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Abstract 

Measures of perceptual learning provide a unique window on one of the brain’s defining 

characteristics: its ability to adapt to the demands of the external world. Such measures 

provide insight into disease-specific disruptions of neuroplasticity that have immense 

implications for biomarker and intervention development. The aims of this thesis were to 1) 

investigate the brain’s learning mechanisms using electroencephalography (EEG) and 

Dynamic Causal Modelling (DCM) and 2) explore the utility of these measures in distinguishing 

between healthy ageing, and potential latent neuropathology in those classified with 

amnestic Mild Cognitive Impairment (aMCI); an ‘at risk’ group for Alzheimer’s disease.  

The studies of this thesis employ two independently developed EEG paradigms designed to 

index fundamentally distinct models of perceptual learning, namely the visual Long-Term 

Potentiation (LTP) paradigm as an index of Hebbian plasticity, and the roving Mismatch 

Negativity (MMN), as an index of Predictive Coding. In addressing aim 1, the modulation of 

effective connectivity induced by these paradigms was compared. Consistent with their 

respective learning models, the MMN was associated with a modulation of both forward and 

backward connectivity in a fronto-temporal network, while visual potentiation only modulated 

forward connections in an occipito-temporo-frontal network. These results are discussed with 

respect to the Free Energy Principle, which embodies both Hebbian and Predictive Coding 

mechanisms.  

In addressing aim 2, the degree to which each paradigm provides a non-invasive, objective 

index of neuroplasticity was explored in young, older and aMCI participants. Both paradigms 

revealed shifts in event related potentials (ERPs) and intrinsic and extrinsic cortical dynamics 

that are suggestive of an age-related refinement of learning mechanism and sensory 

predictive accuracy. aMCI was distinguished from healthy ageing by a specific disruption of 

the excitatory-inhibitory balance within sensory processing regions, and disrupted ERPs. 

Importantly, both paradigms afforded a unique perspective on this disruption. 

The results of this thesis not only shed light on how the brain learns, but also demonstrate the 

utility of EEG and computational modelling in developing clinically feasible indices of disrupted 

neuroplasticity. This may be of great value to biomarker and intervention development across 

a plethora of neurological and psychiatric disorders.   
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Chapter 1. Learning Mechanisms 

Plasticity, then, in the wider sense of the word means the possession of a structure weak 

enough to yield to an influence, but strong enough not to yield all at once. 

- William James, 1890, p.105 

Neuronal plasticity endows the brain with a very important quality: the ability to learn based 

on past experience or in preparation for future demands (von Bernhardi, Eugenín-von 

Bernhardi, & Eugenín, 2017). The term plasticity (from the Greek word plassein, or, to mold) 

was first used to describe the brain’s intrinsic adaptability over a century ago, and the concept 

has since remained pivotal to our understanding of learning and memory (Berlucchi & 

Buchtel, 2009; von Bernhardi et al., 2017). More recently, it has become apparent that 

modulated neuroplasticity contributes to both healthy cognitive changes across the lifespan 

(Burke & Barnes, 2006; Grady, 2012), and to the cognitive disruption associated with a diverse 

array of neurological and psychiatric conditions (Bourgeron, 2015; Friston & Frith, 1995; Goto, 

Yang, & Otani, 2010; Klein, 2006; Machado-Vieira, Soeiro-De-Souza, Richards, Teixeira, & 

Zarate Jr, 2014; Pittenger & Duman, 2008; Selkoe, 2002). Understanding such disease-specific 

neuropathology has immense implications for the development of biomarkers and effective 

treatments. However, this rests upon two key factors: 1) proficient understanding of the 

neural basis of experience-dependent learning and memory in the human brain, and 2) 

effective means for the measurement thereof. Here, the theoretical underpinnings of 

different models of learning are explored, before delving into their measurement in 

subsequent chapters.   

1.1. The Hebbian Synapse 

The most renowned model of experience dependent learning is without doubt, the Hebbian 

synapse. The roots of Hebbian plasticity extend back to William James, who was the first to 

articulate the importance of plasticity through his law of habit (Berlucchi & Buchtel, 2009; von 

Bernhardi et al., 2017). James proposed that 
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 When two elementary brain processes have been active together or in immediate succession, 

one of them, on reoccurring, tends to propagate its excitement into the other. (James, 1890, 

p. 556).   

Almost 60 years later, in his landmark book The Organization of Behavior (1949) Donald Hebb 

consolidated James’s law of habit, proposing that 

When an axon of cell A is near enough to excite cell B or repeatedly or consistently takes part 

in firing it, some growth process or metabolic change takes place in one or both cells such that 

A’s efficiency, as one of the cells firing B, is increased. (Hebb, 1949, p. 62) 

Hebb’s postulate is aptly summarised in the widely cited adage cells that fire together wire 

together, and has been credited as the most influential hypotheses of neuroscience today 

(Gallistel & Matzel, 2013; Malenka, 2003).  

However, it was not until 1966 that Hebb’s postulate found empirical grounding. Across both 

in vitro (Lømo, 1966) and in vivo (Bliss & Lømo, 1973) experiments, Terje Lømo and Tim Bliss 

demonstrated that an enhancement in neuronal field potentials could be induced in the 

rabbit hippocampus using repetitive bursts of high frequency electrical stimulation. 

Importantly, this enhancement lasted for 10 hours in  the hippocampus of anaesthetised 

animals, and 16 weeks in freely moving animals (Bliss & Lømo, 1973; Lømo, 2003). This 

enhancement, known as Long-Term Potentiation (LTP), has since become equated with 

Hebbian learning (Malenka, 2003) and, together with the opposing process of Long-Term 

Depression (LTD), represents the predominant model of learning and memory in the 

mammalian brain (Bliss & Collingridge, 1993; Bliss & Cooke, 2011; Kirk et al., 2010; Nicoll & 

Roche, 2013).  

LTP is broadly defined as an enduring enhancement of synaptic connectivity following the co-

activation of neurons in a network (Bliss & Collingridge, 1993; Brown, Kairiss, & Keenan, 1990; 

Cooke & Bliss, 2006; Teyler & DiScenna, 1987). Conversely, LTD refers to a decrease in 

synaptic efficacy following neuronal co-activation (Bliss & Cooke, 2011; Cooke & Bliss, 2006; 

Malenka & Bear, 2004). The most common form of LTP, and thus the most widely studied, is 

N-methyl-D-aspartate (NMDA)-dependent LTP, however, alternative NMDA-independent 

mechanisms do also exist (Malenka & Bear, 2004; Nicoll & Roche, 2013). As hippocampal LTP 
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is largely NMDA-dependent (rendering NMDA-dependent LTP important for mnemonic 

processes), and for relative simplicity, the current thesis will focus on NMDA-dependent LTP 

as the neuronal expression of Hebbian learning.  

1.1.1 Molecular basis of Hebbian learning  

Following Bliss and Lømo’s (1973) landmark discovery, the mechanisms of this synaptic 

process have been studied extensively (Figure 1) (McNair, 2008). While there is still much that 

remains unknown, particularly regarding down-stream mechanisms (Bliss & Cooke, 2011), the 

induction process is relatively well characterised. NMDA-dependent LTP is initiated by an 

influx of calcium (Ca2+) through NMDA type glutamate receptors. This leads to a spatially 

restricted rise in Ca2+ within the dendritic spine that is amplified via the release of intracellular 

Ca2+ stores (Bliss & Collingridge, 1993; Malenka & Bear, 2004). NMDA receptor activation is 

not only dependent on the binding of glutamate to open the receptor, but also requires a 

sufficient depolarisation of the post-synaptic cell to expel a magnesium (Mg2+) block that 

obstructs the movement of ions. This is achieved via an influx of sodium (Na+) through nearby 

ligand gated D-amino-3-hydrozy-5-methylisoxazole-4-propionic acid (AMPA)-type glutamate 

receptors. Thus NMDARs act as ‘coincident detectors’, that ascertain a sufficient level of pre- 

and post-synaptic activity for LTP to occur (Nowak, Bregestovski, Ascher, Herbet, & 

Prochiantz, 1984). LTD is also initiated through these mechanisms, and it is the level and 

pattern of the Ca2+ movement that controls the direction of the plasticity induced (Abraham 

& Williams, 2003). 

The influx of Ca2+ activates Ca2+ dependent signal transduction pathways that are involved in 

LTP expression. The details of these downstream mechanisms remain the subject of much 

debate, but are thought to include both pre- and/or post-synaptic mechanisms (Bliss & 

Collingridge, 1993; Bliss & Cooke, 2011; Malenka & Bear, 2004). The most widely studied 

transduction pathways are those involving the protein kinases Ca2+/phospholipid-dependent 

protein kinase (PKC), Ca2+/calmodulin-dependent kinase (CaMKII), and cyclic adenosine 3’,5’-

monophosphate (cAMP) dependent protein kinase (PKA). These kinases are all involved in the 

phosphorylation of proteins that aid in increasing synaptic efficacy. For example, the 

phosphorylation of AMPA and NMDA channels increases channel conductance, opening rates 

and channel numbers (Bredt & Nicoll, 2003; Lan et al., 2001; Lee et al., 2003; Lu et al., 1999). 
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Conversely phosphatases that reduce AMPA receptor and NMDA receptor efficiency are 

involved in LTD (Abraham & Williams, 2003; Lee, Barbarosie, Kameyama, Bear, & Huganir, 

2000). Pre-synaptic enhancements of glutamate release are dependent on the presence of a 

retrograde messenger, however, the identity of this messenger, and the nature of pre-

synaptic changes remains a matter of debate (Abraham & Williams, 2003; Bliss & Collingridge, 

1993, 2013).  

The later phases of LTP involve protein synthesis and gene expression that are required for 

long term maintenance (Figure 1; Abraham & Williams, 2003). CaMKII is implicated in these 

long-term changes as it can auto-phosphorylate, thus remaining active after the influx of 

calcium has dissipated (Bliss & Collingridge, 1993; Lisman, 1985). PKA is also involved in the 

phosphorylation of mitogen activated protein kinase (MAPK) and cAMP-responsive element 

binding protein (CREB; Frey, Huang, & Kandel, 1993), which are involved in gene expression 

(Abraham & Williams, 2003). Additionally, this pathway is associated with the synthesis of 

Brain Derived Neurotrophic Factor (BDNF) which is thought to induce structural changes at 

the synapse (Bliss & Cooke, 2011). There is however also evidence that BDNF is involved in 

the earlier phases of LTP and LTD (Lu, Pang, & Woo, 2005). 
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Figure 1. The molecular mechanisms of LTP. Left) Depiction of the induction and expression of LTP through Ca+2 

dependent pathways. This depends on the influx of sodium (Na+) and calcium (Ca2+) through D-amino-3-hydrozy-
5-methylisoxazole-4-propionic acid (AMPA)-type and N-methyl-D-aspartate (NMDA)-type glutamate receptors 
respectively. The opening of NMDA receptors is dependent on shifting a magnesium block (Mg2+). This 
depolarises the cell, and activates downstream Ca2+ dependent pathways, such as the cyclic adenosine 3’,5’-
monophosphate (cAMP) dependent protein kinase (PKA)  and Ca2+/calmodulin-dependent kinase (CaMKII) 
pathways. Right) Depiction of the changes  in gene expression that are required for long-term maintenance. 
Reproduced with permission from Cooke and Bliss (2006).  
 
In an attempt to summarise this complex, multifaceted process, LTP can be deconstructed 

into a series of phases where the strength of the induction stimulus will determine the phases 

that are induced. This begins with a brief post-tetanic potentiation (PTP), that lasts seconds 

to minutes and reflects a pre-synaptic accumulation of Ca2+ (Bliss & Collingridge, 2013; Teyler 

& DiScenna, 1987; Volianskis & Jensen, 2003). If an induction stimulus is weak, the process 

will stop here. If a moderate stimulus is used, short-term potentiation (STP; also referred to 

as transient LTP (t-LTP)) will be induced, which encompasses an NMDA-dependent influx of 

Ca2+, however it does not involve protein-phosphorylation (Bliss & Collingridge, 1993). This 

phase of STP can last from minutes to hours (Bliss & Collingridge, 2013; Volianskis & Jensen, 

2003). The subsequent phases of LTP can then be broke into LTP1, LTP2, and LTP3 (Bliss & 

Collingridge, 1993), or, more commonly, Early-LTP and Late-LTP (Huang, 1998; Malenka & 

Bear, 2004). Only strong induction stimuli will induce these final phases of LTP. Early-LTP (or 
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LTP1) refers to the protein-phosphorylation that follows the Ca2+ influx and lasts a few hours. 

Late-LTP is dependent on protein synthesis (LTP2) and gene expression (LTP3), and can last 

for hours, days, or longer.  

1.1.2 Properties of Hebbian learning 

Amongst the various properties that define LTP, there are three that render it an attractive 

mechanism of learning and memory, and are consistent with a Hebbian framework. These 

properties can also be mechanistically explained via the properties of NMDA receptors. 

Firstly, as demonstrated by Bliss and Lømo (1973), LTP is input specific, meaning that only the 

activated synapse will be potentiated, and neighboring synapses will remain unaffected 

(Cooke & Bliss, 2006; Teyler & DiScenna, 1987). This is due to the spatial restriction of Ca2+ 

influx to regions of the dendritic spine where NMDA receptors are active. The remaining two 

properties of LTP were demonstrated by McNaughton and colleagues (McNaughton, Douglas, 

& Goddard, 1978) and consist of the two related, but distinct concepts of cooperativity and 

associativity. Cooperativity requires the afferent stimulation to be of a sufficient intensity to 

induce LTP. As outlined above, a weak input will instead induce PTP, while moderate 

stimulation induces STP (Bliss & Collingridge, 1993; Lovinger & Routtenberg, 1988). As such, 

a minimum number of afferent fibers must be co-activated for LTP to occur. The frequency 

and strength of the input are related in such a way that as one increases, the need for the 

other decreases (Malenka, 2003; Teyler & DiScenna, 1987). This property can be explained by 

the requirement for a sufficient depolarisation of the NMDA receptors to expel the Mg2+ 

block. Finally, associativity refers to the property whereby weak input can be potentiated if it 

is activated simultaneous (or within close succession) to a strong synaptic input (Cooke & 

Bliss, 2006; Malenka, 2003). This is because the induction of LTP leads to sufficient post-

synaptic depolarisation to allow other synapses to also potentiate. Importantly, associativity 

provides the basis for associative learning, or the pairing of a stimulus with a particular 

behavioural response (Friston, 2005; Gallistel & Matzel, 2013).  Together, these three 

properties - input specificity, cooperativity, and associativity - pertain to the assumption that 

LTP will only occur if (and only if) the region of the dendrites upon which the pre-synaptic cell 

terminates is sufficiently depolarised at the time the input occurs (Bliss & Collingridge, 1993; 

Malenka, 2003). Thus, cells that fire together, wire together.   
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1.2. Learning through inference 

The Hebbian learning framework provides a mechanism through which structural and 

functional plasticity can serve as a means for experience-dependent learning, and represents 

the leading neurobiological model for long-term memory formation today (Malenka, 2003; 

Teyler & DiScenna, 1987). However, just as William James was first postulating the conceptual 

underpinnings of (what would eventually be empirically demonstrated as) LTP, another axiom 

for learning was also dawning; that of probabilistic inference. In 1860, Hermann von 

Helmholtz (1821-1894) recognised that our sensory world is full of ambiguity, and suggested 

that our sensory systems attribute cause through the computations of probability 

distributions based on prior information (Helmholtz, 1860; cited in Clark, 2013; Friston, 2005). 

The Helmholtzian  idea of unconscious inference has since been recapitulated in landmark 

papers such as that by Gregory (1980), who proposed that perception is akin to scientific 

predictive hypothesis testing, and that understanding perception requires an understanding 

of stored knowledge. More recently, this idea has been formalised within information theory 

(Gallistel & Matzel, 2013) and, perhaps more commonly, within a Bayesian framework 

(Kersten, Mamassian, & Yuille, 2004; Knill & Pouget, 2004). The commonality among these 

different models is that they are built upon the brains task of inferring cause within an 

uncertain environment. As opposed to Hebbian learning, which is largely explained via its 

cellular and molecular mechanisms, inferential learning is built upon it’s computations 

(Gallistel & Matzel, 2013). It is by studying the computations the brain must perform that one 

can obtain insight into the neuronal mechanisms which must perform them (Gallistel & 

Matzel, 2013).    

1.2.1 The Bayesian Brain  

The fundamental idea underlying the Bayesian Brain hypothesis is that sensory information is 

represented via probability distributions that represent all the possible causes of sensory 

input (Friston, 2005; Gallistel & Matzel, 2013; Kersten et al., 2004; Knill & Pouget, 2004). 

Importantly, these densities are maintained at each level of cortical processing, which allows 

for the efficient integration of information, and avoids committing to a singular cause of 

sensory input too early (Knill & Pouget, 2004). Thus, the Bayesian Brain is a textbook example 
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of  perceptual learning through probabilistic inference (Aitchison & Lengyel, 2017; Friston, 

2010; Knill & Pouget, 2004). 

Formally, the process of probabilistic inference involves the inversion of conditional densities 

to attribute cause to sensory input. For example, determining the cause 𝜗 of sensory 

information from visual 𝑠𝑣  and auditory 𝑠𝐴  domains can be represented as follows (Aitchison 

& Lengyel, 2017; Gallistel & Matzel, 2013; Knill & Pouget, 2004) 

𝑝(𝜗|𝑠𝑣, 𝑠𝐴) =  𝑝(𝑠𝑣, 𝑠𝐴|𝜗)𝑝(𝜗) 

(1) 

This is dependent on two important terms: the likelihood 𝑝(𝑠𝑣, 𝑠𝐴|𝜗), and the prior 𝑝(𝜗). The 

likelihood maps from sensory information to cause, and thus represents the probability of 

obtaining the sensory information given all possible causes. In this example, there are two 

sources of sensory information - vision and audition - that are both associated with 

independent sources of noise. The likelihood can thus be deconstructed into the following 

independent probability distributions (Knill & Pouget, 2004) 

 𝑝(𝑠𝑣, 𝑠𝐴|𝜗) = 𝑝(𝑠𝑣|𝜗)𝑝(𝑠𝐴|𝜗) 

(2) 

The prior 𝑝(𝜗) represents prior belief about possible different external causes. This inversion 

will weight each prior probability by its corresponding likelihood, thus giving a relative 

likelihood for every possible cause of sensory input. When normalised so as to integrate to 

one, this inverted distribution is called the posterior distribution, and this provides a mapping 

from cause to sensation. In other words, the posterior distribution (sensory input given the 

cause) is the weighted inverse of the likelihood (cause given the sensory input; Friston, 2010; 

Knill & Pouget, 2004). An optimum Bayesian operator will then determine the most likely 

cause of sensory input based on the peak, the mean or another measure depending on the 

cost of error. As uncertainty is represented at each level of processing, more weight will be 

placed on the information that is most certain (Knill & Pouget, 2004).  

The Bayesian Brain hypothesis is however not without its limitations; the most pertinent 

being that it does not define how priors are computed (Friston, 2005). Additionally, while this 

formalisation provides a model through which the brains predictions on sensory cause are 
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computed, it does not determine how these predictions are represented (Aitchison & Lengyel, 

2017). As such, we turn to a related, but distinct model of perceptual inference which 

emphasises the role of prediction error in perceptual inference and learning.   

1.2.2 Predictive Coding 

Under the Predictive Coding hypothesis, learning corresponds to the iterative optimisation of 

internal, generative model(s) of the environment that is accomplished through a reduction in 

prediction error (Huang & Rao, 2011; Spratling, 2017). More specifically, sensory input is 

neuronally represented as prediction error, or the divergence between sensory input and 

internal predictions. This prediction error is then minimised through iteratively updating the 

generative model until it provides an accurate prediction of sensory causes (Friston, 2005; 

Spratling, 2017). This is a highly efficient scheme as only the surprising portions of the 

incoming signal are transmitted, thus removing the redundancy of transmitting what is 

already known (Clark, 2013; Friston, 2005; Huang & Rao, 2011). Importantly, the Predictive 

Coding framework is built upon the hierarchical organisation of the cortex, where prediction 

error is represented at every level of processing (Friston, 2005; Garrido, Kilner, Stephan, & 

Friston, 2009; Huang & Rao, 2011). Therefore, under the Predictive Coding framework, 

perceptual inference and learning correspond to error reduction.  

While Predictive Coding can come in a variety of mathematical flavours (reviewed in Spratling, 

2017), they converge on one common goal: to fit a model to data. The first implementation 

of Predictive Coding was presented by Rao and Ballard (1999), in a simulation of receptive 

fields in the visual system. The formulation presented by Rao and Ballard (1999) has since 

been reproduced by Spratling (2015) and will be presented below. 

In its basal form, Predictive Coding involves information transfer between two neighboring 

cell populations: those that propagate error (‘error detecting’ neurons) and those that 

propagate predictions (‘prediction’ neurons). Reciprocal message passing between these two 

cell populations reduces the difference between an internal representation of the cause of 

sensory input r and the true input. The signal that is sent from error detecting neurons to 

prediction neurons corresponds to a weighting W of all the possible causes of the sensory 

input. The activation strength of the prediction neuron y then represents the belief that each 
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weighting represents the true sensory input1. Feedback from the prediction neurons WT 

corresponds to an updated inference on the cause of sensory input. r can therefore be 

formally represented as  a linear combination of the transposed signal from error neurons 

and the strength of predictions on the cause of sensory input (Spratling, 2015) 

𝑟 = 𝑊𝑇𝑦 

(3) 

This representation is then compared with the true sensory input s to determine the extent 

to which they differ, or the error, e. The simplest formalisation of this comparison is that 

which was included in the original formulation by Rao and Ballard (Rao & Ballard, 1999) and 

is merely a subtraction, 

𝑒 = 𝑠 − 𝑟 

(4) 

If there is no divergence between the sensory input and the representation, the error signal 

will equal zero. Any divergence will lead to a non-zero signal. The error will then be iteratively 

passed between error detecting and prediction neurons until the error signal is reduced, and 

the representation and sensory input converge (Garrido, Kilner, Stephan, et al., 2009; Huang 

& Rao, 2011). Each iteration can be represented as (Spratling, 2015) 

𝑦 ← 𝑎𝑦 + 𝑏𝑊𝑒 

(5) 

where a and b are scalar parameters. This learning process thus corresponds to a reduction 

in prediction error, which is a function of the prediction and the error response. This is the 

core concept underlying predictive coding (Clark, 2013; Friston, 2005).  

