (the highest magnitude instance of CA1 to DG interactions) to Stage 5 

(the highest magnitude instance of CA1 to DG interactions) right and left CA1 to DG influences, 

F(14,14) = 21.2 and 13.3, respectively. This suggests that CA1 to DG influences are effectively 

eliminated by the start of Stage 5.  

Discussion 

Currently, synchronization is thought to be the dominant dynamic occurring across the 

limbic system during an epileptic seizure.  Synchronization is defined as adjustment of rhythms 

of oscillating objects due to their interaction (123).  Synchronization across a diffuse excitable 

network is thought to be a possible mechanism that initiates seizure in the limbic system (124). 

In contrast others suggest that a large amount of asynchrony is necessary to maintain seizure 

events once they have begun (125).   The results from the Granger analysis do indeed find 

synchronization within the hippocampus prior to, during, and after the ictal event. However, the 

detailed interactions that occur during these seizures are largely unknown. Hence, the detailed 

interactions illustrated in these results using Granger Causality analysis have never previously 

been described in the study of TLE.  These results provide a new picture of highly dynamic 

directional interactions among specific brain areas during a seizure that follow a common 

progression.  For example, one of the distinct features in Stage 1 of nearly all seizures is an 

increase in local interactions within the CA1 area whose causal strength builds over time 

eventually influencing activity in DG.  This is followed by a series of directional cross-

hemisphere reverberations of Stage 2 in which the seizure appears to transfer back and forth 

from one hemisphere to the other.  Together, these results suggest a hierarchical progression of 
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causation within the CA1 that spreads to the DG and finally crosses over into the neighboring 

hemisphere.   

In contrast, if a coherence analysis were conducted over these data (a tool commonly used 

in this literature), it would suggest that these directional transfers were actually bidirectional 

phenomena because this method is non-directional. Non-directional measures such as coherence 

would also not be able to detect the reversal in directional connectivity between the dentate and 

CA1 during the Stage 4 transition.  According to these measures the entire seizure would seem to 

be dominated by bidirectional synchronization across the entire network.  However, Granger 

Causality analysis tells a very different story.  The dominant directional influences in the 

beginning stage of the seizure are abnormal with the CA1 areas showing directional causation on 

the DG.  This is the opposite of baseline interictal patterns that often show directional influences 

from the dentate to the CA1.  Additionally, this abnormal pattern is time locked behaviorally 

with the tonic portion of the seizure.  Interestingly, the flip of the directional connectivity to 

connectivity resembling baseline connectivity occurs during the transition from the tonic to 

clonic behavior.  The implications of this directional flip are not completely clear, however.   

One of the possibilities explaining the driving influence of CA1 to DG during the early 

seizure may be related to one of the weaknesses of the Granger Causality based methods. In this 

case  the entorhinal cortex may be differentially driving both of these areas creating a false 

directed influence from CA1 to DG, instead of the influence of CA1 to DG being mediated 

through the entorhinal cortex. The entorhinal cortex has been implicated as a possible initiator of 

ictal events where disinhibited neurons in the entorhinal cortex may directly fire pyramidal cells 

in CA1 at least in a pilocarpine model (119).  The entorhinal cortex is also anatomically 

connected to the DG. Hence, both of these situations are supported by the literature and may 
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even be happening simultaneously.  It is unlikely based on the anatomical organization of the 

hippocampus that the effects of CA1 are mediated through CA2 and CA3 to the DG.  Further 

experimental analysis using conditional granger causality with electrode coverage within the 

entorhinal cortex will be necessary to determine which of these possibilities is correct.  

Nevertheless, these results provide strong support for the use of the Granger Causality 

metric as an important tool for seizure detection.  The stage 4 transition from abnormal driving 

(CA1 to DG) to a normal driving pattern (DG to CA1) suggests that at some point prior to 

seizure the driving pattern became abnormal. The abnormal driving influence has been seen in 

the pre-ictal analysis at least a minute before seizure. An natural question to ask would be “When 

does this driving influence become abnormal?” Once identified, the transition from normal to 

abnormal driving influences could potentially be used as an indicator of an impending seizure.  

However, the role of the entorhinal cortex in this connectivity should be determined before this 

relationship is used for seizure detection.  For example, if the entorhinal cortex turns out to be 

the source of the abnormal driving influence it may better aid detection if electrodes were placed 

in this area.  Additionally, detection of this abnormal driving influence may increase the 

sensitivity of current seizure detection methods.  This could be useful for detecting epochs 

during epileptigenesis that are not easily detected using behavioral or current electrographic 

seizure detection methods. 