The above formulation provides a basis for information transfer between two cell 

populations. However, one additional, important component of Predictive Coding is that it 

views the brain as hierarchical, where each level attempts to minimise the difference between 

                                                      
1 If cast within a Bayesian framework, the definitions of W and y appear to closely correspond to a likelihood 
and prior density respectively. This point will be central to later formulations of empirical Bayesian Predictive 
Coding.  
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bottom-up prediction errors, and top-down predictions (Friston, 2005; Garrido, Kilner, 

Stephan, et al., 2009; Huang & Rao, 2011; Rao & Ballard, 1999). As such, Equation (5) becomes 

(Spratling, 2015) 

𝑦 ← 𝑎𝑦 + 𝑏𝑊𝑒𝑖 − 𝑐𝑒𝑖+1 

(6) 

Prediction at one level is therefore a function of both the error signal from the current level 

and the level above. This is an important aspect of the hierarchical formulation of Predictive 

Coding that will be returned to when formulating Predictive Coding within a Bayesian 

framework.  

To summarise, Predictive Coding provides a functional basis for the representation of 

perception and learning in the brain, i.e., through prediction error (Spratling, 2015). This 

addresses one of the main limitations of the Bayesian Brain hypothesis, as it specifies how 

predictions are represented (Aitchison & Lengyel, 2017). The Bayesian Brain hypothesis and 

Predictive Coding can thus be viewed as complementary hypothesis. The next section will 

discuss how these hypothesis can be combined to a more holistic model of inferential 

learning.  

1.3. The Free Energy Principle: An integrated model of learning and memory 

Here, two general frameworks have been presented through which experience dependent 

learning can be viewed. First, Hebbian plasticity is built upon the assumption that cells that 

fire together wire together, and remains paramount to our understanding of long-term 

memory formation today. Under this Hebbian model, learning is a recapitulative process 

whereby the relationship between inputs and outputs are mapped through a strengthening 

of synaptic connections. This process is best described through cellular and molecular 

mechanisms. Conversely, inferential models of learning propose that learning occurs through 

computation, and inference on the uncertain cause of sensory input. Inferential learning is a 

representational process and corresponds to updating predictions to reduce uncertainty. This 

process is best described through its computations (Gallistel & Matzel, 2013). This leads to an 

important question: Is the brain capable of learning through both Hebbian and inferential 

processes?  The Free Energy Principle was proposed by Karl Friston and offers a unification of 
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these frameworks (Friston, 2005, 2009, 2010; Friston & Kiebel, 2009). While the Free Energy 

Principle most evidently provides an empirical Bayesian Predictive Coding scheme for 

predicting the cause of sensory input, it also prescribes a specific role for Hebbian learning in 

the definition of the internal model.  

The Free Energy Principle is built upon the assumption that any biological agent (i.e., an 

animal or a human brain) resists a tendency to disorder (Friston, 2009). All biological agents 

are homeostatic, and thus attempt to reduce entropy by only occupying a limited number of 

states (Bastos et al., 2012; Friston, 2009). Entropy is the average of ‘surprise’, and minimising 

surprise is equivalent to maximising sensory evidence, or Bayesian model evidence (Bastos et 

al., 2012). The Free Energy Principle frames this as a minimisation of free energy, which is a 

negative bound on surprise. Therefore, whether expressed from a thermodynamic theory 

approach (entropy) information theoretical approach (surprise) or Bayesian model 

comparison approach (Bayesian model evidence) the goal of the agent remains the same: to 

reduce uncertainty through a minimisation of free energy. The following mathematical 

framework for free energy and it’s neuronal implementation provide a brief synthesis of the 

major papers on the subject (Friston, 2005, 2009, 2010; Friston & Kiebel, 2009).  

1.3.1 The Free Energy framework 

Put simply, the Free Energy Principle rests on the interaction between three levels of 

representation: 1) environmental causes which provide sensory input, 2) a generative model 

of external causes based on sensory input, and 3) a recognition density of sensory inputs 

based on causes. The goal of perceptual inference and learning is to reduce the difference 

between the generative model and the recognition density, thus reducing free energy. Put 

another way, the environment provides sensory input to the brain. As the brain does not have 

direct access to environment causes, the sensory input is incorporated into a generative 

model of all of its possible causes. This generative model is then iteratively reprocessed with 

the recognition density, which is the brains internal model of the external world. Through 

minimising the divergence between the generative model and the recognition density (and 

thus minimising free energy), an accuracy representation of external causes is obtained 

(Friston 2009, 2010). Before delving into the mathematical underpinning of free energy 

suppression, it is first important to further define the three levels of representation.   
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Firstly, environmental causes are defined as 𝜗 � {𝑥,T,O}, where 𝑥 represents the hidden 

states, T represents the parameters, and O controls the inverse variance, or precision (Figure 

2a). These parameters will be elaborated further as we move from the environment to the 

models the brain uses to represent it. The agent interacts with the external world through 

sensation and action, and uses these means to suppress free energy.  

Second, a generative model m provides a mapping of the causes  𝜗 of sensory input �̃�, 

p(�̃�, 𝜗| 𝑚). Estimating the most likely cause from sensory input corresponds to perceptual 

inference. Finally, the recognition density maps sensory input to their causes q(𝜗|P). P is the 

brains internal model which, upon comparison with the generative model, is updated to 

better match sensory input. This optimisation of the parameters of the recognition density 

corresponds to perceptual learning. 

Free energy suppression therefore corresponds to the reduction of the divergence between 

these two densities F(s,P). A formal definition of free energy suppression will first be 

provided, before exploring the parameters of the generative and recognition densities.  

1.3.2 Formulation of Free Energy.  

Free energy is defined as follows (Friston, 2010) 

𝐹 =  −〈ln 𝑝(�̃�, 𝜗|𝑚)〉𝑞 + 〈ln 𝑞(𝜗|𝜇)〉𝑞  

(7) 

Free energy is therefore a function of the generative model and the recognition density. More 

formally, the free energy can be regarded as a negative bound on the log evidence, or put 

more simply, energy minus entropy. Energy represents the surprise regarding the sensory 

input and the causes given the model. Entropy is represented by the recognition density. 

However, this is not the only way to frame free energy and, by adjusting this formula, we can 

see that there are two avenues through which free energy can be reduced (Friston, 2009, 

2010).   

The first is through action, where the agent is able to selectively sample sensory data that is 

consistent with the representation. Free energy can thus be rearranged as follows (Friston, 

2010) 
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𝐹 = 𝐷(𝑞(𝜗|𝜇) ∥ 𝑝(𝜗)) − 〈ln 𝑝(�̃�(𝛼)|𝜗, 𝑚)〉𝑞 

𝛼 =  argmax
𝛼

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 

(8) 

This formulation of free energy represents complexity minus accuracy. The complexity term 

is the difference between the recognition density and the priors of the generative model. 

Accuracy is the surprise of experiencing the sensory input under the recognition density. By 

manipulating the sensory input through action 𝛼, one can reduce surprise, and thus reduce 

free energy (Friston, 2010).  

The second method of reducing free energy is to manipulate the recognition density itself. 

Optimising the recognition density consists of optimising its sufficient statistics which will be 

discussed in more detail below. Free energy can thus be represented as follows (Friston, 2010) 

𝐹 = 𝐷(𝑞(𝜗| 𝜇) ∥ 𝑝(𝜗| �̃�)) − ln 𝑝(�̃�|𝑚) 

𝜇 =  argmin
𝜇

𝐷𝑖𝑣𝑒𝑟𝑔𝑒𝑛𝑐𝑒 

(9) 

This renders free energy as divergence plus surprise. While complexity, as defined above, was 

the difference between the recognition density and prior belief, divergence is the difference 

between the recognition density and the posterior of causes given sensory input. This 

conditional density is a ‘best guess’ on the cause of sensory input.  To minimise free energy, 

one must manipulate the sufficient statistics of the recognition density, rendering it as close 

as possible to the true cause of sensory input, and leaving only surprise (Friston, 2010).  

To summarise, free energy can be represented as follows: 

F = energy – entropy = accuracy – complexity = divergence + surprise  

and can be minimised either through active manipulation of sensory input (i.e., matching 

sensory input to expectations) or through manipulating expectations (i.e., matching 

expectations to sensory input). A toy example of this could be placing your hand into a bag of 

unknown content. With prior knowledge, you may confirm your expectations through action. 
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Alternatively, you could use the experience of placing your hand in the bag to update your 

expectations.  Most pertinent for the current thesis is the suppression of free energy through 

changes in the recognition model (i.e., updating expectation). With this in mind, the neuronal 

representation of the generative model and recognition density will now be explored.  

1.3.3 The generative model 

Broadly speaking, any generative model represents the joint probability of data, and model 

parameters, and can be viewed as a ‘recipe’ for generating observed data (Stephan et al., 

2017)2. As discussed above, the brain’s generative model maps from causes  𝜗 to their sensory 

input �̃�,  where p( 𝜗|�̃�)=p(�̃�| 𝜗)𝑝(𝜗). The prior term p(ϑ) pertains to prior beliefs regarding 

the cause of sensory input. The likelihood term p(�̃�|𝜗) pertains to the likelihood of the 

sensation given the cause. In its most basic form, a generative model of sensory input can be 

defined as follows (Friston, 2005)  

�̃� = 𝑔(𝑣, 𝜃) 

(10) 

Where v represents all the possible underlying causes of sensory input, and T represents the 

fixed parameters of the model that must be learned. The non-linear function g() represents 

the interaction between causes in the external environment. This non-linearity is a natural 

feature of the environment and is most commonly exemplified through visual occlusion, 

where perception of the occluded object depends upon the occluder. Thus, the brain must 

perform a non-linear unmixing of the causes (the occluder and the occulded) and their context 

(the occlusion) (Friston, 2005). This problem is non-invertible (i.e., it can never be known what 

is actually occluded), and thus requires a recognition density, from which the generative 

model can be updated.  

While the above example of a generative model is reasonably straight forward, there are two 

important additional factors that must be incorporated into the brain’s model of the cause of 

sensory input that render the neuronal implementation somewhat more complex. First is the 

                                                      
2 The concept of a generative model will be returned to in Chapter 2 
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hierarchical nature of cortical processing, and second is the dynamic nature of our external 

environment.  

To address the first issue, Equation (10)  is placed within a hierarchical framework 

engendering the following more complex generative model (Friston, 2005) 

 

�̃� = 𝑔1(𝑣2,  𝜃1) +  𝜀1 

𝑣2 = 𝑔2(𝑣3,  𝜃2) + 𝜀2 

⋮ 

(11) 

The additional error term is a Gaussian that is defined by its precision, 6i=6(Oi). Importantly, 

the likelihood at each level is defined by the level above and this likelihood determines the 

priors at each level below. Therefore, the model is able to generate its own priors, and 

learning at one level is dependent on learning from the level above. This is referred to as an 

empirical Bayesian scheme. Importantly, the priors are constrained by parameters (T) and 

hyperparameters (O), that also must be optimised, and thus the building of priors becomes a 

part of the learning process.  

Secondly, the generative model must represent a complex, ever-changing world. This 

introduces a new term to the generative model, x(i) which represents causal states that 

remember past causes v(i) of sensory input. So, as above, the causes vi represent the process 

generating sensory data, and are defined at each level by the level below. This links the layers 

of the processing hierarchy. The hidden states xi link the dynamics over time (Friston 2009; 

2010).  

The generative model of the brain is thus both dynamic and hierarchical, and can be defined 

as follows (Friston, 2009) 

𝑠𝑡 = 𝑔(𝑥1, 𝑣1,  𝜃1) + 𝑧1 

𝑥1 = 𝑓(𝑥1, 𝑣1,  𝜃1) + 𝑤1  

⋮ 

𝑣𝑖−1 = 𝑔(𝑥𝑖, 𝑣𝑖,  𝜃𝑖) +  𝑧𝑖 
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𝑥𝑖 = 𝑓(𝑥𝑖, 𝑣𝑖,  𝜃𝑖) + 𝑤𝑖  

⋮ 

𝑣𝑚 =  𝜂 + 𝑧𝑚+1 

(12) 

Each layer is represented by the continuous non-linear functions g() and f() that are defined 

by a parameter term (T). The error term, or random fluctuations, represent observation noise 

at the lowest level and state noise at higher levels and are defined as follows (Friston, 2009) 

[ 𝑧(𝑖)

𝑤(𝑖)] ~ 𝑁 (0, Π(𝜆(𝑖))
−1

) 

(13) 

Which is a Gaussian with a mean of 0 and precision (i.e., inverse variance) 3(O). This 

introduces the assumption that the densities (prior, likelihood and thus the posterior) are 

Gaussian, which is referred to as the Laplace assumption. This simplifies the problem 

somewhat as it means that the conditional density is represented by its mean, and it is only 

this mean (and its associated precision) that needs to be optimised.  

As above, this empirical Bayes scheme means that the network defines its own priors. This 

addresses the primary limitation of the Bayesian Brain hypothesis, and allows for 

superordinate layers of the cortical hierarchy to constrain the activity at lower levels. 

Together this defines the neuronal implementation of the generative model.  

1.3.4 The recognition density  

As mentioned above, the generative model cannot always be inverted. In other words, there 

are many possible environmental causes for the same sensory information. As such, the brain 

relies on the recognition density which is an approximate, or conditional density of 

environmental causes q(𝜗,P). This density is defined by its sufficient statistics, P � {Px, Pv, PT, 

PO} (Figure 2b). These sufficient statistics thus represent the four components that have 

already been presented within environmental representation, and the generative model. The 

first two sufficient statistics represent the hidden states and causes of the sensory input (Px, 

Pv). Biologically, these are represented by neuronal activity. Optimising these parameters 
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corresponds to estimating the most likely cause from sensory input. Second, PT specifies the 

parameters of the generative model that are fixed and must be learned. These are 

represented by synaptic connectivity, and optimisation corresponds to learning and memory. 

Finally PO specifies the precision, which is the inverse variance. This corresponds to synaptic 

gain, and optimisation is dependent on attention or managing uncertainty. The parameters 

PT  and precision PO  of the recognition density then define the priors of the generative model, 

thus implicitly rendering the optimisation of the generative model a learning scheme. 

Importantly, the sufficiency statistics are all interrelated, thus optimising one has an effect on 

the others. The optimisation of the recognition model corresponds to a gradient descent on 

the free energy (see Friston 2009, 2010 for details).  

 

Figure 2. The Free Energy Principle. a) the interaction between the agent and the external world occurs through 
action and sensation. b) the recognition density provides a mapping from sensory input to their causes. This is 
defined by its sufficient statistics P � {Px, Pv, PT, PO}. c) The neuronal implementation of empirical Bayesian 
Predictive Coding under the Free Energy Principle. Each level of the hierarchy is represented by the interaction 
between error neurons [ and state neurons P. Red arrows depict the bottom-up passing of prediction errors, 
while blue arrows depict the top-down passing of predictions.  Figure modified from Friston (2009, 2010). 

1.3.5 Free Energy and empirical Bayesian Predictive Coding 

The above mathematical formulation is the backbone of the Free Energy Principle. So where 

does this leave inferential and Hebbian models of learning? First, the principle specifies the 

neuronal implementation of the recognition process within a predictive coding framework 
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(Figure 2c). Each level of the cortical hierarchy consists of error neurons [, and state neurons 

P. As above, error neurons are weighted by their precision [i= 3i(Hi) and the error neurons 

receive input from the prediction neurons at the same level, and the level above. State 

neurons receive input from the error neurons at the same level and the level below. Thus, 

reducing prediction error, and therefore minimising free energy, is dependent on the forward 

propagation of prediction errors, and backward propagation of predictions.  

This empirical Bayesian Predictive Coding scheme rests upon specific assumptions regarding 

the organisation of the cortex, and these are largely consistent with our understanding of 

cortical anatomy and physiology. Hierarchical processing has been most thoroughly mapped 

out in the visual system (Felleman & Van Essen, 1991), however it is now regarded as an 

important feature of cortical processing throughout the brain (Markov & Kennedy, 2013). 

Importantly, there are asymmetries in the forward and backward connections that are 

consistent with the distinct roles of these connections in driving and modulating cortical 

processing. Firstly, forward connections originate in superficial pyramidal cells and terminate 

within layer IV excitatory neurons. Conversely, backward connections originate in the deep 

pyramidal cells, and terminate in both excitatory and inhibitory cells in superficial layers. 

Additionally, as outlined by Friston (2005), backward connections have more diffuse 

bifurcations, are more divergent, more abundant, less topographic, and can traverse a 

number of hierarchical levels (Angelucci, Levitt, & Lund, 2002; Bastos et al., 2012; Friston, 

2005; Markov & Kennedy, 2013). Together, these anatomical characteristics suggests that 

backward connections hold a more modulatory role in neuronal processing. Secondly, 

forward message passing is transmitted through fast AMPA (1.3-2.4 ms decay) and GABAA (6 

ms decay) mediated connections, while backward modulatory connections are mediated by 

slower NMDA receptors (50 ms decay) (Baldeweg, 2007; Friston, 2005)3. Finally, while the 

superficial pyramidal cells from which forward connections originate generate fast oscillatory 

gamma activity, the deep pyramidal cells from which backward connections originate 

generate slower beta and alpha activity (Bastos et al., 2012; Buffalo, Fries, Landman, 

Buschman, & Desimone, 2011; Shaw et al., 2017). This lays the anatomical framework for the 

                                                      
3 There is however some suggestion that this division of labour is not so clean cut (Corlett, Honey, Krystal, & 
Fletcher, 2011; Schmidt et al., 2013), and is rather a relative distinction, where AMPA signalling is relatively 
more involved in forward message passing and vice versa for NMDA.  
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fast, sensory-driven propagation of prediction errors, and a slower, top-down propagation of 

modulatory predictions. As the majority of scalp recorded electrophysiological (EEG) data is 

generated by superficial pyramidal cells, it can be concluded that evoked responses are the 

transient expression of prediction error, that is quickly suppressed by predictions from higher 

cortical areas (Friston, 2009, 2010).   

1.3.6 Free energy and Hebbian learning 

The Free Energy Principle can thus be most broadly defined as empirical Bayesian Predictive 

Coding. Perhaps more subtly however, the Free Energy Principle also incorporates a specific 

role for Hebbian learning. The parameters PT of the model  encode more long-lasting 

representations, and are encoded in backward (i.e., NMDA-dependent) connections. The 

precision PO of these parameters is encoded in lateral and intrinsic connections. Over 

repeated activation, both the parameters and their precision must be optimised. Importantly, 

T and O also act as parameters and hyper parameters on the priors of the generative model.  

The Free Energy Principle proposes that when presynaptic predictions, and post synaptic 

prediction error are well matched, the synaptic connection is enhanced. This allows for future 

prediction errors to be suppressed more efficiently (Friston, 2005, 2010). Importantly, this 

proposed mechanism draws clear parallels to the properties of NMDA-dependent LTP 

presented in Section 1.1.2, as it requires co-activation of the pre- and post-synaptic neuron. 

Additionally, this modulation of connection strength occurs through NMDA-dependent 

modulatory connections, which creates networks, or cell assemblies, that represent causal 

regularities (Friston, 2010). In summary, under the Free Energy Principle, transient 

suppressions of prediction error reflect perceptual inference on the cause of sensory input. 

However, by optimising synaptic strength of the underlying neuronal network, prediction 

error can be suppressed more efficiently in the long-term. This occurs over repeated exposure 

to a stimulus and corresponds to perceptual learning.     

1.4. Implications for understanding learning and memory in the brain 

The above review outlines three models for experience-dependent neuroplasticity in the 

brain: 1) a purely Hebbian model, which is manifest through long-term changes in synaptic 

efficacy, or LTP and LTD 2) a purely inferential model which provides the basis of Bayesian 
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and Predictive Coding hypotheses of perceptual inference and learning or 3) A combined 

model of free energy suppression through empirical Bayesian Predictive Coding and Hebbian 

learning. This therefore begs the question: how do we learn?  

The three frameworks each encompass distinct predictions regarding the neuroplasticity 

processes underlying learning and memory, however perhaps the most pertinent difference 

is that of representation; while inferential learning is dependent on internal expectation, 

Hebbian learning is not. This has implications for cortical processing, particularly with regard 

to connectivity and dependence on cortical feedback. Under the Free Energy Principle, Friston 

(2005) states that representational learning can only occur without feedback if the generative 

model is invertible. However, as outlined in section 1.3.3, this would require the removal of 

all non-linarites from the environment. As such, we can ask the question, does learning always 

depend on a generative model, or can learning processes adapt to environmental demands? 

The remainder of this thesis will provide an exploration of these models of experience-

dependent neuroplasticity in both health and disease. In doing so, the three studies presented 

herein will not only shed light on how experience-dependent learning is encoded in the brain, 

but will also demonstrate the applicability of this to understanding neuroplasticity disruptions 

in neurological disease.    

1.5. The current thesis  

The aim of the current thesis is two-fold. The first aim was to assess whether inferential and 

Hebbian learning can co-occur in the human brain, as measured non-invasively using two EEG 

paradigms. These two paradigms: the human visual LTP paradigm (Kirk et al., 2010; Teyler et 

al., 2005), and the roving Mismatch Negativity (MMN) paradigm (Garrido, Kilner, Kiebel, et 

al., 2009; Garrido, Kilner, Stephan, et al., 2009), have been independently established as 

indices of Hebbian plasticity, and Bayesian Predictive Coding respectively. This thesis tested 

whether the two paradigms do in fact index different learning mechanisms, and whether the 

brain is capable of independently employing these mechanisms under different task 

demands. The second aim was to explore the utility of these paradigms in identifying changes 

in neuroplasticity in health and disease. For this, healthy ageing was compared with amnestic 

Mild Cognitive Impairment (aMCI); a prodromal phase for Alzheimer’s disease (AD) (Petersen 

et al., 2014). The focus on this particular condition stems from the pertinent lack of effective 
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treatments for AD, and we hope this research will assist in the development of early 

diagnostics for this devastating disease.   

The thesis will henceforth be structured as follows. Chapter 2 will present a discussion on how 

EEG can be combined with computational modelling (specifically Dynamic Causal Modelling) 

to provide a window on neuronal mechanisms that may be important for biomarker and 

intervention development. Chapter 3 will present an overview of the LTP paradigm and the 

roving MMN and will provide an empirical comparison between the two paradigms in healthy 

young participants. Chapter 4 will then outline the case for indices of neuroplasticity as 

biomarkers for latent neuropathological decline in aMCI, and Chapters 5 and 6 will provide an 

empirical demonstration thereof. Chapter 7 will present a general discussion, and relate the 

findings back to the theoretical framework presented above.   
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Chapter 2.  Electroencephalography and Dynamic Causal Modelling 

2.1. Electroencephalography: the ultimate brain imaging tool? 

EEG is an important, non-invasive techniques for measuring the brains electrophysiological 

dynamics and determining how such dynamics relate to cognition and disease (Cohen, 2017; 

Michel & Murray, 2012). In 1929, Hans Berger first described EEG as providing a window on 

the brain (Berger, 1929; Michel & Murray, 2012), and over subsequent decades, EEG has 

become a staple in the cognitive neuroscientists toolbox. While there is much still to be 

learned about the cortical microcircuits that generate EEG activity (Cohen, 2017), our 

understanding of such micro-circuitry continues to improve in parallel to technological and 

methodological advancement. Therefore, in the current neuroimaging climate, where new 

techniques are being developed at an unprecedented rate, EEG remains a preeminent tool 

for measuring the temporal dynamics of cortical networks (Michel & Murray, 2012).  

From a biophysical perspective, an electrode on the scalp measures a summation of post-

synaptic potentials in the brain at a given moment in time. The largest contributor to the EEG 

signal is the flow of excitatory currents (excitatory post-synaptic potentials; EPSPs) through 

NMDA and AMPA mediated receptors at the synapses of pyramidal neurons. This creates an 

active extracellular sink that is opposed by a passive extracellular source elsewhere on the 

neuron, thus leading to the characteristic dipole of the recorded signal (Buzsáki, Anastassiou, 

& Koch, 2012; Cohen, 2017). The main determinants of the strength of the local field potential 

are the spatial alignment of neurons, and the temporal synchrony of EPSPs. In the neocortex, 

pyramidal cells are densely packed and lay parallel to each other, while the incoming signal 

runs perpendicular to the dendritic axis (Figure 3a). As pyramidal cells have long, thick apical 

dendrites, there can be large distances between the sinks/sources produced and the return 

current This contributes substantially more to the recorded signal as compared to more 

symmetrical cells (i.e., those with dendrites in all directions; Buzsáki et al., 2012). There are 

many other contributors to the EEG signal including Ca2+ spikes, and fast action potentials, 

however exactly how these factors contribute to large scale activity recorded at the scalp is 

not fully understood (Cohen, 2017).  
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Figure 3. A depiction of the biophysics of EEG. The majority of the electrical activity that is picked up by a scalp 
electrode represents the summed activity of populations of densely packed pyramidal cells that are 
synchronously active. a) depicts an extracellular source (red circles) and sink (blue circles) created by an active 
synapse under the scalp surface. b) every electrode will pick up a combination of activity from sources 
throughout the brain, leading to the well-known inverse problem of EEG.   

 

As with any neuroimaging tool, EEG is not without its limitations and these must be 

acknowledged to ensure accurate interpretation of EEG data. Firstly, the distance between 

the scalp-level electrode and the source of activity introduces noise into the recorded signal. 

The level of noise is affected by tissue complexity, and the depth of sources (Buzsáki et al., 

2012). Additionally, scalp level recordings are limited to measuring the synchronous 

activation of thousands to millions of pyramidal neurons, and thus do not speak to small-scale 

asynchronous activity (Cohen, 2017). However, possibly the biggest criticism of EEG is in the 

accuracy of source localisation (Cohen, 2017; Koch & Poggio, 1999; Michel & Murray, 2012). 

Framing this as an inference problem, the task of source localisation is to infer the hidden 

sources of observed EEG activity, for which there is no unique solution (Figure 3b). However, 

this is perhaps not as big of an issue as some would suggest. Firstly, enforcing biophysical 

parameters upon the inversion (i.e., using a forward model) substantially reduces the number 

of possible causes of observed data. The accuracy of source localisation is then dependent on 

the accuracy of the parameters that are enforced (Michel & Murray, 2012). Secondly, it has 

long been argued that magnetoencephalography (MEG), which measures the magnetic fields 
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of the brains electrical currents, has superior source localisation to EEG. However, Michel and 

Murray (2012) state that there is no direct empirical evidence for this claim. While MEG is 

insensitive to radially-oriented sources, EEG is equally sensitive to all directions (Ahlfors, Han, 

Belliveau, & Hämäläinen, 2010). Additionally, given sufficient numbers of electrodes, and a 

realistic head model, EEG can detect deeper sources than MEG (Ahlfors et al., 2010; 

Malmivuo, 2012; Michel & Murray, 2012). Given the vast differences in accessibility and cost 

of the two techniques, this speaks volumes to the utility of EEG. Finally, as stated by Cohen 

(2017), there are a few situations in which millimeter accuracy in source localisation is 

required (an example may be in the localisation of the source of epileptiform activity). In most 

cases, the centimeter accuracy that is afforded by modern source localisation techniques will 

not change the researchers conclusions.     

With this in mind, there are number of features of EEG that render it not only useful in 

research, but also in a clinical setting. First is the relative ease by which a measure of 

electrophysiological activity can be obtained. Perhaps the simplest EEG measure is the event 

related potential (ERP). The ERP was first reported by Vaughan (1969) as a method of 

enhancing the signal-to-noise ratio (Michel & Murray, 2012). Today, ERPs are commonly used 

as stereotyped electrophysiological responses to a stimulus, and are computed by averaging 

over repetitions of the same experimental event (Luck, 2005).  ERPs can not only be used to 

assess the electrophysiological correlates of sensory-motor and perceptual processes but also 

the correlates of higher cognitive function. While the precise physiological processes 

underlying ERPs cannot be determined from observed data alone (Luck, 2005), they do 

provide a representation of the electrophysiological activity of neurons. It could be argued 

that this is a more direct measure of neuronal functioning (and possibly the disruption 

thereof) than neuroimaging methods that focus on a biological correlate of neuronal activity, 

such as the Blood Oxygen-Level Depended (BOLD) response in functional Magnetic Resonance 

Imaging (fMRI). In a similar vein, the temporal resolution of EEG (and MEG) is unsurpassed by 

other neuroimaging methods, rendering these tools ideal for assessing the temporal 

dynamics of brain networks (Michel & Murray, 2012). Finally, from a practical perspective, 

EEG is cost-effective, easy to use, and can be portable. It does not require large pieces of 

machinery, is relatively unintimidating for participants, and is less effected by movement than 

other neuroimaging methods. These are all important aspects to consider for clinical 
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application and for working with more challenging populations. Together, these features of 

EEG render it an ideal tool for clinical settings. As stated by Michel and Murray,   

We are convinced that EEG is not only a brain imaging tool for the poor, but it actually is the 

ultimate brain imaging tool for those who are interested in the temporal dynamics of large-

scale brain networks in real life situations. (2012, p. 383)       

2.2. Moving beyond description: EEG and computational modelling 

With the above discussion in mind, it may seem somewhat surprising that current clinical 

applications of EEG are largely only seen within the areas of epilepsy and sleep, and it has not 

permeated into other areas of clinical practice. Notably, EEG is not an isolated case, as the 

same can be said for functional neuroimaging more broadly. Of the thousands of EEG, MEG, 

fMRI and positron emission tomography (PET) studies that have been conducted in recent 

decades, few have bridged the divide between novel observation and clinical application 

(Stephan, Iglesias, Heinzle, & Diaconescu, 2015). As discussed by Stephan (2015), one possible 

reason for this could be that the majority of analysis methods used are primarily descriptive. 

So while the current body of literature provides in-depth insight into cortical disruptions that 

may be associated with a particular disease phenotype, “on their own neither ‘blobs’ (regional 

activations) nor ‘networks’ (patterns of functional connectivity) provide a mechanistic account 

of circuit function” (Stephan et al., 2015, p. 716).  

One possible way to move neuroimaging from description to application may be through 

computational modelling. Using generative models of observed data, one can shift from 

describing data patterns, to exploring their underlying causes. More importantly, by inverting 

these models, one can then infer upon hidden brain states that may cause observed data. 

This combination of neuroimaging and computation modelling can be used to 1) compare 

models of different possible neuronal causes of disease phenotypes, 2) determine whether 

observed disease phenotypes are due to neuropathology or to differences in cognitive 

strategy, and 3) potentially provide single subject prediction based on inferred mechanisms 

(Roberts & Breakspear, 2018; Stephan et al., 2017; Symmonds et al., 2018). It could be argued 

that machine learning offers similar outcomes with fewer assumptions. However, as machine 

learning only works at the level of distally recorded data features, it has limited utility in 

understanding (and thus treating) underlying neuropathology (Stephan et al., 2017). As 
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discussed by Roberts and Breakspear (2018), computational modelling may not only address 

the sparsity of objective biomarkers for neuronal causes of  observed cognitive/psychological 

changes, but also provide grounding for the development of treatments that target such 

disruptions (Roberts & Breakspear, 2018). 

2.3. Dynamic Causal Modelling  

While there are various “flavours” of computational modelling, one of the most prolific 

implementations within the neuroimaging community is Dynamic Causal Modelling (DCM). 

Cast within a variational Bayes framework, DCMs are biologically informed generative models 

that are used to infer upon the neuronal parameters (e.g., connectivity) that underlie the 

observed response (Friston, Harrison, & Penny, 2003). While the first implementations of 

DCM were for fMRI (Friston et al., 2003), the framework has since been extended to include 

models for EEG and MEG, as well as human and rodent Local Field Potentials (LFPs) (David et 

al., 2006; Kiebel, Garrido, & Friston, 2007; Moran et al., 2007, 2009). The high temporal 

resolution of electrophysiological data allow one to build much more realistic models of the 

underlying neuronal architecture than those originally designed for fMRI (Stephan et al., 

2017). 

DCM for EEG/MEG has been widely used to explore how experimental manipulation perturbs 

neuronal networks, thus providing insight into the neuronal basis of cognition, perception and 

learning (Auksztulewicz & Friston, 2015; Garrido et al., 2008; Garrido, Kilner, Kiebel, Stephan, 

& Friston, 2007; Gilbert & Moran, 2016). PharmacoEEG studies using DCM have not only 

provided novel insight into how neuroactive substances perturb the brain processes 

mentioned above (cognition, perception and learning), but has also demonstrated an 

important consistency between modelled effects and known pharmacological mechanisms 

(Moran, Campo, et al., 2013; Muthukumaraswamy et al., 2015; Rosch, Auksztulewicz, Leung, 

Friston, & Baldeweg, 2018; Schmidt et al., 2013; Timmermann et al., 2017). Importantly, DCM 

has been shown effective in both the identification of differences in cortical processing 

between healthy populations (Cooray, Garrido, Hyllienmark, & Brismar, 2014; Gilbert & 

Moran, 2016; Moran, Symmonds, Dolan, & Friston, 2014; Sumner, Spriggs, et al., 2018) and 

disease-specific modifications in clinical populations (Boly et al., 2011; Dima, Dietrich, Dillo, & 

Emrich, 2010; Symmonds et al., 2018; Zhou et al., 2018).   
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In their “10 simple rules” guide to using DCM, Stephan et al., (2010) summarise DCM in five 

key characteristics. The first and second characteristics relate directly to the nomenclature, 

stating that DCMs are both dynamic, and causal. DCMs are dynamic in the sense that the 

generative models encompass a series of differential equations that represent the dynamics, 

or the movement of (hidden) neuronal states. These differential equations also encompass 

causality in two ways: 1) the state of one neuronal population is dependent on another and 

2) this system of interacting neuronal populations is perturbed by experimental input. This 

renders DCM a model of effective connectivity, which explicitly represents the directionality 

of cause and effect between neuronal populations. This is opposed to functional connectivity 

measures that rely on statistical dependencies (e.g., correlations) between regions, and do 

not engender any causal relationship (David et al., 2006). This also endows DCM with a causal 

structure-function relationship where the effect of experimental perturbation is dependent 

on how the network is defined (Stephan, 2004).  

Third, Stephan et al., (2010) specify that DCM is Bayesian in every way. First this is apparent 

in the priors that are used to constrain parameters to within biologically plausible bounds. 

Secondly, models are inverted under a variational Bayes scheme which descends upon the 

free energy. Finally, models and/or parameters are compared within a Bayesian model 

comparison framework, where free energy acts as a lower bound on the log model evidence. 

Each of these Bayesian implementations will be discussed in further detail throughout this 

chapter.  

The final two characteristics of DCM according to Stephan et al., (2010) specify that DCM 

strives for neurophysiological interpretability, and biological plausibility. With this in mind, it 

is important to highlight that no DCM is designed to be a true model, but is a biophysically 

informed approximation to highly complex neuronal processes. The same can be said for 

computational modelling more broadly; the goal of which is to generate meaningful models 

that offer insight into otherwise intractable brain processes, or as Box and Draper (1987) so 

candidly put it, “all models are wrong, but some are useful” (p. 424).  
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2.3.1 A DCM Analysis 

A typical DCM analysis pipeline can be broken into 4 steps (Figure 4): 1) collection of data, 2) 

definition of the generative model (a DCM) which includes a neuronal mass model, and an 

observation model, 3) model inversion, 4) model/parameter inference. For the remainder of 

this chapter, steps 2 – 4 will be described for DCM for ERPs, focusing on the two variations of 

this pipeline that have been employed in subsequent chapters. Chapter 3 employed the 

standard ERP neuronal mass model included in the SPM software, and compared models 

using Bayesian Model Selection (BMS). Chapters 5 and 6 extend on the findings of Chapter 3 

by employing the canonical microcircuit (CMC) model and assessed these models using 

Parametric Empirical Bayes (PEB) and Bayesian Model Reduction (BMR).   

Figure 4. Steps of the DCM pipeline performed in the current thesis. Blue tiles correspond to the analysis 
presented in Chapter 3, while green tiles correspond to the analyses presented in Chapters 5 and 6. ERP = 
event related potential model, CMC = canonical microcircuit model, BMS = Bayesian Model Selection, PEB = 
Parametric Empirical Bayes, BMA = Bayesian Model Averaging.  

2.3.2 Building a generative model 

In Section 1.3.3, generative models were introduced as a means through which the brain 

represents the cause of sensory input. Here we revisit the generative model in modelling the 
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cause of observed data4. To recap, generative models are defined by both a likelihood, and a 

prior density. The prior density p(T |m)  uses prior knowledge to constrain the parameter 

values to within an expected range, while the likelihood p(y |T,m) represents the likelihood 

of obtaining a particular observation. It is then through inverting this generative model that 

one can determine the posterior probability of the expected values of model parameters (and 

their associated uncertainty) given the data p(T |y ,m) (Stephan et al., 2015, 2017). Here, each 

term is conditional on the model m which explicitly demonstrates the dependency on the 

chosen model.  

Just as the brain uses generative models to infer upon environmental causes from sensory 

input, generative models in neuroimaging must infer neuronal causes from scalp recorded 

data. In the case of DCM, this is addressed by distinguishing between a neuronal model and 

an observational model (Stephan et al., 2015). The neuronal model encompasses biophysical 

and coupling parameters that determine neuronal dynamics at the source level. The 

observation model for EEG (and MEG), corresponds to a lead field mapping and specifies how 

neuronal activity translated to scalp recording (Kiebel et al., 2007). Upon inverting this model, 

DCM not only provides a representation of source dynamics, but also addresses the inverse 

problem of EEG by constraining source inversion based on biophysically informed parameters 

(David et al., 2006).  

2.3.3 Components of the generative model 

A DCM models an ERP as the response of a dynamic input-state-output system, that is 

perturbed by experimental (exogenous) inputs (David et al., 2006; Garrido et al., 2007; Kiebel, 

David, & Friston, 2006; Moran, Pinotsis, & Friston, 2013). The generative model, or DCM, is 

defined by two equations (David et al., 2006; Kiebel et al., 2006)  

ℎ = 𝑔(𝑥, 𝜃) 

�̇� = 𝑓(𝑥, 𝜇, 𝜃) 

(14) 

                                                      
4 In fact, the parallels between the DCM framework, and the Free Energy Principle for perceptual learning that 
was outlined in Chapter 1 has not gone unnoticed. Friston himself states that “I cannot imagine an alternative 
future that has the same beautiful consistency as mine” (Friston, 2012, p. 1230) in reference to the application 
of Free Energy in both settings.  
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The top equation corresponds to the observer equation, where the systems output h is a 

function of the neuronal states x and model parameters T. Similarly, the states of cortical 

areas are additionally defined by exogenous input P.  

As discussed in section 2.1, the bulk of the recorded activity in EEG comes from populations 

of pyramidal neurons aligned perpendicular to the scull surface. The observer equation 

determines the translation of neuronal activity x0 to scalp recorded data as follows (Kiebel et 

al., 2006, 2006)  

ℎ = 𝑔(𝑥, 𝜃) = 𝐿(𝜃𝐿)𝐾𝑥0 

(15) 

L corresponds to the lead field matrix, which accounts for the electrometric fields passive 

conductance (Kiebel et al., 2007). K controls the contribution of pyramidal depolarisation to 

source activity. In a typical DCM, the orientation of the source dipoles are fixed, but can be 

parallel or antiparallel to account for sources and sinks (David, Harrison, & Friston, 2005). By 

integrating the state equations, and passing them through the observation model, a predicted 

measurement is produced. This thus defines a likelihood term that can be inverted with a 

prior term to approximate the posterior density of model parameters (David et al., 2006; 

Garrido, 2008; Kiebel et al., 2006).  

These priors are critical to the DCM framework (David et al., 2006). Firstly, they define how 

regions are connected, and which regions receive thalamic input. Perhaps more importantly 

however, they also determine the capacity for the parameters of interest to change with 

experimental perturbation. These log-normal5 priors are used to constrain the parameters of 

the DCM to their likely values, and are defined by their prior expectation (mean) and 

uncertainty (variance).Typical prior variances range between ~1/16 as a tight prior, and ~1/2 

as a wide prior. A tight prior imposes tight constraints on change in the parameter value while 

a wide prior allows for greater movement of the expected value. An infinitely tight prior can 

also be used to fix parameters that must remain stable (see Figure 5 for examples). Typically, 

the parameters upon which you wish to infer change will have relatively flat priors to allow 

for greater movement with experimental perturbation (David et al., 2006).    

                                                      
5 The logarithm is used to ensure that the parameters remain positive.  
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Figure 5. Example log normal priors on T, with a prior mean of 0. Demonstrates the difference between typical 
tight (1/128 and 1/16) and wide (1/2) prior variances. Graph created using modified code from that included in 
the SPM software (spm_fx_cmc).  

2.3.4 The Neuronal Model  

With the expansion of DCM into electrophysiology came the opportunity to define 

increasingly realistic models of neuronal architecture (reviewed in Moran et al., 2013). DCMs 

for ERPs typically employ convolution-based neuronal-mass models. The term convolution 

stems from the representation of microscale dynamics using two transformations (Freeman, 

1987; Jansen & Rit, 1995). The first is a convolution operation which transforms presynaptic 

input into post-synaptic membrane depolarisation. This is controlled by two biologically 

informed parameters that determine the maximum amplitude of the post synaptic potential, 

and the rate of passive delays (i.e., a rate constant). The second transformation is a sigmoid 

function which transforms this depolarisation into spiking output. The shape and location of 

this sigmoid are determined by the threshold and sensitivity (i.e., gain) of the subpopulation 

(Moran, Pinotsis, et al., 2013).  
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Exogenous input is modelled as entering the network via a Gaussian impulse function, which 

feeds into the state equations that represent neuronal sub-populations as neuronal-masses6. 

Neuronal-mass models are employed to strike a balance between model realism, and model 

complexity, by representing population-wide parameters by their statistical moments. This 

approach avoids having to account for the interactions of individual neurons, and shifts the 

neuronal representation from the microscopic (i.e., single neurons) to the mesoscopic (i.e., 

neuronal populations) level (Roberts & Breakspear, 2018; Stephan et al., 2017). Each source 

within a modelled network is then represented by the intrinsic coupling of neuronal sub-

populations, and is connected to other sources via extrinsic connections that embody the 

connectivity rules defined by Felleman and Van Essen (1991). The directionality of 

connections can be determined from the laminar patters of origin and termination. These 

neuronal dynamics are  represented by a series of state equations that determine hierarchical 

cortico-cortical coupling within a specified neuronal network (David et al., 2006). The form of 

these state equations depends on the particular neuronal mass model that is employed.  

The ERP model. The first neuronal-mass model that was developed for DCM for ERPs, was the 

aptly named ERP model (David et al., 2005, 2006; Kiebel et al., 2006; Moran, Pinotsis, et al., 

2013). The ERP model distinguishes between three subpopulations of neurons that 

predominantly reside in different layers of the cortex: pyramidal cells and inhibitory 

interneurons are represented within infra- and supra granular layers respectively, while 

excitatory spiny stellate cells are represented in the granular layer (layer IV).  Extrinsic 

connections all originate in agranular layers. Forward connections terminate in excitatory 

cells in the granular layer (also the site of thalamic input), backward connections terminate in 

excitatory and inhibitory agranular cells, and lateral connections terminate in all layers (David 

et al., 2005, 2006; Moran, Pinotsis, et al., 2013). Local circuitry is modelled through simplified 

intrinsic interactions between these three layers of the cortical sheet (Kiebel et al., 2007), 

where pyramidal cells receive both excitatory and inhibitory input from spiny stellates and 

inhibitory interneurons respectively. A depiction of these connections, and the corresponding 

state equations are included in Figure 6. 

                                                      
6 The terms neuronal mass and mean field are often used interchangeably. However, as defined by Moran et 
al., (2013), for the purpose of DCM neuronal mass refers to models that define the interaction of populations 
via their means, while mean field refers to models that incorporate higher order moments.   
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The Canonical Microcircuit Model. One of the limitations of the ERP neuronal model is that it 

does not distinguish between superficial and deep pyramidal cells. As discussed in Section 

1.3.5, these two pyramidal cell populations have distinct roles in forward and backward 

extrinsic connections, which in turn, has important implications for studying Predictive Coding 

under the Free Energy Principle. The CMC model offers an extension of the neuronal 

architecture of the ERP model, that accommodates these distinct sources of forward and 

backward connections (Bastos et al., 2012; Moran, Pinotsis, et al., 2013).  