In conclusion, using Granger Causality to reveal effective connectivity has led to a new 

understanding of the interactions within the hippocampus during seizure.  This understanding 

provides the opportunity to make new predictions about seizure detection and suggests new 

experiments that should expand our understanding of TLE.  However, we have only used the 
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most basic of GC based tools in this analysis.  Future work could make use of conditional and 

spectral GC analysis to paint a clearer picture of effective connectivity during seizure.  
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Figure 6-11 Quantitative analysis of the 5 seizure stages. Analysis was over 15 seizures from 3 

subjects.  A Granger Causality index was created for each of four areas: Left and 
Right DG, and Right and Left CA1.  The effects for the electrodes in each of the four 
areas were summed and normalized to create these indices.  The y-axis is the driving 
area and the x-axis is the receiving area, the magnitude of the interaction is described 
by the color ranging from blue (low interaction) to red (high interaction). Panel A) 
shows the pre-seizure interactions while the remaining five are during seizure.  The 
black dots in panels C)-F) are used to indicate statistical difference for each 
interaction index from its corresponding index in the previous stage. The number of 
dots represent the significance level of that interaction (p < 0.2, p < 0.10, p < 0.05, p 
< 0.01, for 1-4 dots respectively).(Figure continued on next page) 
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Figure 6-11.  Continued 
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CHAPTER 7 
SUMMARY OF RESULTS AND CONCLUSSIONS 

Summary of Results 

This research explored the use of Granger Causality and associated methods to reveal 

effective connectivity in a wide variety of neural systems.  These include a neural network 

simulation in chapter 3, in-vitro dissociated cortical cultures in chapters 4 and 5, and finally in-

vivo microelectrodes in the hippocampus of epileptic rats in Chapter 6.  In each case, the goal 

was to reveal information about the actual connectivity underlying the system by using Granger 

Causality to calculate a measure of effective connectivity from the output of that system.  The 

difficulty in recovering the actual connectivity increases as the complexity of the system 

increases.  For example, increasing the number of modeling neurons in the simulated neural 

networks demonstrated this relationship.  However, even in the extremely complex in-vitro and 

in-vivo systems Granger Causality was able to provide novel and useful insights into the 

workings of these neural systems. 

The neural networks in Chapter 3 used a simple neural network model modified such that 

the input synaptic weights were known prior to simulation.  The outputs from these simulations 

were used to recover the synaptic weights used to drive the network.  In a simple network of two 

neurons the relationship between pre and post synaptic is a sigmoid with a linear section between 

15mV and 45mV where Granger Causality increases from near zero to a little greater than 1.  

Granger Causality does not have an upper bound like that of coherence, thus the high end of the 

sigmoid being around 1 is merely coincidence.  Increasing the complexity of this network to 100 

neurons was shown to distort this simple relationship and requiring another tool, conditional 

granger causality, to recover the initial synaptic weights driving the network.  CGC was needed 

to remove not only false direct influences but also to untangle mediated influences from direct 
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influences.  Usually, untangling a mediated influence from a direct influence requires the use of 

conditional granger causality.  However, it was found that under the special circumstance where 

a false direct influence was conditioned out (i.e. shown to be equal to zero and entirely mediated 

through the confounded pathway), the magnitude of the false connection could be simply 

subtracted from the confounded pathway.  This shortcut relationship is from previous work by 

Geweke (126).  The ability of both CGC and Geweke’s shortcut to recover the direct influence 

from a confounded pathway were both evaluated and found to be effectively equivalent.  

However, as the complexity and length of the causal chain grew the ability of these methods 

decreased.   

When the size of the network was increased to 100 neurons these methods consistently 

underestimated the original synaptic weights.  This was likely due to the unknown effects of the 

network complexity on these pathways.  These suggest that more work is needed to accurately 

recover synaptic weights from these networks.  However, while the sigmoid curve equation 

shown in Chapter 3 does not always hold numerically, synaptic weight does scale linearly within 

the region where a presynaptic neuron begins to affect the firing rate of a postsynaptic neuron up 

the the point where it always causes the post synaptic neuron to fire.  This relationship suggests 

that changes in effective connectivity calculated using Granger Causality observed in complex 

networks are likely linear changes that could relate to synaptic efficacy if the sigmoid 

relationship were know.  This suggests that Granger Causality methods could be useful in 

revealing relationships in living neural networks. 