The CMC model is based upon findings from the cat visual cortex, however, the same basic 

structure is understood to occur throughout the cortex (thus a canonical microcircuit) 

(Douglas & Martin, 2004; Douglas, Martin, & Whitteridge, 1989). As opposed to the three cell 

populations included in the standard DCM ERP neuronal mass model (Moran, Pinotsis, et al., 

2013), each cortical source in the CMC model consists of four cell populations: inhibitory 

interneurons, spiny stellate cells and separate superficial and deep pyramidal cell populations 

(Bastos et al., 2012). Forward connections originate in superficial pyramidal cells and 

terminate in spiny stellate cells or deep pyramidal cells, while feedback connections originate 

in deep pyramidal cells and terminate in superficial layers (inhibitory interneurons and 

superficial pyramidal cells). Inter-laminar and horizontal connectivity parameters determine 

the intrinsic (within source) behaviour of a cortical source. Reciprocal inhibitory and 

excitatory connections exist between superficial pyramidal cells and spiny stellates, between 

spiny stellates and inhibitory interneurons, and between inhibitory interneurons and deep 

pyramidal cells. The activity of superficial pyramidal cells is controlled via self-inhibition, 

where high inhibition reflects low precision/gain. A depiction of the CMC architecture and 

corresponding state equations is included in Figure 7. 
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Figure 6. a) Schematic of the ERP model included in the SPM software (David et al., 2006; Kiebel et al., 2006). Each source is modelled as the interaction between three cell 
populations (spiny stellates, inhibitory interneurons and pyramidal cells). Sources are connected via forward, backward, and lateral connections. Exogenous input enters 
the system at the lowest level. b) Differential equations defining the neuronal states (current i, and voltage v) of each cell population (David et al., 2006; Moran, Pinotsis, et 
al., 2013). Each cell population and each source are connected via intrinsic d and extrinsic A connections respectively, with exogenous input U entering through spiny 
stellate cells. A sigmoid function  𝜎(𝑣𝑥) convolves presynaptic firing to produce postsynaptic depolarisation, and is depended on each sub-populations membrane time 
constant Wx and average post-synaptic depolarisation u. 
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Figure 7. a) Schematic of the Canonical Microcircuit (CMC) model included in the SPM software (Bastos et al., 2012). Each source is modelled as the interaction between 
four cell populations (spiny stellates, inhibitory interneurons, and superficial and deep pyramidal cells). Sources are connected via forward (upper right) and backward 
(lower left) connections that originate in superficial and deep pyramidal cells respectively. Exogenous input enters the system at the lowest level. b) Differential equations 
defining the neuronal states (current i, and voltage v) of each cell population (Moran, Pinotsis, et al., 2013). Each cell population and each source are connected via intrinsic 
d and extrinsic A connections respectively, with exogenous input U entering through spiny stellate cells. A sigmoid function  𝜎(𝑣𝑥) convolves presynaptic firing to produce 
postsynaptic depolarisation, and is depended on each sub-populations membrane time constant W and average post-synaptic depolarisation u.
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The above summary presents all the components of the DCM generative model. Put simply, 

these components encompass three levels of description. Microscale (i.e., single neuron) 

dynamics are represented by a convolution operator and sigmoid function that transform 

population membrane potentials to firing rates. This is carried through to a series of 

differential equations, where the parameters of population dynamics are represented by 

their first order moments, which corresponds to the mesoscopic (i.e., neuronal population) 

level. Finally  this is then passed through an electrophysiological forward model (the lead field) 

that determines how these local dynamics transfer to the macroscale (i.e., the scalp) (David 

et al., 2006; Kiebel et al., 2007). 

2.4. Bayesian Inference 

Once a DCM has been defined, model inversion corresponds to determining the posterior 

probability of the model parameters T  given the model m, and the data y. Given Bayes rule, 

this inversion of the generative model corresponds to (David et al., 2005)  

𝑝(𝜃|𝑦, 𝑚) =  
𝑝(𝑦|𝜃, 𝑚)𝑝(𝜃, 𝑚)

𝑝(𝑦|𝑚)  

(16) 

Cast within a Variational Bayes scheme, the estimation of the posterior moments (mean and 

covariance) corresponds to a descent on the free energy, F with respect to a conditional 

density q(T) (Friston, 2002). Upon convergence, the free energy acts as a negative bound on 

the log model evidence, or log likelihood.  

In a typical DCM analysis, a number of different models will be defined that each embody a 

hypothesis as to the experimental perturbation of the underlying network. These models can 

then be compared to determine the most likely fit for the data. Importantly, the iterative 

scheme outlined above not only provides an approximation to the posterior model 

parameters 𝑝(𝜃|𝑦, 𝑚), but also an approximation to the log model evidence 𝑝(𝑦|𝑚). The log 

model evidence is an approximation to probability of obtaining the data under a particular 

model. The best model is the model with the highest log-evidence (Garrido, 2008).  
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2.4.1 Group model inference  

Different models can then be compared at the group level to determine the most likely from 

of a set of models encompassing possible causes for observed data. Under a classical statistics 

approach, this would entail computing a log-likelihood ratio7 across subjects, and testing a 

null hypothesis that no one model is better than any other (i.e., by running an ANOVA) 

(Stephan, Penny, Daunizeau, Moran, & Friston, 2009). However this approach is limited to 

determining the evidence against the null, and individual models can only be compared using 

post hoc tests. An alternative is to use Bayesian Model Comparison (BMC) and selection 

(BMS). This can be conducted using either Fixed Effects (FFX) or random effects (RFX) 

modelling. Both methods rest upon the calculation of Bayes Factors (BF) which, given any two 

models at the individual level, corresponds to the difference between their log model 

evidences (Garrido, 2008) 

ln 𝐵𝐹1,2 = ln 𝑝(𝑦|𝑚1) − ln 𝑝(𝑦|𝑚2) 

(17) 

 In an FFX analysis, a group BF can be calculated from simply adding together the model 

evidence for each subject, or multiplying the marginal likelihoods (Garrido, 2008). This 

assumes that the data were generated by the same model for every subject. Conversely, a 

RFX analysis employs a hierarchical Bayesian scheme and treats each model as a random 

variable  (Stephan et al., 2009). Under this scheme, the winning model can differ between 

subjects. Group comparison is furnished by the calculation of a Bayesian Omnibus Risk (BOR) 

and a Protected Exceedance Probability (pxp). The BOR is similar (though not identical) to a 

frequentist p value and quantifies the probability that all models are equally likely. The pxp 

then uses the BOR to determine one models likelihood, above and beyond chance (Rigoux, 

Stephan, Friston, & Daunizeau, 2014).       

2.4.2 Parametric Empirical Bayes with Bayesian Model Reduction      

The above formulation of group inference is based on the independent inversion of all models 

of interest for each subject, and comparing these using their log model evidence. This scheme 

                                                      
7 A log-likelihood ratio corresponds to the likelihood of obtaining the observed data under one model divided 
by the likelihood of obtaining the observed data under another model (Stephan, Penny, Daunizeau, Moran, & 
Friston, 2009). In frequentist statistics, this corresponds to a comparison between the alternative and the null.  
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can however be somewhat inefficient when working with large model spaces. Additionally, 

this method suffers from the local maxima problem, where individual models can converge 

on local, rather than global maxima (Friston et al., 2016; Friston, Zeidman, & Litvak, 2015). 

However, a recent extension of the DCM analysis framework has been designed to address 

these two shortfalls of conventional Bayesian model comparison using BMR and PEB.   

BMR refers to the inversion of reduced models based upon the posterior of the full model 

(Friston et al., 2016; Friston, Parr, & Zeidman, 2018; Friston et al., 2015). Reduced models are 

formed by ‘switching off’ parameters of the full model using shrinkage priors that reduce their 

estimate to zero. As such, parent (full) and reduced models only differ in their priors (i.e., the 

presence or absence of certain connections), meaning that the posteriors of reduced models 

can be determined based on the posterior of the full model and the reduced priors. In the 

context of DCM, this means that one only needs to invert the full model.    

While there are various possible applications of BMR in group model comparison, it is 

particularly useful when defining hierarchical models, where empirical priors from  the group 

level provide reduced priors for individual models (Friston et al., 2016). This rests upon the 

construction of a hierarchical model structure, where subject-specific models act as the first 

level, and group effects as the second level. As discussed in Section 1.3.5, empirical priors are 

priors that are defined based on data, and can be passed down levels of a hierarchical model 

structure. This engenders an interdependence between layers of the model hierarchy, where 

superordinate levels depend on the posterior estimates from subordinate levels, and the 

priors of subordinate levels act as empirical constraints based on the posterior estimates from 

superordinate levels (Friston et al., 2016, 2015).  

This hierarchical framework is referred to as PEB, where empirical priors from the group level 

are used to constrain subject specific parameters. This generative model can be represented 

as follows (Friston et al., 2015; Pinotsis, Perry, Litvak, Singh, & Friston, 2016): 

ln 𝑝(𝑦, 𝜃(1), 𝜃(2)|𝑚) = ∑ ln 𝑝(𝑦| 𝜃(1), 𝑚) + ln 𝑝(𝜃(1), 𝜃(2)|𝑚) + ln 𝑝(𝜃(2)|𝑚) 

𝑝(𝑦𝑖|𝜃(1), 𝑚) =  𝒩(Γ𝑖
(1)(𝜃(1)) + Σ𝑖(𝜃(1))) 

𝑝(𝜃(1), 𝜃(2)|𝑚) =  𝒩(Γ(2)(𝜃(2)) + Σ𝑖(𝜃(2)))  

𝑝(𝜃(2)|𝑚) = 𝒩(𝜂, Σ) 
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(18) 

Where Γ𝑖
(1)  is the non-linear mapping (or the DCM) of the observed data y  for the ith subject. 

The DCM parameters 𝜃(1) are represented by a group level GLM Γ(2), with parameters 𝜃(2) 

specified by their Gaussian priors. Observational noise Σ𝑖
(1) and between subject variability 

Σ(2) are included at the first and second levels respectively. Equation (18) thus demonstrates 

the hierarchical dependencies between the within and between subjects levels.  

The second level GLM takes on the form (Friston et al., 2016; Pinotsis et al., 2016; Zhou et al., 

2018): 

Γ(2)(𝜃(2)) = (𝑋⨂𝑊)𝛽   

 (19) 

Where X and W correspond to a design matrix of between and within subject components 

respectively. E are the effects from this design matrix. Between subject components 

correspond to group effects such as age, while the within subject components correspond to 

a mixture of random-effects parameters. Taking the Kronecker product 𝑋⨂𝑊, allows for the 

estimation of every combination of second level (between subject) effect and every first level 

(within subject) parameter (i.e., DCM connection) (Friston et al., 2016; Pinotsis et al., 2016; 

Zhou et al., 2018). To determine the combination of DCM parameters and group effects that 

best explains subject variability, one can then use Bayesian Model Comparison (BMC), where 

reduced models are defined using BMR to iteratively remove parameters. Reduced models 

are compared until model evidence starts to decrease. BMA is then used to average the best 

models, leaving only the parameters that contribute to the effects of interest.  

This chapter has provided an outline of EEG methodology, and has presented the case for 

coupling it with computational modelling (specifically DCM) to gain a deeper understanding 

of the neuronal basis of observed data. In the next chapter, these methods will be used 

compare the learning models that were outlined in Chapter 1. Subsequent chapters will 

explore how these methods can be applied to the development of biomarkers for disrupted 

neuroplasticity.  
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Chapter 3. Indexing sensory plasticity: Evidence for distinct 

Predictive Coding and Hebbian Learning mechanisms in the 

cerebral cortex 

Published manuscript: 

Spriggs, M. J., Sumner, R. L., McMillan, R. L., Moran, R. J., Kirk, I. J., & Muthukumaraswamy, S. 

D. (2018). Indexing sensory plasticity: Evidence for distinct Predictive Coding and Hebbian 

Learning mechanisms in the cerebral cortex, NeuroImage, 176, 290-300.  

3.1. Scope  

Perceptual learning is dependent on structural and functional modification of neuronal 

networks. As outlined in Section 1.1, the most influential neuronal model of this experience-

dependent plasticity is Hebbian plasticity, where the repeated co-activation of two neurons 

leads to a strengthening of their synaptic bond (Malenka, 2003). Alternatively, inferential 

learning models proposes that learning occurs through probabilistic inference (Friston, 2005; 

Knill & Pouget, 2004). The Free Energy formulation of Predictive Coding proposes that 

inferential learning corresponds to the reciprocal reduction of prediction error within 

hierarchically organised networks (Bastos et al., 2012; Friston, 2005; Garrido, Kilner, Stephan, 

et al., 2009; Huang & Rao, 2011). The most pertinent divergence between the Hebbian and 

Predictive Coding frameworks is that while Predictive Coding depends on top-down message 

passing, Hebbian plasticity does not. The aim of this chapter was to compare Hebbian learning 

and the Free Energy formulation of Predictive Coding using their archetypal EEG paradigms; 

the visual LTP paradigm, and the roving MMN respectively. Both paradigms encompass simple 

experimental perturbations of sensory input and have also been used independently as 

indices of modulated neuroplasticity in healthy and clinical populations. However, the 

paradigms induce distinct changes in the evoked response that have yet to be compared. 

Following an overview of the paradigms, this chapter presents the first direct empirical 

comparison of the generative mechanisms of the visual LTP paradigm and the roving MMN.  
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3.2. Studying Hebbian Plasticity – the sensory LTP paradigm.     

3.2.1 Studying LTP in laboratory animals 

Since the landmark discovery of the Hebbian synapse (Bliss & Lømo, 1973), LTP and LTD have 

been studied extensively in laboratory animals, where, their cellular characteristics have been 

well defined (Section 1.1). The in vivo induction of LTP typically necessitates that a simulating 

electrode and a recording electrode are implanted into neighbouring cells, and the 

stimulating electrode is used to deliver a presynaptic burst of high frequency electrical 

stimulation (referred to as a tetanus Figure 8a). A subsequent enhancement of the post-

synaptic response indicates that LTP has been induced in the effected synapse (Abraham, 

Logan, Greenwood, & Dragunow, 2002; Bliss & Lømo, 1973; Figurov, Pozzo-Miller, Olafsson, 

& others, 1996; Harris, Ganong, & Cotman, 1984; Teyler & DiScenna, 1987). Typical tetanic 

frequencies for LTP range anywhere from 10 to 400 Hz, and consist of 50 to 100 pulses. An 

equivalent  low-frequency tetanus (1-3 Hz) will instead induce LTD (Bliss & Collingridge, 2013; 

Dudek & Bear, 1992; Mulkey & Malenka, 1992; Teyler & DiScenna, 1987). Initial studies of 

NMDA-dependent LTP focused almost exclusively on the synapses of the Shaffer collaterals 

and CA1 pyramidal cells of the hippocampus. While the relative complexity of cortical tissue 

renders induction more difficult, LTP and LTD have now been demonstrated in glutamatergic 

pathways throughout the cortex (Abraham & Williams, 2003; Heynen & Bear, 2001; Kirk et 

al., 2010; Kirkwood & Bear, 1994; Malenka, 2003). 

The induction procedure described above is referred to as frequency dependent as the 

temporal frequency of the tetanus determines the direction of the plasticity induced. A 

related procedure, known as theta burst stimulation involves delivering bursts of 4 impulses 

at 100 Hz, separated by a 200 ms interval (Nguyen & Kandel, 1997). This is designed to mimic 

theta band activity that is important in learning and memory (Bliss & Collingridge, 1993). 

Alternatively, paired stimulation protocols bypass the need for high frequency stimulation 

and instead involve the pairing of pre- and post-synaptic stimulation within a restricted 

temporal window (approximately 50 ms). LTP or LTD can be induced depending on the order 

in which the cells are stimulated; pre-before-post induces LTP, and vice versa for LTD (Bliss & 

Cooke, 2011; Markram, Lübke, Frotscher, & Sakmann, 1997). Notably, all of these paradigms 
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involve invasive recording which, until recently, has limited the study of LTP to laboratory 

animals.   

3.2.2 Human LTP 

The transition to studying human LTP began with in vitro recordings performed in tissue 

excised from surgical patients. Chen et al., (1996) provided the first demonstration of NMDA-

dependent synaptic modification in the human inferior temporal cortex using both a 100 Hz 

tetanus to induce LTP, and a 1 Hz tetanus to induce LTD. Subsequently, LTP has been 

demonstrated in hippocampal tissue (Beck, Goussakov, Lie, Helmstaedter, & Elger, 2000). 

While this indicated that human LTP and LTD are supported by similar mechanisms to those 

identified in laboratory animals, the use of potentially pathological tissue has been 

questioned (Bliss & Cooke, 2011; Mansvelder, Verhoog, & Goriounova, 2019).  

The first in vivo protocols for studying human LTP employed transcranial magnetic stimulation 

(TMS Figure 8) Stefan et al., (2000) coupled low frequency peripheral nerve stimulation with 

TMS over the motor cortex and induced an enhancement of the motor evoked potential 

(MEP). This protocol, referred to as paired associative stimulation, draws parallels to the 

paired stimulation protocols used in rodents (Mansvelder et al., 2019). This MEP 

enhancement is both NMDA-dependent (Stefan, Kunesch, Benecke, Cohen, & Classen, 2002) 

and enduring (McKay, Brooker, Giacomin, Ridding, & Miles, 2002), thus supporting the 

interpretation of this as an LTP-like effect. As an alternative, repetitive TMS (rTMS), has been 

used to mimic frequency dependent and theta burst stimulation protocols. Consistent with 

rodent models, such studies have demonstrated both increases and decreases in evoked 

responses when employing high and low frequency stimulation respectively (Bliss & Cooke, 

2011; Ziemann, 2004).  
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Figure 8. methods of inducing Long-Term Potentiation (LTP). a) Traditional method of implanting a simulating 
electrode (Stim) and recoding electrode (Rec) into the synapse of the schaffer collaterals (sch. Col.) and the 
CA1 region of the rodent hippocampus. b.i) The first non-invasive method of LTP induction in humans paired 
Transcranial Magnetic Stimulation with peripheral nerve stimulation (PAS) and demonstrated an enhancement 
of the motor evoked potential (MEP).  b.ii) Subsequently, TMS was used on its own to deliver repetitive 
stimulation (rTMS). c.i) the visual LTP paradigm does not require electrical stimulation and instead uses visual 
stimulation to induce changes in the visually evoked response (recorded using EEG). c.ii) Results of the first 
visual LTP study conducted by Teyler et al., (2005). Top panel: there was a specific enhancement of the N1b 
component of the visually evoked potential post-tetanus (Post-tet.), compared to pre-tetanus (Pre-tet.; 
depicted negative up). Bottom panel: topography of the contralateral P1 and bilateral N1b induced via the 
presentation of checkerboards to one visual hemi field. Only the N1b showed an enhancement. Figure c.ii 
adapted with permission from Teyler et al., (2005). 

3.2.3 The sensory LTP paradigm  

Based upon Bliss & Lømo's (1973) landmark study, all of the induction protocols discussed 

thus far have employed electrical or magnetic stimulation. As such stimulation is (at least for 

most of us) rarely encountered in everyday life, it could be argued that paradigms that utilise 

more ecologically viable stimuli afford a better index of the types of experience-dependent 

plasticity that underlie day-to-day learning. With this in mind, Teyler et al.,  (2005) introduced 

the first non-invasive protocol for inducing LTP in humans using sensory stimulation (Figure 

8c.i). During EEG recording, participants were presented with semicircular checkerboards to 

the left and right visual fields.  These were presented at a low temporal frequency 

(approximately 1 Hz) both preceding and following a high frequency (approximately 9 Hz) 
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presentation of one of these two stimuli (counterbalanced between participants). This high 

frequency visual tetanus was designed to be somewhat analogous to the high frequency 

electrical tetani used in rodent studies, yet below the threshold for visual flicker fusion (Clapp, 

Hamm, Kirk, & Teyler, 2012). Independent Component Analysis (ICA) revealed a specific post-

tetanic enhancement of a component of the visually evoked potential (VEP) referred to as the 

N1b. This corresponds to the first half of the tail edge between the peak of the N170 and the 

peak of the P2 Figure 8c.ii. This N1b enhancement corresponded to an increased negativity 

that was greater in the hemisphere contralateral to the tetanised stimulus, and lasted for at 

least 1 hour post-tetanus. Furthermore, low resolution electromagnetic tomography 

(LORETA), was used to localise the enhancement to the striate cortex. A complementary fMRI 

study corroborated these source analysis results, and localised the BOLD enhancement to the 

extrastriate visual cortex  (Clapp, Zaehle, et al., 2005). The induced enhancement was thus 

enduring, stimulus-specific, and both spatial and temporally circumscribed, which together, 

is consistent with Hebbian LTP. Nevertheless, the non-invasive nature of the procedure 

precludes an examination of the cellular mechanisms the define LTP, and this was therefore 

concluded to reflect LTP-like enhancements of the VEP. Subsequently, this LTP-like 

enhancement has been repeatedly replicated using both visual and auditory stimulation. A 

summary of all studies that (to the best of the author’s knowledge) have been published to 

date employing variants of this sensory LTP paradigm is presented in Table 1Table 18. 

The studies in Table 1 all employ one of three variants of the sensory LTP protocol. The first 

is that which was developed by Teyler and colleagues and, as above, involves the presentation 

of (usually two) visual or auditory stimuli at a low temporal frequency (~1 Hz) both preceding 

and following a high frequency tetanus (~9 Hz). The second variant was first performed by 

Normann et al., (2007) who  presented participants with 20 second blocks of visual 

checkerboard reversals (2 reversals per second) both preceding and following a 10 minute 

presentation of the same stimulus. The authors report enhancements of the C1, P1, and N1 

components of the VEP that were specific to the temporal frequency used for the tetanus 

(i.e., potentiation did not occur when the tetanic checkerboard reversals were presented at 

19 reversals per second). The third procedural variant was developed by Çavuş et al., (2012) 

who presented participants with centrally localised checkerboards. To maintain attention, 

                                                      
8 This does not include reviews, conference abstracts or theses/dissertations 
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participants were required to respond to an infrequent target stimulus that was embedded 

within the pre- and post-tetanus blocks. The authors report a potentiation of the C1 (~100 

ms) and N1b (~150 ms) components of the VEP.  

From a comparison of these three protocols, a few important observations must be made 

regarding the reported ERP components. The first pertains to ERP nomenclature. While Çavuş 

et al., (2012) refer to a midline peak at ~100 ms as a C1, Normann et al., (2007) distinguish 

between a C1 (~64 ms), and an N1 (~126 ms). For consistency, the remainder of this thesis 

will use the term C1 to refer to the early (<90 ms) midline negative peak that occurs prior to 

the P1.  The term N1 will be used to refer to the later (>90 ms) midline negative peak occurring 

after the P1. This centralised N1 will be regarded as distinct from the lateralised negative peak 

at approximately 170 ms that gives rise to the N1b (Teyler et al., 2005). However, the N1b is 

defined as a specific section of the tail edge of the N170 (from the N170 peak to the midpoint 

between the peak of the N170 and the P2) (McNair et al., 2006; Ross et al., 2008; Smallwood 

et al., 2015; Spriggs, Cadwallader, Hamm, Tippett, & Kirk, 2017). As such, the term N170 will 

be used to refer to this lateralised negative peak, and N1b will be used when studies have 

specifically assessed the restricted component of the tail edge of the N170.   

Nomenclature aside, the three studies do vary in the ERP components that reflect visually 

induced potentiation. What may perhaps seem most surprising is that Normann et al., (2007) 

did not replicate the N1b potentiation demonstrated by Teyler et al., (2005). However, 

Normann et al., (2007) only recorded from a single midline electrode (Oz). The N1b is most 

predominant in lateralised parieto-occipital electrodes (e.g., PO7 and PO8 under the 10-20 

system). Interestingly, subsequent studies employing the Normann et al., (2007) protocol 

have continued to focus their analysis of the C1, P1 and N1 components measured at Oz, even 

when lateralised electrodes have been available (Elvsåshagen et al., 2012; Zak, Moberget, 

Bøen, Boye, Waage, Dietrichs, Harkestad, Malt, Westlye, & Andreassen, 2018). As a final note, 

none of these early studies identify P2 potentiation. However, P2 potentiation in later post-

tetanus blocks (i.e., after a significant post-tetanus delay) has become a predominant feature 

of later studies (Forsyth et al., 2017; Jahshan, Wynn, Mathalon, & Green, 2017; Spriggs, 

Cadwallader, et al., 2017; Sumner, Spriggs, et al., 2018).  
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Table 1 has further categorised previous studies based on their primary outcome measure.  

Following an initial series of studies that established the Teyler et al., (2005) protocol, these 

can be broadly categorised as those assessing Hebbian characteristics, and those assessing 

population differences. Studies assessing Hebbian characteristics have demonstrated 

specificity (McNair et al., 2006; Normann et al., 2007; Ross et al., 2008)9 and NMDA 

dependence (Forsyth, Bachman, Mathalon, Roach, & Asarnow, 2015; Wijtenburg et al., 2017). 

Studies of population differences have demonstrated that the magnitude of the LTP-like 

enhancement is affected by age (de Gobbi Porto et al., 2015; Spriggs, Cadwallader, et al., 

2017), genetics (Spriggs, Sumner, et al., 2017), physical fitness (Smallwood et al., 2015), and 

hormones (Sumner, Spriggs, et al., 2018). Disrupted potentiation has been demonstrated 

across a range of clinical populations including schizophrenia (Çavuş et al., 2012; Forsyth et 

al., 2017; Jahshan et al., 2017; Mears & Spencer, 2012), depression (Normann et al., 2007), 

bipolar II (Elvsåshagen et al., 2012; Zak, Moberget, Bøen, Boye, Waage, Dietrichs, Harkestad, 

Malt, Westlye, & Andreassen, 2018) and autism spectrum disorder (Wilson, Lodhia, Courtney, 

Kirk, & Hamm, 2017). Importantly, the sensory LTP paradigm is well suited for clinical 

applications as it does not require any participant response. Together, not only does this body 

of research establish the sensory LTP paradigm as a reliable, non-invasive index of Hebbian 

plasticity, but also demonstrates its sensitivity to disrupted plasticity in neurological and 

psychological conditions.  

 

 

                                                      
9 Though specificity has not been a consistent finding (Sumner, Spriggs, et al., 2018) 
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Table 1. Summary of studies using the human sensory LTP paradigm. Includes information on sampled cohort,  the paradigm used, and a brief explanation of the main 
finding.  

STUDY PARTICIPANTS STIMULUS1 MEASURE2 POST TETANUS BLOCKS MAIN FINDING3 

 Population N Age  Minutes post-tetanus  

ESTABLISHING THE PARADIGM       

Teyler et al., 
(2005) 

NT males 6 23-38 Checkerboards 

(hemi-field) 

ERP: N1b 2, 15, 30, & 45min LTP-like enhancement of the 
N1b component of the VEP 

Clapp, Kirk, et al., 
(2005) 

NT males 6 21-41 Tone pips4  ERP: N1 within 60min LTP-like enhancement of the 
AEP 

Clapp, Zaehle, et 
al., (2005) 

NT males 10 NR Checkerboards 
(hemi-field) 

fMRI BOLD NR Enhanced BOLD response in 
the extrastriate visual cortex 

Clapp, et al., 
(2006) 

NT males 8 23-38 Checkerboards 

(hemi-field) 

EEG 
oscillations 

~0, & 6min Enhanced alpha event-
related desynchronisation 

Zaehle et al., 
(2007) 

NT 10 22-48 Tone pips fMRI BOLD 1min Enhanced BOLD response the 
auditory cortex 

HEBBIAN CHARACTERISTICS      

McNair et al., 
(2006) 

NT 8 Mean 28.3 Sine gratings 

(spatial frequency) 

ERP: N1b NR Specificity: spatial frequency 

Normann et al., 
(2007) 

NT 22 NR Checkerboard 
reversal 

ERP: C1, 
P1, N1 

2, 8, 12, 18, 22 & 28min Specificity: temporal 
frequency 

Ross et al., (2008) NT 18 20-44 Sine gratings 

(orientation) 

ERP: N1b 2 & ~40min Specificity: orientation 

Forsyth et al., 
(2015) 

NT placebo 

 

33 

 

Mean 20.6 

 

Checkerboards ERP: N1, P2 2, 4, 20 &120min NMDA dependence: ↑NMDA 
agonist 
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NT NMDA agonist 32 Mean 20.6  

Wijtenburg et al., 
(2017) 

NT 18 19-62 Checkerboards fMRI BOLD 
& MRS 

Starting at 2min NMDA dependence: 
dependent on glutamate, 
glutamine and GABA. 

POPULATION EFFECTS       

 

Normann et al., 
(2007) 

NT 

SSRI treatment5 

7 

7 

 

NR 

 

Checkerboard 
reversals 

 

ERP: N1, 
P1, & C1 

 

2, 8, 12, 18, 22 & 28min 

↑ SSRI treatment 

NT 

Depression 

10 

10 

↓Depression 

 

Mears & Spencer, 
(2012) 

NT 

Schizophrenia 

15 

14 

21-54 

21-54 

Tone pips 

(frequency) 

ERPs and 
topography 
TOIs10 

~0 & 20min ↓Schizophrenia 

 

Elvsåshagen et 
al., (2012) 

NT 

Bipolar II 

40 

26 

Mean 31.1 

Mean 33.6 

Checkerboard 
reversals 

ERP: C1, 
P1, N1, & 
P1-N1 P2Pd 

2, 8, 12, 18, 22 & 28min ↓Depression 

Greater ↓ in un-medicated 
patients. 

Çavuş et al., 
(2012) 

NT 

schizophrenia 

22 

19 

Mean 37.8 

Mean 40.0 

Checkerboards ERP: N1 & 
N1b 

2,4 & 20min ↓Schizophrenia 

Smallwood et al., 
(2015) 

Exercisers 

Non-exercisers 

11 

10 

21-37 

19-28 

Sine gratings 

(orientation) 

ERP: N1b 2 & ~40min ↑exercisers 

Spriggs, 
Cadwallader, et 
al., (2017) 

Young adults 

Older adults 

30 

19 

18-35 

68-91 

Sine gratings 

(orientation) 

ERP: N1b & 
P2 

2 &  ~40min ↓with age 
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Spriggs, Sumner, 
et al., (2017)6 

BDNF Val/Val 

BDNF Met carriers 

21 

19 

19-33 Sine gratings 

(orientation) 

ERP: 0-250 
ms TOI & 
DCM 

2 & ~40min ↑ Met carriers 

LTP induced modulation of 
forward connectivity in 
ventral visual stream.  

Forsyth et al., 
(2017) 

Schizophrenia – 
Placebo 

Schizophrenia – 
NMDA agonist 

21 

 

24 

18-39 

 

18-42 

Checkerboards ERP: N1 & 
P2 

2, 4, 20, & 120min — NMDA agonist in 
schizophrenia 

Wilson et al., 
(2017) 

NT 

Autism Spectrum 
Disorder 

12 

12 

19-39 

18-32 

Checkerboards ERP: N170  1, ~27, ~54min ↑ Autism Spectrum Disorder 

 

 

 

Zak et al., (2018) 

NT 

Bipolar II 

29 

16 

Mean 33.1 

Mean 32.7 

 

 

Checkerboard 
reversals 

 

 

ERP: C1, 
P1, N1, & 
P1-N1 P2Pd 

 

 

2, 8, 12, 18, 22 & 28min 

↓Bipolar II 

Longitudinal correlation 
(2.2years) between 
potentiated components. 

NT 

Bipolar II 

29 

29 

Mean 35.6 

Mean 35.5 

↓Bipolar II 

Greater ↓in medicated 
patients. Negative correlation 
between depressive 
symptoms and potentiation. 

Positive correlation between 
potentiation and salivary 
cortisol in NT. 

Spriggs et al., 
(2018) 

BDNF Val/Val 

BDNF Val/Met 

10 

10 

 

21-35 

Sine gratings 

(orientation) 

ERP: N1b 2 & ~40min ↓Met allele carriers 
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BDNF Met/Met 8 N1b amplitude predictive of 
visual memory performance 
(WMS-III) 

Sumner et al., 
(2018)7 

Follicular and 
luteal phase of 
menstrual cycle5 

 

20 

 

21-23 

Sine gratings 

(orientation) 

ERP: 0-
250ms TOI 
& DCM 

2 & ~40min — menstrual cycle. 

LTP modulated forward 
connectivity within visual 
network. 

 

 

 

 

D’Souza et al., 
(2018) 

NT (placebo & 
GlyT1 inhibitor)  

Schizophrenia 
(placebo & GlyT1 
inhibitor)8 

40 

 

9 

 

Mean 30 

 

Mean 38.4 

 

 

 

 

Checkerboards 

 

 

 

 

ERP: N1 

 

 

 

 

2, 4, 6, 18min 

↑ for Schizophrenia group 
treated with 40mg GlyT1 
inhibitor 

 —  GlyT1 inhibitor for NT 

Greater ↑ with drug target 
efficacy ~ 60 – 80% 

Schizophrenia 
placebo 

Schizophrenia 
GlyT1 inhibitor5 

10  

 

10 

 

Mean 51.6 

↓ drug effect over 40 mg 

 

ADDITIONAL STUDIES       

Lahr et al., (2014) 

 

NT 18 18-38 Checkerboards fMRI BOLD 2min Individual differences in 
localisation of activation 
increases and decreases. 

Klöppel et al., 
(2015) 

NT 37 Mean 23.8 Checkerboard 
reversals 

ERP: C1 & 
P1 

2, 8 & 12min ↑BDNF Met allele carriers9 

↑with alertness 

Correlation between 
potentiation and paired 
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associative stimulation 
response. 

de Gobbi Porto et 
al., (2015) 

Older adults 17 Mean 77.4 Checkerboards 

(hemi-field) 

ERP: N1b 2min Potentiation in older adults 

Jahshan et al., 
(2017) 

Schizophrenia 64 Mean 51.5 Checkerboard 50-400ms 
TOI11 

2, 4 & 20min Correlation between 
potentiation and cognitive 
performance. 

Yellow shading = studies using the Teyler et al., (2005) protocol. Blue shading = studies using the Normann et al., (2007) protocol. Green shading = studies using the Çavuş 
et al., (2012) protocol.  NT = neurotypical. NR= not reported. P2Pd = peak to peak difference. ↑= increase in the magnitude of potentiation. ↓= decrease in the magnitude 
of potentiation . — = no effect on the magnitude of potentiation. NMDA = N-methyl-D-aspartate. SSRI = selective serotonin reuptake inhibitor. GlyT1 = Glycine transporter. 
TOI = time-window of interest. 

1 Where a control stimulus (i.e., non-tetanised stimulus) has been included, the properties that differ between the stimuli is included in brackets. 

2 ERP components are defined as follows: C1 = midline negative component occurring before the P1, and peaking <90ms. N1 = midline negative component occurring after 
the P1 and peaking >90ms. N170 = lateralised negative component peaking at ~ 170 ms. N1b = section of the rising edge of the N170 extending from the peak of the N170 
to the midpoint between the peak of the N170 and the peak of the P2. P1 = first positive peaking at ~100 ms. P2 = second positive peaking at ~ 200 ms.  

3 This table does not include an exhaustive list of all findings from each study, and the ERP components showing each of the reported effects vary between studies.  

4 Included control condition where low frequency presentation replaced the high frequency tetanus 

5 Within Subject design 

6 This is the same as the study reported in this chapter, with the added comparison between genotype groups (only BioRxiv preprint available).  

7 The DCM analysis in this study was performed based on the findings presented in this chapter 

8 In the first study, the drug was tested at 3 doses: 10mg, 20mg, and 40mg (which split the Schizophrenia into groups as small as 2 participants). In the second study, it was 
only tested at 60 mg. 

9 Does not specify genetic testing in methods or the number of Met carriers in the cohort.  

10 study defined different temporal and spatial regions of interest based on visual inspection of the grand ERPs, and computed an average amplitudes across time windows 
that ranged from 60 ms to 290 ms in length.   

11 TOI revealed a significant early post-tetanus negative shift consistent with the N1, and a late post-tetanus positive shift consistent with the P2.  
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3.3. Studying Predictive Coding- The MMN 

3.3.1 MMN background 

While the sensory LTP paradigm is built upon an immense field of rodent research, the MMN 

instead has a long history in human electrophysiology. Since its inception (Näätänen, Gaillard, 

& Mäntysalo, 1978; Näätänen & Michie, 1979), over 3000 articles have been published that 

use or reference the MMN (Näätänen, Sussman, Salisbury, & Shafer, 2014), and it has become 

somewhat of staple in ERP research. The MMN is an automatic change detection mechanism 

that is induced via a violation of any rule established through repeated stimulus presentation 

(Näätänen, Paavilainen, Rinne, & Alho, 2007; Näätänen et al., 2014). This is typically studied 

by embedding a rare, or “deviant” auditory stimulus into a train of frequent or “standard” 

auditory stimuli. Subtracting the ERP induced by standard stimuli from that of the deviant 

stimulus reveals a large, fronto-central negativity peaking approximately 100-250 ms post-

stimulus. This is understood to reflect a comparison between the current and previously 

presented stimuli, and is thus dependent on the strength of an echoic memory trace (Garrido, 

Kilner, Stephan, et al., 2009). The MMN has therefore been touted as the earliest cognitive 

component of the ERP, and is a valuable tool in studying short term synaptic plasticity 

(Garrido, Kilner, Stephan, et al., 2009). 

While similar (though not analogous) responses have been observed in the visual domain (for 

reviews see Czigler, 2007; Pazo-Alvarez, Cadaveira, & Amenedo, 2003; Stefanics, Kremláček, 

& Czigler, 2014), the somatosensory domain (Näätänen, 2009; Restuccia et al., 2009), and 

even the olfactory domain (Krauel, Schott, Sojka, Pause, & Ferstl, 1999; Pause & Krauel, 2000), 

the MMN is most commonly studied in the auditory domain. The most widely used auditory 

deviant stimuli involve a change in tone frequency or duration, however, an MMN can be 

induced by any change in stimulus properties. As this includes higher order multi-stimulus 

and rule learning stimuli, the MMN is considered a marker of primitive sensory intelligence 

that must involve complex perceptual processing outside of conscious awareness (Näätänen 

et al., 2007, 2014).   

As with the sensory LTP paradigm, the MMN is not dependent on participant response, 

rendering it an attractive tool for clinical practice (Näätänen et al., 2012, 2011, 2014). 
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Additionally, it has been argued that the MMN is best studied in the absence of attention to 

avoid overlap with attention related ERP components (Näätänen et al., 2014). As such, the 

MMN is typically studied while the subject’s attention is diverted by a simple distractor task. 

Finally, the induction of the MMN is not effected by loudness (Todd & Michie, 2000), and is 

thus suitable for comparing groups that may differ in perceived or actual sensory sensitivity. 

The most common clinical condition that has been studied using the MMN is schizophrenia. 

Over 150 published articles have demonstrated or discussed a reduction in MMN amplitude 

as compared to controls (Todd, Harms, Michie, & Schall, 2013). Importantly, the MMN 

disturbance in schizophrenia is thought to reflect a disruption of NMDA-mediated plasticity 

(Friston & Frith, 1995; Todd, Harms, et al., 2013). This has found support from pharmacoEEG 

studies where the administration of NMDA-receptor antagonists, such as ketamine or 

phencyclidine,  reliably reduced MMN amplitude (Rosch et al., 2018; Schmidt et al., 2012; 

Umbricht, Koller, Vollenweider, & Schmid, 2002; Umbricht et al., 2000). PharmacoEEG studies 

of other neuromodulators have yielded somewhat mixed results, however serotonergic (e.g., 

Timmermann et al., 2017; though see Umbricht et al., 2003) muscarinic (e.g., Pekkonen, 

Hirvonen, Jääskeläinen, Kaakkola, & Huttunen, 2001; though see Pekkonen, Jääskeläinen, 

Kaakkola, & Ahveninen, 2005), and nicotinic (Engeland, Mahoney, Mohr, Ilivitsky, & Knott, 

2002) receptors have all been implicated in MMN modulation.  

Beyond schizophrenia, reductions or delays in the MMN have been demonstrated across a 

whole spectrum of neuropsychiatric, neurological, and neurodegenerative diseases (for 

reviews see Näätänen et al., 2011, 2014). While a comprehensive review of clinical 

applications of the MMN is beyond the scope of the current thesis,  Table 2 presents an 

overview of the conditions within which a disrupted MMN is understood to represent a 

cognitive decrement (Näätänen et al., 2011). Based on its broad applicability, Näätänen et al., 

(2011) conclude that the MMN is a convenient index for cognitive decline that can be used 

both diagnostically and prognostically.   
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Table 2. Summary of disorders for which the MMN deficits index cognitive decline. Reproduced with 
permission from Näätänen et al., (2011).  

NEUROPSYCHIATRIC DISORDERS 

 Schizophrenia 

 Chronic alcoholism 

NEUROLOGICAL AND NEURODEGENERATIVE DISEASE 

 Stroke 

 Aphasia 

 Velo-cardio-facial (DiGeorge) syndrome 

 Multiple sclerosis  

 Epilepsy 

 Dementia 

 Alzheimer’s disease 

 Interlectual disability 

 Mild Cognitive Impairment 

 Down’s syndrome  

 Parkinson’s disease 

 Coma (MMN predicting cognitive recovery) 

 Persistent vegetative state (MMN predicting cognitive recovery) 

 Huntington’s disease (MMN and cognition are enhanced in parallel in the late, symptomatic stages of 
illness) 

OTHER 

 Ageing 

 Sleep 

 Sleep deprivation 

 Rapid eye movement sleep deprivation 

 Acute alcohol intoxication 

 Other cognitive-reducing drugs (e.g., benzodiazepines, nitrous oxide, ketamine, chlorpheniramine)  

 Sedation and anesthesia  

 Diabetes  

 HIV 

 

3.3.2 The MMN and Predictive Coding  

Throughout the long history of the MMN, multiple hypotheses have been proposed 

pertaining to the neuronal processes underlying its generation. It is therefore important to 

consider the framework within which the MMN is conceptualised, as this determines the 

questions that can be subsequently asked (and answered) (Todd et al., 2014). The MMN has 

recently been gaining traction as an electrophysiological marker for Predictive Coding under 

the Free Energy Principle, which makes three important predictions regarding its generation. 
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First and foremost is that the MMN itself is an electrophysiological manifestation of prediction 

error (Friston, 2005; Garrido, Kilner, Stephan, et al., 2009). More specifically, the deviant tone 

produces a disparity between the expected sensory input and internally-generated 

expectations. The more surprising this deviant stimulus is, the larger the prediction error will 

be. This error is passed up the cortical hierarchy, and is expressed at all levels of processing 

(Baldeweg, 2007; Friston, 2005; Garrido, Kilner, Stephan, et al., 2009). Prediction error is then 

supressed by iteratively minimising the divergence between this error signal and  top-down 

expectations. The ‘explaining away’ of prediction error across peri-stimulus time corresponds 

to the process of perceptual inference.  

The neuronal mechanisms of this first prediction have been assessed using DCM (Figure 9). A 

number of studies have now demonstrated that the MMN is best modelled by connectivity 

modulations within a network that includes primary auditory, lateral temporal, and inferior 

frontal sources (Auksztulewicz & Friston, 2015; Garrido et al., 2008, 2007; Moran et al., 2014; 

Schmidt et al., 2013). This is consistent with the reliance on reciprocal processing of prediction 

errors within a fronto-temporal network. Additionally, a disruption of this reciprocal network 

has been demonstrated in schizophrenia (Dima, Dietrich, Dillo, & Emrich, 2010), the 

vegetative state (Boly et al., 2011), and under pharmachological intervention (Schmidt et al., 

2013; Timmermann et al., 2017). 
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Figure 9. Example results and DCM model structure from a DCM study of the MMN using MEG, reproduced 
from Moran et al., (2014). Data recorded from 97 participants aged between 20 to 82 years. A) Statistical 
parametric map of the sources of the mismatch response (F contrast of standard – deviant, p <.05FWEc) 
modelled from 60 – 300 ms post-stimulus. B) Grand average evoked responses from a single MEG sensor to 
oddball (i.e., deviant) tones (green) and standard tones (blue). Shaded area represents standard deviation. The 
MMN is the difference between the deviant and standard tone, here depicted in white. C) the sources that 
were used for DCM. Variations of these sources are commonly used across studies. In this case, the sources 
consisted of Hechl’s gyrus (HG; also commonly referred to as primary auditory cortex or A1), the superior 
temporal gyrus (STG) and the inferior frontal gyrus (IFG). In this study, all sources were modelled on the left (l) 
and right (r), however it is common to only model right IFG (Garrido et al., 2007). 

 
The second component of the Predictive Coding hypothesis is that prediction error should 

decrease as the stimulus becomes more predictable. It thus follows that if a deviant tone is 

repeated, an increase in predictability should generate more accurate model predictions. This 

corresponds to an optimisation of the recognition density which in turn would lead to a 

reduction in the divergence between predictions and sensory input, and an overall reduction 

in prediction error (Auksztulewicz & Friston, 2016; Baldeweg, 2007; Friston, 2005). Model 

optimisation is mediated by top-down connections and the strengthening of synaptic efficacy 

across multiple trials. This process, known as repetition suppression, corresponds to 

perceptual learning.  



Chapter 3. Indexing sensory plasticity 

58 
 

Finally, the hierarchical processing of prediction errors also hinges on the optimisation of the 

balance between bottom-up prediction errors and top-down predictions. This is controlled by 

the optimisation of post-synaptic sensitivities, or gain, within a source. An increase in 

precision corresponds to an increase in synaptic gain, or a decrease in inhibition 

(Auksztulewicz & Friston, 2016; Friston, 2005; Garrido, Kilner, Stephan, et al., 2009; Moran, 

Campo, et al., 2013). This process is referred to as precision updating or gain control.     

Importantly, these last two predictions can be assessed using a variation of the MMN 

paradigm known as the ‘roving MMN’, which involves the presentation of sequences of tones, 

where the first tone in each sequence acts as the deviant and induces the MMN response. 

Then, through repetition, the tone acts as its own standard, and prediction error is suppressed 

(Auksztulewicz & Friston, 2016; Baldeweg, 2007; Garrido, Kilner, Stephan, et al., 2009). 