In-vitro dissociated cortical neural networks grown on microelectrode arrays were used for 

the experiments in Chapters 4 and 5.  Jimbo (4) used spike rate to describe simultaneous pathway 

specific potentiation and depression in these cultures.  This was done with accomplished by 
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probing on each of the 60 channels 10 times and measuring the spike rates at all electrodes in the 

ensuing burst.  The probe sequence and corresponding spike rates were used to establish a 

baseline spike rate response for every electrode and then used post treatment to assess possible 

changes.  The treatment was a high frequency high amplitude pulse train or tetanus delivered to a 

single electrode that consistently responded to probing. This tetanus was designed to induce 

plasticity related changes in the culture and shown by Jimbo et al to potentiate or depress neural 

pathways.  These results of Chapter 4 were consistent with Jimbo’s finding identifying potential 

pathways within the dish using a comparison of changes in spike rate. PGC was then applied to 

the baseline and post-treatment probe data.  The results were shown to agree with spike rate 

results, but PGC showed several marked improvements over Jimbo’s analysis. 

Admittedly spike rate is a computationally simpler method when compared to PGC.  

However, PGC showed many advantages over using spike rate for describing plasticity.  First, it 

showed a higher contrast between baseline and post-treatment results.  One of the difficulties in 

the use of spike rate as a measure is establishing the statistical significance of changes.  The 

higher contrast PGC provides makes this task easier.   Second, PGC has a significance threshold 

that can be obtained using a surrogate where the spike timings within the data are shuffled. This 

effectively destroys the spike timing relationships used to calculate PGC while maintaining the 

spike rate characteristics of this data.  This analysis of this surrogate data demonstrated that the 

observed changes in the original data set were not simply due to changes in rate for if they were, 

the results would have been equivalent.  Third, PGC gives a statistically relevant baseline 

measurement of effective connectivity establishing a baseline connectivity map.  Spike rates 

from the baseline alone do not have any meaning without being used in conjunction with the 
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post-treatment spike rates.  Thus, baseline spike rates provide no information about baseline 

effective connectivity.  

Finally, PGC is a directional measure while spike rate is a non-directional non-causal 

measure. Results calculating using spike rate result in a 60x60 matrix with axes of probe channel 

and response channel.   The use of PGC on the same data results in a 60x60x60 matrix with axes 

of probe channel, response channel, and source channel. Thus, in addition to giving similar 

results as spike rate, PGC provides 60 times more information. This extra information was 

exploited to learn more about the cultures.  Comparison of probe/source plots to probe/response 

plots for potentiated pathways showed that some channel experienced an increase in output while 

others experienced and increase in input post-tetanus.  This same relationship was shown in 

depressed channels except with decreases in output and input. This suggests that changes were 

not just global changes in rate and were likely reflected in their postsynaptic targets as well.  The 

pre-tetanus effective connectivity calculated from PGC was also used to measure amplitude 

dependent plasticity by comparing the initial connectivity to changes in connectivity post-

tetanus.  Analysis of this data across 6 subjects showed that the amplitude dependent plasticity 

trends matched trends seen in work done by Bi & Poo (118), where potentiated pathways 

increase a lot if they are small and depressed pathways change by a constant percentage 

independent of initial strength.  

A second experiment was developed based on the results shown from the analysis of the 

Jimbo protocol.  This experiment made use of the ability of PGC to measure connectivity prior to 

tetanization.  Once PGC was calculated from the pre-tetanus data sinks and sources of causal 

flow were identified within the culture.  A sink was defined as a channel where the balance of 

causal information flow was inward, while a source was defined as a channel where the balance 
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of causal information flow was outward.  The central hypothesis in this experiment was that 

tetanization on a sink would elicit depression at the sink while tetanization at a source would 

elicit potentiation.  The experiment was carried out on 10 cultures.  The results suggested that 

changes in plasticity did occur.  However the direction of results did not match the predictions 

made prior to the experiment.  Perhaps one reason this experiment was not successful was that 

the design and predictions underestimated the complexity of connectivity in the neural culture. 

One solution might be to reduce the complexity of the network by reducing the density of the 

neurons.  Additionally, a paired pulse paradigm at pre and postsynaptic targets would likely 

increase the probability of plasticity induction only on targeted pathways. 

In-vivo, PGC was used to explore effective connectivity of seizures in rats from the 

Evolution into Epilepsy project.  While this analysis was mostly empirical, comparison of the 

effective connectivity during seizure and during interictal and baseline was conducted.  