Computational models of repetition suppression propose that top-down predictions are 

passed through NMDA and GABA-mediated signaling, while bottom-up error signals are 

propagated through AMPA-mediated pathways (Corlett, Honey, & Fletcher, 2016; Friston, 

2005). Precision is mediated by a number of different neuromodulators including dopamine, 

acetylcholine, and serotonin. In support of such models, the strong relationship between the 

balance of NMDA signaling and the repetition effects of the MMN has been established in 

pharmacoEEG studies using ketamine (Rosch, Auksztulewicz, Leung, Friston, & Baldeweg, 

2017; Schmidt et al., 2013). Ketamine, has been found to modulate NMDA and AMPA 

mediated frontal-to-parietal connectivity as well as NMDA mediated GABAergic inhibitory 

interneurononal connectivity within frontal microcircuits (Muthukumaraswamy et al., 2015; 

Rosch et al., 2017). Finally, galatamine, an acetylcholinesterase inhibitor has been shown to 

enhance precision by optimising superficial pyramidal gain in primary auditory cortex (Moran, 

Campo, et al., 2013).   

3.4. The current study 

As illustrated above, the visual LTP and Roving MMN paradigms are used as 

electrophysiological markers of Hebbian and Predictive Coding models of perceptual learning 

respectively. Additionally, both paradigms have been used as indices of disrupted plasticity in 

clinical populations. However, the two models differ in their assumptions of how perceptual 

learning is encoded in the brain; primarily, while Predictive Coding is dependent on updating 
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an internal, generative model, Hebbian plasticity is not. Under the Free Energy Principle, 

Hebbian mechanisms are employed in perceptual learning and the optimisation of the 

generative model (Bastos et al., 2012; Friston, 2010). However, it may be possible that 

Hebbian processes can occur independent of a generative model, and that the brain may 

employ different encoding mechanisms for different tasks (Koch & Poggio, 1999). Here we 

assess this hypothesis by providing the first empirical exploration of the neuronal mechanisms 

underlying visual LTP and the auditory MMN. While DCM has been widely used to assess the 

network underlying the MMN, this study provides the first application of this computational 

modelling technique to the visual LTP paradigm. It was hypothesized that the paradigms 

would differ in their induction of backward connectivity modulation, reflecting differences in 

reliance on an internal representation.   

3.5. Materials and Methods 

3.5.1 Participants 

Forty-four male and female participants volunteered for the study (age range: 19-33, 33 

female10). Four participants (3 female) were excluded from the final analysis due to 

insufficient data quality, leaving a final sample of 40 (age M(SD) = 24.03(3.96)). Participants 

were required to have no history of neurological conditions or concussion, and normal or 

corrected to normal vision. This study was approved by the University of Auckland Human 

Participants Ethics Committee. Participants provided informed written consent prior to 

participation.  

3.5.2 Equipment  

EEG data were collected using 64 channel Acticap Ag/AgCl active shielded electrodes and 

Brain Products MRPlus amplifiers recorded in Brain Vision Recorder (Brain Products GmbH, 

Germany) with a 1000 Hz sampling rate, and 0.1 μV resolution. FCz was used as an online 

reference, AFz as ground. Electrode impedance was maintained below 25k:.  

                                                      
10 the imbalance in gender split is due to overlap of participants with another study 
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Stimuli were displayed on an ASUS VG248QE computer monitor with a screen resolution of 

1920 x 1800 and 144 Hz refresh rate. TTL pulses generated through the parallel port of the 

display computer provided synchronisation of stimulus events with EEG acquisition. 

3.5.3 Tasks 

All participants were presented with both the LTP and MMN tasks. To avoid carry-over effects, 

the presentation order was such that for 25% of participants the MMN task preceded the LTP 

task, for 25% it followed the LTP task, and for 50% it took place during the rest period of the 

LTP task. 

Visual LTP. Sensory LTP was measured using a slight modification of an established paradigm 

for inducing LTP-like enhancements of early VEP components (Figure 10 (McNair et al., 2006; 

Teyler et al., 2005)). The task was written and run in MATLAB, using the Psychophysics 

Toolbox (Brainard, 1997; Kleiner et al., 2007; Pelli, 1997), with a gamma correction applied to 

the screen.  

The stimuli used were circular vertical and horizontal sine gratings with a spatial frequency of 

1 cycle per degree. Stimuli were presented at full contrast on a grey background subtending 

8 degrees of visual angle. For all conditions participants were seated with their eyes 90cm 

from the centre of the screen and were instructed to passively fixate on a centrally presented 

red dot.  

The task comprised four conditions. For the first condition (referred to hereafter as pre-

tetanus), both stimuli were presented in a random order 240 times (480 presentations in 

total) for 34.8 ms at a temporal frequency of 1 Hz. The interstimulus interval was varied using 

5 intervals from 897-1036 ms that occurred randomly but equally often. This condition took 

approximately 8 minutes. This pre-tetanus condition was collected to establish baseline ERP 

amplitude for subsequent comparison with the post-tetanus conditions.  

The second condition was the visual tetanus, and directly followed the pre-tetanus condition. 

This consisted of 1000 presentations of either the horizontal or vertical stimulus 

(counterbalanced between participants) for 34.8 ms with a temporal frequency of 

approximately 9 Hz. While lower than the temporal frequency employed in some other 

paradigms (Beste, Wascher, Güntürkün, & Dinse, 2011), This temporal frequency is below the 
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threshold for perceptual fusion (Skrandies, 2009) and has been used in a number of previous 

visual-LTP studies (Clapp, Zaehle, et al., 2005; McNair et al., 2006; Ross et al., 2008; Teyler et 

al., 2005). The interstimulus interval was either 62.6 or 90.4 ms occurring at random but 

equally often. This condition took approximately two minutes.  

The third condition was an early post-tetanus condition that followed two minutes after the 

tetanus, allowing retinal after images to dissipate. This condition was included to assess the 

change in visual response shortly after the visual tetanus, and thus corresponds to changes 

immediately following LTP-induction. The fourth condition was a late post-tetanus block that 

took place 30 mins after the early post-tetanus condition. This condition was included to 

assess whether changes in the VEP are enduring (corresponding to LTP-maintenance), and is 

thus key to the premise of inducing a long-term form of plasticity. Both the post tetanus 

conditions had the same parameters as the pre-tetanus condition, but were split across the 

two time points (240 trials each block as opposed to 480).  Each post-tetanus condition took 

approximately 4 minutes. 

Figure 10. A schematic of the procedure of the visual LTP paradigm. Participants were presented with 
horizontal and vertical sine gratings at a slow temporal frequency (1 Hz) both preceding and following the high 
frequency (9 Hz) presentation of one of the stimuli (a visual ‘tetanus’). Timings along the bottom of the figure 
indicate time since the beginning of the paradigm. 

 

Mismatch negativity. EEG was recorded continuously while participants engaged in a roving 

auditory MMN task used to probe the mismatch negativity in response to unattended stimuli 

( Figure 11 (Garrido et al., 2008)). The task was written and run in MATLAB using the Cogent 

toolbox (www.vislab.ucl.ac.uk/cogent.php).  

The stimuli consisted of trains of one to 11 identical sinusoidal tones. The first tone of each 

train was treated as the deviant tone (typically producing the classic MMN response), while 
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tone 6 was treated as standard. As such, the oddball and standard in a given train have the 

exact same physical properties, differing only in the number of preceding presentations. The 

variability in the number of tones in a train prevented higher order regularity (such as change 

anticipation). Pseudo-randomisation of train length produced 250 deviant presentations.  

Tone frequency varied within 500 and 800 Hz in random steps of integer multiples of 50 Hz. 

The tones were 70 ms in length with a 5 ms rise and fall time, and 500 ms ISI. Tones were 

presented binaurally at a constant volume that was adjusted for individual participants so 

that it was clear, and comfortable. 

Participants were instructed to focus on a visual distractor task, where they were required to 

press the spacebar key when they detected a change in stimulus luminance. The stimulus was 

a small fixation cross that changed luminance pseudo-randomly every 2-5 seconds. The 

change in luminance appeared as a somewhat subtle change between black and grey and 

therefore demanded substantial attention from the participant. This visual distractor task was 

unrelated and not time-locked to the auditory sequence.   

Figure 11. Depiction of the Roving MMN paradigm, where the first tone (orange) and sixth tone (purple) in 
each sequence act as the standard and deviant respectively. 

 

3.5.4 Data preprocessing  

All preprocessing and data analyses were performed using SPM12 

(http://www.fil.ion.ucl.ac.uk/spm/software/spm12/). Data were downsampled to 250 Hz and 

re-referenced to the common average. A 0.1-30 Hz bandpass filter was used to remove both 

high and low frequency noise. Due to the visual nature of the LTP paradigm, and the 

http://www.fil.ion.ucl.ac.uk/spm/software/spm12/)
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significance of retinotopic mapping to early visual evoked potentials it was important to 

ensure that all ocular artefacts during our time window of interest were removed. For the 

sake of consistency, the artefact rejection procedures were identical for both paradigms and 

consisted of the following. First, eye blinks were identified and removed by thresholding 

electro-oculogram (EOG) channels (or Fp1 and Fp2 when EOG channels were not available) 

with a standardised threshold for all participants (100uV). This was followed by two stages of 

manual artefact rejection11. First, the data summary tool from the FieldTrip visual artefact 

rejection toolbox (ft_rejectvisual) in SPM was used to identify and reject trials and channels 

based on trial variance and absolute amplitude. Second, each trial was visually inspected using 

the integrated ft_databrowser in SPM. This allows for identification of electrical or other 

artefacts not picked up using the previous methods. Overall, this method of artefact rejection 

lead to a mean rejection rate of 14.53%, or approximately 18 of the 250 deviant trials 

(SD=8.21%) for the MMN paradigm and 12.15%, or approximately 10 of the 120 trials per 

condition (SD= 5.3%) for the LTP paradigm.  

LTP. The LTP data were baseline corrected and segmented in 600ms epochs (-100ms – 

500ms). Data were then averaged based on stimulus condition (tetanised stimulus, non-

tetanised stimulus) for each of the three time points independently (pre-tetanus, early post-

tetanus, late post-tetanus). 

MMN. The MMN data were baseline corrected and segmented into 500ms epochs (-100 - 

400ms). Trials were averaged based on position within the sequence. Within the averaged 

trials, tones were collapsed across frequency intervals. This resulted in averaged responses 

for tone presentations 1-10. Tone 1 was treated as the deviant tone, and tone 6 was treated 

as the standard tone.  

3.5.5 Analysis of ERPs 

For all analyses, main effects were considered significant at p < 0.05 family-wise error 

corrected (FWEc). Simple effects tests were conducted as appropriate. Where multiple 

                                                      
11 We did not include Independent Component Analysis (ICA) in the artefact rejection pipeline for this study. 
To ensure that this made no difference to the outcome, ICA artefact rejection was run on the MMN data, and 
the analysis can be found in the supporting material, Section 8.1.1.  
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significant peaks occur for the same component, a significant time window is reported, taken 

from the t-distribution and only the most significant peak within a cluster is reported. 

LTP. The preprocessed data were converted into NIfTI images using a time window of 0-250 

ms, and were smoothed using a 6 x 6 x 6 FWHM Gaussian kernel. Induction of potentiation 

was assessed by running a 3 (time: pre-tetanus, early post-tetanus, late post-tetanus) x 2 

(tetanus: tetanised, non-tetanised) ANOVA.  

MMN. The preprocessed data were converted to NIfTI images using a time window of 0-400 

ms, and images were smoothed using a 6 x 6 x 6 FWHM Gaussian kernel. A t-test between 

deviant and standard (i.e., tones 1 and 6) was conducted to confirm elicitation of the MMN 

ERP.  

3.5.6 Dynamic Causal Modelling.  

DCM was used to assess the network architecture underlying the generation of both the 

MMN and LTP ERPs. As discussed in Chapter 2, DCM uses biologically informed models within 

a Bayesian framework to infer hidden variables relating to the modulation of intrinsic and 

extrinsic connectivity by exogenous input (Friston, 2003). EEG data are modelled as 

perturbations in a non-linear, dynamic, input-state-output system where activity in one 

source is caused by activity in another. The generative model is comprised of a neuronal mass 

model and an electrophysiological model to determine how the hidden neuronal states 

translate to what is recorded on the scalp (David et al., 2006; Kiebel et al., 2006). These 

biological constraints allow for neurobiologically plausible interpretations of ERPs as 

reflecting modulations of effective connectivity within a network. 

Model Specification. The current study employed the ERP neuronal mass model included in 

the SPM software (Section 2.3.4). Neuronal processes are represented as the post-membrane 

potential and firing rate of three neuronal subpopulations: pyramidal cells, spiny stellate cells 

and inhibitory interneurons. The subpopulations are connected within each source via 

intrinsic connections, and between sources via extrinsic connections. Based on the Jansen and 

Rit model (1995) and the connectivity rules described by Felleman and Van Essen (1991), the 

directionality of extrinsic connections (forward, backward, or lateral) can be determined via 

the neuronal population from which they originate and terminate. These constraints allow 
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for the construction of hierarchical cortico-cortical networks, and that is specified as a set of 

differential equations that describe the neural dynamics.   

The neuronal model is then passed through the electrophysiological model, where each 

source is modelled as a single ECD. Lead field mapping is parameterised in terms of the 

location and orientation of each dipole (Kiebel et al., 2006). A four concentric sphere head 

model with homogeneous and isotropic conductivity is used as an approximation to the brain, 

cerebrospinal fluid, skull and scalp surfaces. The orientation parameters had a prior mean of 

zero, and a variance of 256mm2. For computational expediency, the sensor data in the current 

study were reduced to 8 dimensions by projecting the data onto a subspace defined by the 

principle eigenvectors (David et al., 2006).  

The generative model is then inverted using a Variational Bayes scheme to assess parameter 

likelihood given the data and the model for each subject individually (Friston, 2002). This 

involves updating the posterior moments (mean and covariance) to minimise the free energy, 

F; an approximation to the log model evidence. This iterative procedure provides an 

approximation to the posterior probability of the model parameters p(T|y,m), as well as an 

approximation to the model evidence p(y|m) used for model comparison. 

Source localisation. Sources for the MMN and LTP paradigms were identified using group 

source inversion within the Multiple Sparse Priors method implemented in SPM12 (Litvak & 

Friston, 2008).  The time windows for source localisation were chosen for both paradigms 

based on the sensor space data. For the MMN, source inversion was performed on a 200-

300ms time window post stimulus, which was then subject to a t-test comparing deviant (tone 

1) to standard (tone 6) (p<.001 uncorrected). For the LTP paradigm, sources were identified 

in two time windows corresponding to the two peaks of interest: 128-132ms, and 188-208ms. 

For both time windows, source images were subject to 3(time) x 2(tetanus) ANOVAs and 

sources of interest were identified for the main effect of time (p<.05 uncorrected).  

3.5.7 DCM statistics. 

RFX BMS was used to identify the model of best fit, using F as an approximation to model 

evidence. In the current study, the pxp was used as an index of model fit. The pxp quantifies 

the probability that any one model is more frequent than the others above and beyond 
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chance (Rigoux et al., 2014). The BOR was then used as an index of the probability of having 

erroneously chosen H1 over H0. This is therefore the risk that the observed sample occurred 

by chance, which is comparable (though not equivalent) to a p value in classical statistics. 

BOR|0.25 is considered strong evidence that there is a true difference in model frequencies 

(Rigoux et al., 2014).  

Finally, a posteriori estimates of model parameters for the winning MMN and LTP models 

were then used for classical inference on parameter modulation by the paradigms. 

Specifically, estimates from individual parameters were subject to t-tests (p<.05, 

uncorrected).  

3.6. Results 

3.6.1 LTP ERP 

The 3(time) x 2(tetanus) ANOVA showed an effect of time that confirmed potentiation had 

occurred. This included a left lateralised parieto-occipital cluster from 132 – 156 ms that 

peaked at 132ms (F(2, 234) = 17.82, p < .001FWEc) consistent with the N170 (Figure 12a). There 

was also an occipital peak at 92 ms (F(2, 234) = 28.86, p = .037FWEc) reflecting the centralised N1 

(Figure 12b and 2b.i). Finally, there was an occipital cluster from 160 – 236 ms that peaked at 

188 ms (F(2, 234) = 28.86, p < .001FWEc) consistent with the P2 component (Figure 12b and 2b.ii). 

Additional significant clusters reflected the dipoles of both the N170 and P2. There was no 

significant effect of tetanus. There were also no significant interactions.  

Post-hoc contrasts were used to compare the two post-tetanus blocks to pre-tetanus to 

assess the direction of change for each component. A t-contrast confirmed this as an increase 

in negativity for the N1 across the early and late post-tetanus blocks (t(234) = 4.55, p = 0.11FWEc) 

and decrease in negativity for the N170 across both blocks (t(234) = 4.50, p = .014FWEc). In 

contrast, potentiation of the P2 was greatest in the post-late condition (t(234) = 7.26, p 

<.001FWEc).  
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Figure 12. Averaged LTP ERPs a) at electrode P5, the ERP shows the small but significant decrease in the N170 
component in the Post-Late condition. a.i) The topography of this component at 132ms. b) Taken from 
electrode POz, there is a significant increase during Post-Late condition in the early negative deflection at 
92ms and P2 component at 160-210ms. The respective topographies for each component are shown at b.i) 
92ms and b.ii) 188ms.  

3.6.2 LTP Sources.  

Source analysis was performed on two time windows corresponding to the two significant 

clusters of activation from the ERP analysis (128-132ms and 188-208ms p<.05 uncorrected). 

There was substantial overlap in the sources for the two time windows, with both including 

almost identical significant clusters within the occipital cortex. However, the anterior sources 

in the 188-208ms time window were more robust. As such, for consistency, this second time 

window was used to identify sources for the DCMs (Figure 13b). Previous literature has 

localised the potentiation of the N1b to V2/BA18 of the extrastriate visual cortex (Clapp, 

Zaehle, et al., 2005; Teyler et al., 2005). Consistent with this, bilateral sources were identified 

in middle occipital gyrus (MOG, MNI coordinates left: [-36 -90 4]; right: [32, -92, 2]; consistent 

across both time windows). Additional significant sources were identified in left and right 

inferior temporal gyrus (ITG left: [-52, -28, -24], right: [48, -12, -38]) and left middle frontal 

gyrus (MFG, [-26, 58, -4]). This occipito-temporo-frontal network is consistent with networks 
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important for visual memory (Miyashita, 1993) and memory consolidation (Laroche, Davis, & 

Jay, 2000). These sources were then used for subsequent DCM analyses.  

3.6.3 LTP DCM 

Following an initial validation of connectivity between the sources of interest (see supporting 

material 8.1.2), six DCMs were specified to assess the modulation of intrinsic and extrinsic 

connectivity following induction of LTP. This encompassed three models of extrinsic 

modulation, in which the paradigm modulated 1) forward, 2) backward, or 3) forward and 

backward connectivity. These were each coupled with intrinsic modulation in MOG as either 

present or absent (Figure 13a). DCMs were specified for the time window from 0-350ms post 

stimulus presentation for the pre tetanus, early post tetanus, and late post tetanus blocks. 

Input was modelled as entering the network through MOG with a post stimulus onset of 80 

ms. 

BMS comparing the six models revealed that the model with the greatest model evidence was 

the model including modulation of forward extrinsic connections and intrinsic modulation 

within MOG (Figure 13c). The pxp (0.87) provided strong evidence in favour of the winning 

model. The BOR (0.09) provided strong evidence that this result did not occur by chance.  

t-tests on the parameter estimates revealed a significant increase in forward connectivity 

from left MOG to ITG (t(39) = 2.138, p=0.038) (Figure 13d). 
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Figure 13. Specification and results for the DCMs modeling network modulation for the LTP paradigm. a) The 6 
models specified to assess the modulation of effective connectivity. This included three models of extrinsic 
modulation (forward (F), backward (B) and forward and backward (FB)) with intrinsic modulation in MOG 
either present (Fi, Bi, FBi) or absent. b) Source localisation statistical map for the main effect of time, from the 
3 (Time) x 2 (Tetanus) ANOVA for the 188-208ms time window, with clusters of significant voxels depicted in 
warm colours (p<.05 uncorrected).c) Protected exceedance probabilities for the 6 models. BMS indicated that 
the Fi model was the winning model. d) Posterior parameter estimates from the winning model. green arrows 
depict connections significantly modulated by the paradigm.  

 

3.6.4 MMN ERP 

t-tests comparing the standard tone ERP to the deviant tone revealed a significant cluster 

from 210 – 310 ms that peaked at 256 ms (t(39) = 10.45, p < 0.001FWEc) (Figure 14). The t-

distribution revealed a frontal cluster consistent with the MMN response. In addition, there 

was a left lateralised significant cluster from 348-380 ms that peaked at 352 ms (t(39) = 4.57, p 

< 0.01FWEc). 
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Figure 14. Averaged ERP at electrode Fz i) the MMN response is significant from 210-310ms and is shown by 
the purple line (deviant) compared to the lightest blue line (standard). ii) The t-distribution of the significant 
MMN response (p < .05FWEc).  

3.6.5 MMN Sources  

Source analysis in the current study (Figure 15b) revealed bilateral sources in STG (MNI 

coordinates left: [-62,-30, 16]; right: [-52, -32, 6]) and right IFG (MNI coordinates [48, 30, 12]) 

(p<.001, uncorrected). Coordinates for A1 sources were taken from (Garrido et al., 2008) (MNI 

coordinates left: [-42, -22, 7]; right: [46, -14, 8]). The locations for all 5 sources were used for 

subsequent dynamic causal modelling of the evoked responses.  

3.6.6 MMN DCM 

DCMs were specified to assess the modulation of extrinsic and intrinsic connectivity by the 

deviant tone. DCMs modelled a linear change in connectivity for tones 1 (deviant), 3, and 6 

(standard). Tone 3 was included to capture the change across time as afforded by the use of 

the roving paradigm. Three different models of extrinsic modulation were examined: 1) 

forward, 2) backward, and 3) both forward and backward. Each of these were also combined 

with intrinsic modulation in A1 being either present or absent. This resulted in 6 models for 

comparison with BMS (Figure 15a). Subcortical input was modelled as entering the system 

through A1 bilaterally, with a post stimulus onset of 64ms. DCMs were modelled for a time-

window from 0-400ms.  
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RFX BMS revealed that the model with the greatest model evidence was the full model, with 

forward and backward extrinsic modulation, as well as intrinsic modulation in A1 (Figure 15c). 

We note that DCM corrects for the extra parameters in the full-model by accounting for the 

extra degrees of freedom introduced by extra free parameters. The pxp (0.98) provided strong 

evidence in favour of the winning model. The BOR (0.02) provided strong evidence that this 

result did not occur by chance. Classical inference on parameter estimates revealed a 

significant increase in left (t(39)=2.97, p=.005) and right (t(39)=3.02, p=.005) intrinsic A1 

connectivity. Additionally, there was a marginal increase in connectivity from right A1 to right 

STG (t(39)=1.82, p=.076) as well as a marginal decrease in connectivity from right IFG to STG 

(t(39)=-1.85, p=.072) (Figure 15d).  

 

Figure 15. DCM specification and results for the MMN. a) The 6 models specified to assess the modulation of 
effective connectivity. This included three models of extrinsic modulation (forward (F), backward (B) and 
forward and backward (FB)) with intrinsic modulation in A1 either present (Fi, Bi, FBi) or absent. b) Source 
localisation statistical map for the t-test comparing deviant and standard tones, with clusters of significant 
voxels depicted in warm colours (p<.01 uncorrected). c) Protected exceedance probabilities for the 6 models. 
BMS indicated that FBi was the winning model. d) Posterior parameter estimates from the winning model. 
Green arrows depict connections significantly (and marginally significantly) modulated by the presentation of 
the deviant.  
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3.7. Discussion 

The aim of the current study was to provide the first comparison between two 

electrophysiological paradigms designed to index sensory learning and plasticity. The visual 

LTP paradigm was designed as a non-invasive parallel to the electrically-induced LTP protocols 

used with rodents (Clapp et al., 2012; Kirk et al., 2010). The MMN paradigm has widely been 

used as an index of short term plasticity and cognitive function (Näätänen et al., 2007; 

Näätänen & Tiitinen, 2014), and, more recently, as an index of perceptual inference under a 

Predictive Coding framework (Auksztulewicz & Friston, 2016; Garrido, Kilner, Stephan, et al., 

2009). ERP analysis of the visual LTP paradigm revealed a significant shift in the amplitude of 

the N1 and P2 in early and late post-tetanus conditions that are consistent with the induction 

of LTP. Within a generative network encompassing occipital, temporal and frontal sources, 

potentiation was best modelled by a modulation of forward extrinsic connectivity and 

intrinsic connectivity in MOG. ERP analysis of the roving MMN paradigm revealed a large 

fronto-central negativity induced by the deviant tone. DCM revealed that this response was 

generated by the modulation of primarily intrinsic, but also forward and backward extrinsic 

connectivity within a fronto-temporal network. The current results therefore support the 

hypothesis that the paradigms index divergent processes underlying perceptual learning, 

which has important implications for future studies of aberrant plasticity in clinical 

populations.   

3.7.1 LTP 

Following tetanic stimulation, the current study revealed early and late post-tetanus 

enhancements of the centralised N1 and P2 components of the VEP respectively. This is 

consistent with previous findings (Çavuş et al., 2012; Forsyth et al., 2017; Spriggs, 

Cadwallader, et al., 2017) and is understood to represent Hebbian plasticity processes within 

the visual cortex. Interestingly, unlike in previous studies, there was no enhancement of the 

N170 component of the VEP following high frequency, or ‘tetanic’, stimulation (Clapp et al., 

2005; McNair et al., 2006; Ross et al., 2008; Teyler et al., 2005). Instead we found a depressed 

response, or decrease in negativity, that was not only apparent immediately following the 

tetanus (early post-tetanus block), but remained present after a 30min break (late post-

tetanus). It is not clear why this has occurred in this particular study, however, due to the 
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established independence of the N170 and P2 peaks, it is not considered to confound 

interpretations of P2 potentiation (Crowley & Colrain, 2004; Freunberger, Klimesch, 

Doppelmayr, & Höller, 2007). 

The visual system is highly hierarchical (Felleman & Van Essen, 1991; Salin & Bullier, 1995) 

and the plasticity underlying visual perceptual learning begins at the earliest stages of visual 

processing (Furmanski, Schluppeck, & Engel, 2004; Masquelier & Thorpe, 2007; Schiltz et al., 

1999; Schoups, Vogels, Qian, & Orban, 2001). The current results indicate that LTP induction 

not only modulates connectivity within early visual cortex, but also modulates forward 

connections between the striate/extrastriate, inferior temporal, and left prefrontal cortices. 

The inferior temporal lobe plays a crucial role in both object perception and visual memory 

(Miyashita, 1993). Occipito-temporal connections (corresponding to the ventral visual 

network) are thus central to perceptual learning, and rodent LTP has been extensively studied 

in both these regions (Artola & Singer, 1987; Berry, Teyler, & Taizhen, 1989; Bliss & Lømo, 

1973; Heynen & Bear, 2001; Teyler & DiScenna, 1987). Additionally, LTP induction within the 

hippocampus has previously been shown to potentiate afferent connections to the prefrontal 

cortex (Gurden, Takita, & Jay, 2000; Jay, Burette, & Laroche, 1995; Laroche, Jay, & Thierry, 

1990). These tempo-frontal connections are understood to be involved in memory 

consolidation and working memory (Laroche et al., 2000). 

Classical inference on DCM posterior parameter estimates revealed a specific increase in 

forward connectivity from left MOG to ITG across the three time points (pre-tetanus, early 

post-tetanus and late post-tetanus). This increase indicates that there is an enhancement of 

the connectivity between these two regions following high frequency stimulation, and thus 

suggests that this pathway has undergone LTP. There was however no modulation of 

backward connectivity. It is important to note that this does not suggest that backward 

connections are not present, rather it indicates that induction of LTP does not modulate these 

connections. Moreover, the absence of backward modulation suggests that the significance 

of the MFG source is not due to attentional modulation, and thus is more likely involved in 

memory consolidation.  
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3.7.2  MMN 

The MMN ERP results are consistent with the stereotypical expression of the MMN as a large 

fronto-central negativity (Garrido, Kilner, Stephan, et al., 2009; Näätänen, Paavilainen, Rinne, 

& Alho, 2007), which in this study peaked 256 ms after stimulus presentation. Also consistent 

with previous literature, the MMN response was found to be generated by modulations in 

forward and backward extrinsic connectivity and A1 intrinsic connectivity within the 

underlying fronto-temporal network (Auksztulewicz & Friston, 2016; Garrido et al., 2008, 

2007; Moran et al., 2014). Classical inference on DCM parameter estimates revealed 

significant increases in intrinsic A1 connectivity, a marginal increase in forward connectivity 

from right A1 to right STG, and a marginal decrease in backward connectivity from right IFG 

to STG for the deviant tone. This is consistent with the Predictive Coding interpretation of 

MMN generation, under which the MMN is elicited by a disparity between sensory input and 

predictions that are made based on the memory trace from previous stimulation (Friston, 

2005; Garrido, Kilner, Stephan, et al., 2009). A1 intrinsic connectivity is understood to 

represent the strength of memory formation, or more specifically, the precision of prediction 

errors. As this precision increases across successive presentations of a standard tone, it is 

inappropriately high for the presentation of a new deviant tone. Thus, the deviant tone results 

in an increase in intrinsic A1 connectivity. This is coupled with an increase in bottom-up 

prediction error signals (due to the divergence between predictions and sensory input) and a 

decrease in the passing of inaccurate top-down predictions. These results are consistent with 

a large body of previous MMN studies that have identified similar network modulation for the 

deviant tone (Auksztulewicz & Friston, 2015; Boly et al., 2011; Garrido et al., 2008, 2007; 

Moran et al., 2014; Schmidt et al., 2013).   

3.7.3 Hebbian Learning and Predictive Coding 

The current study presents the first comparison between two paradigms designed to index 

two different models of plasticity; Hebbian learning and Predictive Coding. Using visual LTP 

as an index of Hebbian learning and the roving MMN as an index of Predictive Coding, DCM 

revealed one principle difference between network modulations induced by the two 

paradigms: the generation of the MMN is dependent on the modulation of backward 

connectivity, while visually-induced LTP is not. Under Predictive Coding, backward 
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connections are central to the generation of the evoked response, which represents the error 

between top-down predictions and bottom-up sensory information (Garrido, Kilner, Stephan, 

et al., 2009; Huang & Rao, 2011). This study, and a number of previous studies, support this 

reciprocal relationship in the generation of the MMN (Auksztulewicz & Friston, 2015; Garrido 

et al., 2008, 2007; Moran et al., 2014; Schmidt et al., 2013). However, this does not appear to 

be the case for the LTP paradigm, where the winning DCM did not include modulation of 

backward connections. Under a Hebbian model, the strength of synaptic connections 

increases with repeated coactivation of neurons in a network (Cooke & Bliss, 2006; Teyler & 

DiScenna, 1987). The current results reflect this increase in forward connections only. As 

there is no need for comparison with a generative model, backward connections are no longer 

a driver in perceptual learning. The differences between Predictive Coding and LTP are 

depicted in Figure 16. 

Figure 16. A demonstration of the differences between the Predictive Coding and Hebbian learning forms of 
network plasticity explored in this study. Under Predictive Coding, information passes between error units (E) 
and representation units (R). Backward connections carry predictions, whereas forward connections carry 
prediction errors (for example the MMN in response to a deviant tone). R units receive error information from 
the same node as well as lateral connections to nodes across the same level (not depicted) and lower 
hierarchical levels. Predictions (via backward connections are modulated and updated by the interaction 
between R and E units leading to repetition suppression or the standard response in the MMN task. Under 
Hebbian learning, representation units are updated and forward connections strengthened by the repetition of 
stimulus input, for example via the visual tetanus in the visual LTP task. This figure is based upon the Predictive 
Coding figure presented by (Stefanics et al., 2014).  



Chapter 3. Indexing sensory plasticity 

76 
 

 

The current results suggest that the mechanisms underlying experience-dependent sensory 

plasticity are not uniform across different tasks. This is not to say that such mechanisms are 

unconditionally independent. As outlined in Chapter 1, the Free Energy Principle 

encompasses both Hebbian Learning mechanisms and Bayesian Predictive Coding in encoding 

hidden causes and states respectively. While not antagonistic to this hypothesis, the current 

results suggest that Hebbian mechanisms can also encode perceptual learning independent 

of a generative model. This will be further discussed in Chapter 7.  

Moreover, the current results do not suggest that the auditory system is Bayesian and the 

visual system is Hebbian. Numerous previous studies have identified examples of predictive 

coding within the visual system (Rao & Ballard, 1999; Rauss, Schwartz, & Pourtois, 2011), and 

the highly hierarchical and reciprocal nature of the visual system renders it the archetypal 

system for Predictive Coding mechanisms. What the current results do suggest is that 

different task demands elicit different encoding mechanisms. Exactly what ‘task demands’ 

elicit different encoding mechanisms is unclear, however, the primary difference between the 

paradigms is that the MMN is understood to result from short-term, echoic memory 

(Baldeweg, 2007), while LTP is the leading model of long-term memory (Cooke & Bliss, 2006). 

Again, this is consistent with the roles of Hebbian and Predictive Coding mechanisms encoding 

hidden causes and states respectively. It will be interesting for future studies to further 

characterise these differences.  It could also be argued that a primary difference between the 

demands of the two paradigms is the presence of a distractor task; the Roving MMN was run 

with a distractor task while the LTP paradigm was not. Historically, oddball and/or MMN 

paradigms have been run with a distractor task, and the implications of this on the ERP have 

been well studied (Arnott & Alain, 2002; Müller, Achenbach, Oades, Bender, & Schall, 2002; 

Otten, Alain, & Picton, 2000). The visual distractor task included in the Roving MMN paradigm 

had no relationship to the tone sequence and network modulation is consistent across studies 

that run the Roving MMN with (Dima et al., 2010; Garrido et al., 2008; Schmidt et al., 2013) 

or without (Cooray et al., 2014; Garrido et al., 2007) a distractor task. It therefore seems 

unlikely that the inclusion of a similarly unrelated distractor task in the LTP paradigm would 

influence the current results. Nevertheless as the MMN has been used as an index of task 
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distraction using specialised paradigms (Schröger, Giard, & Wolff, 2000; Schröger & Wolff, 

1998), this may be an interesting avenue for future research.  

3.7.4 Conclusions  

The current chapter has presented the first direct comparison between the visual LTP 

paradigm and auditory roving MMN paradigm in a cohort of healthy participants. While both 

paradigms are understood to index perceptual learning and plasticity, they are built on 

fundamentally different models of how experience dependent plasticity is encoded in the 

brain. In support of this, the current results indicate that the brain networks generating the 

LTP and MMN responses are modulated differently by the two paradigms. Therefore, the 

current study provides a demonstration of the heterogeneity of neural plasticity under 

differing task demands, and highlights the importance of comparison across paradigms when 

indexing modulated neuroplasticity in heathy and clinical populations. 

It is important to recognise a few limitations of the this first study of the current thesis. Firstly, 

while the DCMs were defined so as to allow for close comparison between the two paradigms, 

they may not be optimal for independently assessing the mechanisms underlying perceptual 

learning. More specifically, the DCMs for both paradigms included five sources (primary 

sensory cortex, temporal cortex and a single frontal source), and trial specific effects were 

modelled across three time points (pre-tetanus, early post-tetanus and late post-tetanus for 

LTP, and Tones 1, 3 and 6 for MMN). This was suitable for directly comparing the two 

paradigms, as both encompassed a similar model space. However, if one wishes to draw 

conclusions on the mechanisms underlying perceptual learning (or the disruption thereof) the 

models could be independently optimised. Firstly, the DCM for visual LTP in the current 

chapter only included the ventral visual stream. In a subsequent study, Sumner et al., (2018) 

included the dorsal visual stream as well as the ventral visual stream, and demonstrated that 

LTP induction specifically modulated forward connectivity within both the processing 

streams. With regard to the MMN, the DCM and ERP analysis employed in this chapter only 

assessed the mismatch response. This can thus be regarded as a measure of perceptual 

inference, rather than perceptual learning. Finally, the ERP neuronal mass model was used for 

both paradigms. As described in Section 2.3.4, this lumps pyramidal cells into a single 

neuronal population. Conversely, the CMC distinguishes between superficial and deep 
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pyramidal cells, which affords a greater distinction between forward and backward 

connections. Each of these limitations will be addressed in Chapters 5 and 6.  

Aberrant plasticity features in the neuropathology of a variety of psychological and 

neurological conditions from schizophrenia (Friston & Frith, 1995) to Alzheimer’s disease 

(Klein, 2006; Walsh, Drinkenburg, & Ahnaou, 2016). As such, the identification of disease 

related changes in plasticity has increasingly become a focus of electrophysiological research. 

The roving MMN and the visual LTP paradigms have been independently used to demonstrate 

modulated plasticity in healthy and clinical populations (Boly et al., 2011; Dima et al., 2010; 

Normann et al., 2007; Rosch, Auksztulewicz, Leung, Friston, & Baldeweg, 2017; Schmidt et al., 

2013; Smallwood et al., 2015; Spriggs, Cadwallader, et al., 2017). However, the results of the 

current study indicate that the two paradigms measure different plasticity mechanisms, 

calling into question broad conclusions pertaining to the nature of plasticity deficits 

underlying different disorders based on the results from one of these paradigms. the next 

three chapters of this thesis will present the case for measuring plasticity deficits in aMCI, and 

will provide a demonstration of how these paradigms can be used to distinguish between 

healthy and potentially pathological changes in ageing.  
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Chapter 4.  Alzheimer’s Disease, Mild Cognitive Impairment, and 

the search for biomarkers 

4.1. Alzheimer’s disease 

On November 25th 1901, Alois Alzheimer, a psychiatrist at the Municipal Asylum for Lunatics 

and Epileptics in Frankfurt, was presented with the 51 year old patient Auguste D. (Figure 17) 

(Hodges, 2006; Maurer, Volk, & Gerbaldo, 1997; Ryan, Rossor, & Fox, 2015). Auguste was 

suffering from a cluster of symptoms that included a severe decline in memory and 

comprehension, disorientation, personality changes, delusions and auditory hallucinations. 

Taken under Alzheimer’s care, Auguste remained at the asylum until her death in 1906. Over 

the intervening years, Auguste’s memory and language continued to deteriorate, and she 

became delirious. Upon autopsy, Alzheimer identified fibrillary accumulations and a ‘peculiar 

substance’ throughout the cortex (Perl, 2010; Ryan et al., 2015). In a 1906 lecture entitled On 

a peculiar disease process of the Cerebral Cortex Alzheimer described the first case of what 

would subsequently be relabelled as AD (Ryan et al., 2015).  

Figure 17. A photograph of Auguste D. taken in November 1902. Reproduced with permission from Maurer, 
Volk, & Gerbaldo (1997). 
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At the time of Auguste’s case, ‘senility’, or a severe decline in cognitive function with age, was 

regarded as a normal part of the ageing process. As such, one of the most unique components 

of Auguste’s case, according to Alzheimer and his contemporaries, was the age of onset. 

Auguste was too young to be going senile, and AD was thus deemed a rare case of ‘presenile 

dementia’. It was not until the 1970s that the concept of senility was abandoned, and AD was 

first recognised as the pathological ‘major killer’ it is today (Katzman, 1976). In 2015, it was 

estimated that 47 million people worldwide were living with dementia, with AD accounting 

for 50-70% of cases (Prince et al., 2015; Winblad et al., 2016). In 2016, approximately 62,287 

New Zealanders were estimated to be living with dementia, and the economic cost was 

$1,676 million NZD (Alzheimer’s New Zealand, 2017; Deloitte Access Economics, 2012). With 

our ageing population, and no known treatments, rates of dementia are expected to rise to 

115 million globally and 170,000 in New Zealand by 2050 (Deloitte Access Economics, 2012; 

Prince et al., 2015). It is therefore understandable that AD has been identified as one of the 

greatest health anxieties of the general public (Winblad et al., 2016) and is one of the most 

pertinent concerns of global health organisations today (Prince et al., 2013; Richter & Richter, 

2003).  

While there is no single diagnostic test for AD, some of the most widely used clinical criteria 

are those provided by the National Institute on Ageing-Alzheimer’s Association Workgroup 

(NIA-AA; McKhann et al., 2011) and the American Psychiatric Association’s Diagnostic 

Statistical Manual 5th edition (DSM-5, American Psychiatric Association, 2013). The NIA-AA 

criteria offer a refinement of the criteria originally provided by the Institute of Neurological 

and Communicative Disorders and Stroke and Alzheimer’s Disease and Related Disorders 

Association (NINCDS-ADRDA) in 1984, that have provided high diagnostic sensitive and 

specific across the intervening years (McKhann et al., 1984; Reitz et al., 2011). Both the NIA-

AA and the DSM-5 specify broad criteria for ‘dementia’ (NIA-AA) or a ‘neurocognitive 

disorder’12 (DSM-5) which must be met before determining whether the dementia is of the 

Alzheimer’s type. This encompasses a decline in at least two cognitive or behavioural domains 

that interfere with daily living, but are not caused by delirium or another major psychiatric 

disorder (American Psychatric Association, 2013; McKhann et al., 2011). The NIA-AA criteria 

                                                      
12 The term ‘neurocognitive disorder’ is used in the DSM-5 due to the term ‘dementia’ being regarded as 
demeaning by some.  



Chapter 4. AD and aMCI 

81 
 

then distinguish between ‘probable AD dementia’  and ‘possible AD dementia’. A probable 

diagnosis is made if the criteria for dementia are met and (McKhann et al., 2011): 

1. The onset is gradual (i.e., across months to years) or there is a clear history of decline 

2. The most prominent cognitive deficits fall within one of the following categories: 

a. An amnestic presentation, which encompasses a deficit in learning and recall 

b. A non-amnestic presentation, where declines are apparent in language, executive 

function and/or visuo-spatial skills 

3. There is no evidence for another cause of dementia 

A possible diagnosis is made if there is evidence for mixed aetiology or atypical disease 

progression (McKhann et al., 2011).  The DSM-5 criteria for probable or possible AD are largely 

equivalent, however they also state that a diagnosis can be made if there is evidence for a 

genetic mutation. This may however only be relevant in a small number of cases, as ‘familial’ 

or ‘early onset’ AD only accounts for approximately 5% of all cases of AD. Additionally, the 

DSM-5 criteria further distinguish between major and mild neurocognitive disorders 

depending on the level to which daily tasks are impaired (American Psychiatric Association, 

2013b). Finally, the NIA-AA provide an additional set of criteria for ‘probable or possible AD 

dementia with evidence of the AD pathophysiological process’, which incorporates biomarkers 

of the pathophysiological process, however these criteria are currently only intended for 

research settings (an issue that will be further discussed below).  

As demonstrated in these criteria, the cardinal clinical features of AD are cognitive, and are 

typically characterised by a decline in memory function13. Episodic memory decline is the 

most common early symptom that is reported by individuals or family members and  

particularly affects the ability to store new information. A decline in semantic memory is also 

common and encompasses a disruption of semantic fluency (i.e., the ability create object 

categories, such as the names of fruit or animals), naming, and stored knowledge about 

known people. Attentional deficits are usually also present at the time of diagnosis. In later 

stages of the disease, the cognitive deficits spread into perceptual domains, leading to a 

                                                      
13 The clinical profile of AD outlined here is that of the most common forms of AD. There are however variants 
of the disorder, such as posterior cortical atrophy, which may present with different clinical profiles.  
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decline in visuo-spatial skills (Alzheimer’s Association, 2018; Förstl & Kurz, 1999; Hodges, 

2006; Richter, 2004; Winblad et al., 2016).  

Perhaps less recognised are the psychiatric symptoms which develop alongside the cognitive 

symptoms outlined above. Mood can become unstable and as the disease progresses, and an 

increase in apathy is seen in approximately 25 – 50% of cases (Hodges, 2006). Behavioural 

changes also include agitation, disinhibition and irritability. As was recognised in the case of 

Augsute D., hallucinations and delusions are also common. While progression through these 

symptoms occurs at variable rates, average life expectancy following diagnosis is 

approximately 3 – 9 years (Brookmeyer, Corrada, Curriero, & Kawas, 2002; Larson et al., 2004; 

Winblad et al., 2016; Xie, Brayne, & Matthews, 2008), with approximately 50% of cases 

reaching a severe stage by the third year (Winblad et al., 2016). The greatest predictors of 

rate of decline are age of diagnosis (Todd, Barr, Roberts, & Passmore, 2013) and possibly sex, 

with some evidence suggesting that women live longer than men (Larson et al., 2004; Xie et 

al., 2008). While disease progression may be variable, there is no doubt that the disease 

carries with it a loss of quality of life for sufferers and is a major emotional, physical, and 

financial burden for families, caregivers, and loved ones (Alzheimer’s Association, 2018; 

Deloitte Access Economics, 2012). 

In light of the above, it is important to remember that dementia is not an inevitable part of 

the ageing process. While the overall number of dementia cases is expected to rise in parallel 

to our ageing population, there is some evidence for a decline of the incidence of dementia 

in high income countries (Matthews et al., 2013; Schrijvers et al., 2012). The two biggest risk 

factors for AD are age and genetics, (Livingston et al., 2017; Winblad et al., 2016). 