Qualitative analysis of the results from PGC on 15 seizures from 3 subjects showed that there 

were 5 distinct stages of the seizure.  Stage 1 consisted of the buildup of activity within the CA1 

area and also of a directed influence from the CA1 to the dentate gyrus.  This connectivity is 

already abnormal when compared to interictal and baseline results. Baseline connectivity often 

highlights a directed influence from the dentate gyrus to CA1, which is also the expected 

anatomical influence.  Stage 2 consists of large reverberating directional transfers from one 

hemisphere to the other accompanied by large within hemisphere interactions mainly from CA1 

to the dentate gyrus.  Stage 3 shows a large decrease in the magnitude of directional transfers 

however the within and between hemisphere interactions continue.  This stage often contains the 

largest observable waveforms in the ictal event.  Stage 4 or the transition stage marks the time 

when the connectivity flips to a pattern more resembling that of baseline activity where the 
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dentate gyrus drives the activity of CA1.  This stage is marked by a brief period of strong 

bidirectional causality between most electrodes in both hemispheres.  Behaviorally, the 

surveillance video of the rat shows that Stage 4 also marks the transition from tonic to clonic 

behavior in the rat.  Stage 5 or the post transition stage shows a strong causal influence from the 

dentate gyrus to the CA1 as the rat clonically seizes.  Shortly after Stage 5, the seizure usually 

ends and the rat engages in normal exploratory behavior. 

 Quantitative analysis was also carried out by analysis of variance between granger 

causality indexes created for combinations of each of the four regions left and right CA1 and left 

and right dentate gyrus for each stage of the seizure. It served as no surprise that stages that were 

qualitatively different from each other were also quantitatively different.  However, quantitative 

analysis confirmed that all seizure stages were different than interictal activity.  Also, 

quantitative analysis confirmed that Stage 4 was likely a transition stage. It was shown that Stage 

3 and Stage 5 had causal interactions in common with Stage 4 that they did not have with each 

other (i.e. Stage 4 contains aspects of Stage 3 and 5).  Overall, the results from this analysis were 

quite instructive and suggest that a great deal of information can be gleaned using Granger 

Causality not only about causal bindings during seizure, but also about changes in effective 

connectivity during the period in which these seizures develop (epileptigenesis).   

Overall Conclusions 

The aims of this body of work were to exploit the ability of Granger Causality to reveal 

effective connectivity.  Granger Causality tools were used to explore effective connectivity in 

simulated, in-vitro, and in-vivo neural systems.  The simulated neural network models provided a 

means of evaluating the ability of granger causality to relate back to the initial structure of the 

neural network.  The results from this model support the notion that linear changes in effective 

connectivity observed using PGC in a living system likely reflect actual linear changes in the 
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underlying connectivity.  Further the models provided a change to test conditional granger 

causality’s ability to identify false directed influences and to detangle direct and mediated 

influences in confounded pathways.   

The in-vitro work with cortical cultures suggests that PGC is a useful tool in describing 

changes in plasticity.  The advantage of using a statistically sound, directional, and causal 

method that yields a measure of effective connectivity allowed much more information to be 

extracted from Jimbo’s protocol.  This allowed phenomena such as amplitude dependent 

plasticity to be measured from spike timings.  These results contribute more evidence that 

suggests the plasticity is being observed using Jimbo’s protocol.  These new measures also 

allowed new predictions to be made about the response of the culture to a differential 

tetanization on sink and sources.  While the prediction that sinks would be depressed and sources 

would be enhanced proved to be too simplistic, the PGC analysis suggested that plasticity 

occurred as a result of tetanization.  Future predictions that take this complexity into 

consideration may be successful by using Granger Causality to estimate effective connectivity 

prior to experimental treatment.   

Finally, PGC was able to show previously unreported causal relationships during seizure 

that may be useful for efforts to prevent seizures from occurring.  At some point prior to the ictal 

event the effective connectivity in the hippocampus appears to become abnormal with the CA1 

driving activity in the dentate gyrus.  If this flip to abnormality can be detected it may provide an 

opportunity to intervene at an opportune moment to prevent the immanent ictal event by 

correcting this abnormal activity pattern.  Additionally, the use of PGC to analyze epileptigenesis 

could provide new insight that may lead to treatments for a condition that is notoriously hard to 

treat pharmacologically. 
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In each of these cases, using Granger Causality to reveal effective connectivity led to a 

new understanding of these systems.  This understanding provided the opportunity to make new 

predictions about these systems and suggest new experiments that were previously not feasible.  

Overall, Granger Causality has proven to be a useful tool in exploring effective connectivity in a 

wide variety of neural systems and in the future, may become one of the traditional tools used in 

neuroscience. 
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