Approximately 30% of people aged over 65 years, and 58% of those aged over 95 years die 

with dementia (Brayne, Gao, Dewey, & Matthews, 2006). Genetics is however only a 

determining factor in early onset (<65 years) AD, which , as mentioned previously, only 

accounts for approximately 5% of AD cases.  This rare form of AD is caused by mutations of 

two genes associated with amyloid precursor protein (APP); presenilin 1 (PSEN1) and PSEN2 

(Hodges, 2006; Winblad et al., 2016). The more common form of AD, late onset or ‘sporadic’ 

AD (>65 years), is not genetically determined, however the risk is greater for those carrying 

the e4 allele of the apolipoprotein (APoE) gene, with 40-65% of those diagnosed with AD 

carrying at least one copy (Corder et al., 1993; Farrer et al., 1997). These two risk factors - age 
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and genetics - are non-modifiable. However, the other major risk factors for sporadic AD are 

lifestyle or psychosocial factors, and include (among others) low education, low social and 

cognitive engagement, midlife obesity, hypertension, depression, and smoking (Livingston et 

al., 2017; Winblad et al., 2016). It is estimated that approximately one third of AD cases are 

attributable to these modifiable risk factors (Norton, Matthews, Barnes, Yaffe, & Brayne, 

2014). By addressing these risk factors and delaying the onset of AD by 5 years, it is estimated 

that prevalence of AD will decrease by 44% (Jorm, Dear, & Burgess, 2005), which would have 

a huge impact on the social and economic burden of the disease.  

4.2. Alzheimer’s disease neuropathology 

Neurologically, AD progression is associated with a gradual cortical atrophy, particularly in 

temporo-parietal regions. This leads to a stereotypical enlargement of the lateral ventricles 

(Alzheimer’s Association, 2018; Hardy & Allsop, 1991; Perl, 2010).  However, this is not specific 

to AD, as similar atrophy can be seen in aged individuals who did not develop clinically 

diagnosable symptoms during life, particularly the oldest-old (i.e., 90 years+). While 

degeneration of brain tissue in the hippocampus is more specific to AD, a diagnosis cannot be 

made based on these gross anatomical changes alone (Perl, 2010). Instead, two 

neuropathological lesions confirm diagnosis post-mortem, and these correspond to the 

neuropathology that was reported by A. Alzheimer over 100 years ago (Perl, 2010; Ryan et 

al., 2015). The first is tau ‘tangles’ that are caused by intracellular hyperphosphorylation of 

tau proteins. The spread of tau pathology throughout the brain is well characterised, and 

begins  in the transentorhinal cortex before spreading into the hippocampus proper, and 

neocortical areas of the temporal lobe. This is followed by a progressive spreading into higher-

order parietal, occipital, and frontal regions before finally reaching sensory and premotor 

regions (Braak & Braak, 1991; Braak & Del Tredici, 2018). Recent evidence suggests that this 

spread is mediated by infra granular pyramidal cells and long-range top-down connections 

(Braak & Del Tredici, 2018). The second neuropathological lesion is an extracellular deposition 

of amyloid-beta (Aβ) ‘plaques’ that are formed through improper snipping of the APP. APP 

processing is regulated by neuronal activity, and high levels of Aβ pathology have been 

reported in regions that are highly active. It has recently been proposed that it is the high 
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level of synaptic connectivity in these regions that mediates high Aβ  pathology, rather than 

the activity itself (Pignataro & Middei, 2017).  

Although plaques and tangles are currently used as the definitive marker of AD diagnosis, 

post-mortem examinations are rarely performed. When they are performed, they are usually 

done so in individuals in the late phases of the disease process, which does not speak to  

pathological progression (Perl, 2010). Both also feature in the neuropathology of other 

dementias (Winblad et al., 2016) and  similar levels of neuropathology have been identified 

in up to 30% age-matched individuals (Chételat et al., 2013). Therefore, while our 

understanding of these neuropathological hallmarks of AD have advanced exponentially since 

A. Alzheimer’s first description, the triggers and driving mechanisms underlying this pathology 

remain elusive (Winblad et al., 2016). 

4.2.1 Alzheimer’s disease at the synapse  

A number of hypotheses have been proposed pertaining to these triggers and driving 

mechanisms for AD. Perhaps the most well-known is the Aβ hypothesis, which places central 

emphasis on the accumulation of Aβ oligomers (rather than Aβ plaques) at the synapse14 

(Klein, 2006; Knobloch & Mansuy, 2008; Overk & Masliah, 2014; Sheng, Sabatini, & Südhof, 

2012; Weiner et al., 2015). Recently there has also been growing interest in the interaction 

between Aβ and Tau (Crimins, Pooler, Polydoro, Luebke, & Spires-Jones, 2013; Liao, Miller, & 

Teravskis, 2014; Spires-Jones & Hyman, 2014). While the former correlates well with neuronal 

damage, the latter correlates with disease progression (Liao et al., 2014). The Aβ hypothesis 

is not universally accepted (Castellani & Perry, 2012; Herrup, 2015; Liao et al., 2014), and 

alternatives have been proposed that focus on other aspects of neuropathology such as cell 

cycle re-entry (Arendt, 2001; Arendt, 2009), mitochondrial dysfunction (Mota, Ferreira, & 

Rego, 2014; Su et al., 2010), and oxidative stress (Pohanka, 2014; Tönnies & Trushina, 2017). 

Nevertheless, the Aβ hypothesis does emphasis one important point that also features in 

almost all alternatives: AD is characterised by a disruption of synaptic structure and function 

that not only precedes severe cell death (Klein, 2006; Knobloch & Mansuy, 2008; Selkoe, 

                                                      
14 While original formulations focused instead on Aβ plaques (Hardy & Allsop, 1991), a lack of empirical 
support lead to the proposal of the updated Aβ hypothesis which instead focuses on smaller, soluble Aβ 
oligomers (Klein, 2006). 
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2002; Sheng et al., 2012), but is also one of the most reliable correlates of cognitive symptoms 

(Arendt, 2009; Crimins et al., 2013; Masliah, 1995; Overk & Masliah, 2014; Spires-Jones & 

Hyman, 2014; Su et al., 2010). So while Aβ plaques and tau tangles may represent important 

correlates of AD pathology, AD is first and foremost a disorder of synaptic failure (Overk & 

Masliah, 2014; Selkoe, 2002). 

Structurally, post-mortem analyses have demonstrated a 30-50% reduction in synapse 

number in the associative cortices of the AD brain (Masliah, 1995; Scheff, DeKosky, & Price, 

1990; Scheff, Price, Schmitt, & Mufson, 2006; Scheff & Price, 1993). This is coupled with a 

decrease in the number of synaptic vesicles, large dense core vesicles, and the molecules 

involved in the regulation of synaptic plasticity (for reviews see Arendt, 2001; Overk & 

Masliah, 2014). Nevertheless, most pertinent to the current thesis are the functional 

disruptions seen at the AD synapse. This includes a breakdown in the mechanisms that control 

synaptic plasticity, and a disruption of the fine-tuned balance between LTP and LTD that is 

important for efficient learning and memory (Arendt, 2001, 2009; Spires-Jones & Hyman, 

2014). Whether under the guise of the Aβ hypothesis or not, an accumulation of Aβ oligomers 

at the synapse has been shown to specifically disrupt NMDAR function (Chen, Kagan, 

Hirakura, & Xie, 2000; Chen, Wei, Shimahara, & Xie, 2002; Tozzi et al., 2015) and the 

expression of proteins and kinases involved in the downstream pathways of NMDA-

dependent LTP (Knobloch, Farinelli, Konietzko, Nitsch, & Mansuy, 2007; Puzzo et al., 2005; 

Wang, Walsh, Rowan, Selkoe, & Anwyl, 2004). Synaptic exposure to the Aβ peptide also leads 

to memory deficits (Flood, Morley, & Roberts, 1994; McDonald, Dahl, Overmier, Mantyh, & 

Cleary, 1994; McDonald, Overmier, Bandyopadhyay, Babcock, & Cleary, 1996; Moran, Higgins, 

Cordell, & Moser, 1995). Interestingly, the effects of Aβ on the synapse appear to mirror the 

process of LTD, thus suggesting that the forgetting aspect of memory is “hijacked” as part of 

this neuropathological decline (Arendt, 2001; Knobloch & Mansuy, 2008; Selkoe, 2002; Spires-

Jones & Hyman, 2014). This may be caused by an Aβ-medaited disruption of the inhibitory-

excitatory balance between cell populations. The resultant hyperactivity not only amplifies 

the spread of activity-dependent Aβ production, but also leads to a glutamatergic-

desensitisation (Palop & Mucke, 2010, 2016; Pignataro & Middei, 2017; Verret et al., 2012). 

Importantly, this demonstrates that a functional disruption to the mechanisms underlying 

synaptic plasticity occurs before irreversible cell death (Selkoe, 2002). This in turn presents a 
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window of opportunity to address potentially reversible functional deficits before the onset 

of dense neuronal atrophy. 

4.2.2 Alzheimer’s disease in networks  

One of the limiting factors in studying the synaptic hypothesis of AD in humans is that, until 

recently (see Chapter 2), it has been difficult to study non-invasively. As such, human 

neuroimaging has taken a more network-level approach, leading to the proposition of the 

disconnection hypothesis of AD. This hypothesis suggests that AD pathophysiology occurs at 

the systems level, with disruptions occurring in the interactions between neuronal networks 

(Delbeuck, Van der Linden, & Collette, 2003). This follows from a more general shift in the 

way brain function is viewed from a modular perspective to a systems perspective, and similar 

hypotheses of disconnection have been applied to various other neuropsychological 

disorders. The primary difference between AD disconnection and the classic view of a 

disconnection syndrome, is that there is no defined ‘disconnection event’. In the initial 

descriptions of disconnection syndromes, Geschwind (1974) focused on neurological 

disorders in which a specific lesioning event causes disconnect, such as stroke. However, as 

AD is progressive, there is no specific event through which disconnection occurs, and instead, 

disconnection occurs gradually as the disease progresses (Brier, Thomas, & Ances, 2014).  

There is currently a large body of neuroimaging (primarily fMRI and PET) studies suggesting 

that there is a disruption of the integrity of large-scale functional and structural networks in 

AD, and that these changes begin to emerge early in the disease process (for reviews see 

Bokde et al., 2009; Brier et al., 2014; Delbeuck et al., 2003; He, Chen, Gong, & Evans, 2009). 

Central to the disconnection hypothesis of AD is that the disruption of network integrity is not 

random, but mirrors the spread of neuropathology. This starts in the hippocampus and 

extends into heteromodal and association cortices before spanning into unimodal areas 

(Bokde et al., 2009; Brier et al., 2014; Buckner et al., 2005; Delbeuck et al., 2003; Jagust & 

Mormino, 2011). A close correspondence has been demonstrated between Aβ pathology and 

disconnection of the default mode network (DMN)- a network of regions most active when 

one is at rest (Buckner et al., 2005; Sheline et al., 2010). Tau pathology is seen in regions that 

are highly connected to the medial temporal lobe (Arnold, Hyman, Flory, Damasio, & Van 

Hoesen, 1991) and it has been proposed that Aβ and tau may contribute separately to AD 
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network dysfunction (Brier et al., 2014). Nevertheless, plaques and tangles may not be the 

driving factors in AD pathology, and instead, they may be correlates of synaptic dysfunction. 

Network wide disconnect may also be consequential to widespread synaptic damage, and a 

disruption of Hebbian plasticity has been implicated in the disconnection process (Brier et al., 

2014). However, as mentioned above, a scarcity of non-invasive measures of neuroplasticity 

has hindered further exploration of this hypothesis in humans.  

Despite the vast amount of research that has been conducted on AD since it was first 

identified as a ‘major killer’ in the 1970s, the development of effective treatments has thus 

far been unsuccessful. Pharmacologically,  the symptoms of AD are commonly treated with 

acetylcholinesterase (ACh) inhibitors in the early and moderate stages, and memantine (an 

N- NMDA antagonist) in the moderate to severe stages (O’Brien et al., 2017). However, there 

are no pharmaceuticals that provide secondary prevention (Schneider et al., 2014). Among 

other difficulties, intervention studies are limited by late application, when irreversible 

neuropathological damage has already taken place (O’Brien et al., 2017; Sperling et al., 2011). 

As neuropathological decline precedes diagnosable cognitive symptoms by years (or even 

decades; Ryan et al., 2015; Sperling et al., 2011), the greatest hope comes from intervention 

during preclinical or prodromal phases (Sperling et al., 2011; Winblad et al., 2016). This in turn 

is dependent on a greater understanding of AD progression, which relies on targeting those 

in the early phases of the disease.  

4.3. Mild Cognitive Impairment 

As discussed above, AD is a slow, progressive disorder with no definitive onset, rendering 

early diagnosis difficult (Albert et al., 2011). Cognitive impairment may begin up to 5 years 

before a clinical diagnosis is made (Förstl & Kurz, 1999), while neuropathological markers are 

thought to emerge decades before any sign of cognitive changes (Ryan et al., 2015; Sperling 

et al., 2011). As such, both neuropathology and clinical symptoms should be viewed as 

continuums that evolve in parallel, but with trajectories that are temporally offset (Sperling 

et al., 2011). Importantly, this provides a window within with neuronal changes may be 

identified before dense cognitive decline.  

The last 30 years have seen an exponential growth in research focused on a transitional phase 

between healthy ageing and dementia referred to as MCI. The term ‘MCI’ first appeared in 
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1988 to describe individuals who were performing below expected on the  Global Dementia 

Scale, but were outperforming those with AD (Petersen et al., 2014; Reisberg et al., 1988).  

Eleven years later, Petersen and colleagues (1999) first recognised MCI as a clinical entity. 

While the profile of MCI has gone through multiple revisions (Albert et al., 2011; Winblad et 

al., 2004), the underlying construct remains identical to that described in 1988; MCI is a 

condition between normal ageing and AD, where cognitive decline is greater than what is 

expected for an individual’s age and education but does not interfere with daily living 

(Gauthier et al., 2006; Petersen et al., 2014, 2001, 1999; Smith et al., 1996).  

As with AD, there is no single diagnostic test for MCI, and classification is based on clinical 

assessment. Initial criteria for MCI focused on a disruption of memory, as MCI was seen as 

prodromal to AD specifically (Petersen et al., 1999). However, the Key Symposium on MCI in 

2003 (Winblad et al., 2004) extended the criteria to include other cognitive domains, and MCI 

was recast as a prodromal phase of dementia more broadly. Subsequently, the NIA-AA (Albert 

et al., 2011) have put forward revised criteria specific for MCI due to AD. Both sets of criteria 

(the Key Symposium and the NIA-AA criteria) are consistent at their core, and correspond to 

DSM-5 recognition of a ‘mild’ neurocognitive disorder (American Psychiatric Association, 

2013a). These criteria are summarised as follows: 

1. A concern regarding a change in cognition reported by the self or an informant 

2. Confirmation of this cognitive complaint by objective measures  

3. Preserved independence in tasks of daily living  

4. No dementia 

Additionally, different sub-types of MCI have been proposed with the most prominent 

distinction being between amnestic and  non-amnestic MCI, and single domain and multi-

domain MCI (Petersen et al., 2009). Those classified as amnestic MCI (aMCI) have the greatest 

likelihood of transitioning to AD (Petersen et al., 2009)15.  

Nevertheless, by the very virtue of the classification criteria for MCI, it is a diagnosis that is 

difficult to study. Firstly, the classification is dependent on maintained daily functioning. As 

such, the prevalence of MCI in the community is difficult to assess, as not all those who 

                                                      
15 It must be noted however that causes of dementia are not always mutually exclusive and a diagnosis of 
mixed dementia is common.  
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experience cognitive difficulties will report them to a medical professional. In a recent meta-

analysis, Petersen et al., (2018) report prevalence rates that increase steadily from 6.7% of 

individuals aged 60-64, to 25.2% of individuals aged 80-84. It is estimated that approximately 

10-18% of those identified as aMCI will transition to AD within a year of diagnosis (Petersen 

et al., 2001; Tierney et al., 1996), with 43-55% transitioning within 4-6 years, and higher rates 

occurring for those who carry the APOE e4 gene (Aggarwal et al., 2005; Petersen et al., 1995). 

As compared to non-MCI controls, the relative risk of transitioning to AD in aMCI is 3.0 

(Petersen et al., 2018). Interestingly, while some individuals classified as MCI will revert to 

normal functioning, the risk of dementia development in these individuals is still higher than 

individuals who have never received the classification (Petersen et al., 2018). 

Secondly, due to the heterogeneity of the clinical profile, the neuropathology of MCI is 

difficult to summarise. While there is evidence for intermediate levels of plaques, tangles, 

atrophy, and synaptic dysfunction in MCI (Arendt, 2009; Scheff et al., 2006), the relationship 

between these changes and the transition from healthy ageing to MCI remains unclear 

(Stephan et al., 2012). Interestingly, the pharmacological treatment of cognitive symptoms 

with acetylcholinesterase inhibitors has been found ineffective in MCI, however no studies 

have assessed the effectiveness of the NMDA antagonist memantine (O’Brien et al., 2017; 

Petersen et al., 2018). As such, there are currently no pharmacological treatments for MCI 

that are approved by the FDA (Petersen, 2016).  

Finally, the heterogeneity and poor predictive accuracy have left some questioning the very 

classification of MCI (Hodges, 2006; Petersen et al., 2014; Reitz et al., 2011; Stephan et al., 

2012). This somewhat stems from the previous view of MCI as a prodromal phase of AD, which 

has subsequently been amended. While the line between the cognitive changes in healthy 

ageing and MCI remains somewhat blurred, the criteria such as those set by Albert et al., 

(2011) have been designed to address this issue. While the classification is heterogeneous, 

the construct has proven useful in both research settings and clinical practice for identifying 

those at greater risk of transitioning to dementia (Petersen, 2016). It is therefore important 

that MCI is appropriately diagnosed, as it not only identifies those at risk of pathology, but 

also helps in understanding reversible causes of cognitive impairment. Of greatest importance 

however is that it can help individuals and their families understand the cause of their 

concern, but must be managed appropriately to minimise stress and anxiety (Petersen et al., 
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2018). This however does not change the fact that not all MCI sufferers will transition to AD 

or dementia, and the diagnosis of MCI cannot currently be used to definitively identify those 

in early disease stages. The development of methods to distinguish between future 

converters and non-converters is of critical importance to early diagnosis of AD, and the 

identification of objective biomarkers is widely regarded a as pivotal step in this process 

(Livingston et al., 2017; Petersen et al., 2014; Sperling et al., 2011; Winblad et al., 2016).  

4.4. The search for biomarkers 

A biomarker is defined as “a characteristic that is objectively measured and evaluated as an 

indicator of normal biological processes, pathogenic processes, or pharmacologic responses 

to a therapeutic intervention” (Group et al., 2001, p.92). Biomarkers can be divided into three 

categories: 1) markers during the preclinical phase that can be used to identify ‘targets of 

engagement’, 2) ‘diagnostic markers’, to assist in stratifying patients, and 3) ‘endpoint 

markers’ used to monitor progress (Cavedo et al., 2014). The development of reliable 

biomarkers of AD progression can thus be used to identify individuals at greater risk for 

conversion and to identify the correct therapy for the underlying pathology (Albert et al., 

2011). At present, the most widely cited biomarkers of MCI and AD are cerebrospinal fluid 

(CSF) measures of Aβ42 and tau/phosphorylated tau (Albert et al., 2011; Cavedo et al., 2014; 

Petersen et al., 2001, 2009; Weiner et al., 2015), and these are included in the NIA-AA ‘clinical 

research criteria’ for MCI and AD (Albert et al., 2011; McKhann et al., 2011; Sperling et al., 

2011). According to these criteria, biomarkers are split into two categories: 1) biomarkers of 

Aβ deposition, including positron emission tomography (PET) Aβ imaging, and 2) biomarkers 

of neuronal injury, which also include fluorodeoxyglucose (FDG) PET imaging, MRI measures 

of neuronal atrophy, and single photon emission tomography (SPECT) perfusion imaging. 

These are currently only recommended for use in research settings.  

Abnormalities in the above biomarkers are apparent up to 15 years before diagnosis in 

individuals who carry the genetic mutations for early onset AD (Bateman et al., 2012),  and 

have been shown to predict cognitive decline up to 7.5 years in sporadic AD (Roe et al., 2013). 

In MCI, combining these biomarkers with clinical testing can predict conversion to AD with 

higher accuracy than clinical testing alone (Dukart, Sambataro, & Bertolino, 2016; Shaffer et 

al., 2013; Weiner et al., 2015). In agreement with the NIAA criteria, these studies have 
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demonstrated that the best classifiers combine cognitive symptomology with biomarkers 

from different modalities, including CSF (Aβ and Tau), neuroimaging (PET and MRI), and 

genetics. Weiner et al., (2015) demonstrated that these combined classifiers have a high 

accuracy (approximately 95%) for distinguishing between AD and controls, however accuracy 

is substantially lower (approximately 80%) when distinguishing between different subtypes 

of MCI. Nevertheless, in a recent review of 59 studies, McGee et al.,  (2014) found the quality 

of AD biomarker studies to be unsatisfactory, and concluded that there is insufficient 

evidence for the use of any biomarker of AD disease progression. As such, while current 

biomarkers hold promise, they are not yet definitive indicators of disease progression (Reitz 

et al., 2011).  

4.5. EEG in Alzheimer’s and MCI 

Within the context of the current thesis, it is notable that EEG does not feature within the list 

of widely recognised biomarkers. EEG biomarkers have been relatively understudied 

compared to MRI (McGhee et al., 2014), and the technique is only rarely included in clinical 

assessment (Horvath et al., 2018). As outlined in Section 2.1, EEG has many attributes that 

make it an attractive clinical tool, and it has been gaining recognition as effective in dementia 

diagnosis (Horvath et al., 2018; Howe, Bani-Fatemi, & De Luca, 2014; Polich & Corey-Bloom, 

2005). Additionally, EEG can be used to index both synaptic changes, and large scale 

connectivity, thus rendering it a promising technique for conjugating the synaptic hypothesis 

of AD with the disconnection hypothesis.  

The most widely studied EEG markers for MCI and AD come from resting state studies. In the 

resting state, fluctuations between states of reduced and increased arousal are reflected in 

the synchronisation and desynchronisation of alpha band activity (~8-12 Hz), and an increased 

synchrony at higher rhythms (Babiloni et al., 2011). A slowing of resting state EEG rhythms is 

a widely replicated correlate of healthy ageing (Babiloni et al., 2011; Jeong, 2004) which is 

amplified in AD. Compared to healthy older control groups, this slowing in AD manifests as a 

decrease in alpha activity, and an increase in the slower delta (~1-4 Hz) and theta (~4-8 Hz) 

bands (Babiloni et al., 2004; Coben, Danziger, & Storandt, 1985; Huang et al., 2000; Jelic et 

al., 2000). These shifts in spectral power also show a characteristic trajectory, where increases 

in theta occur in the mild stages of AD, which is followed by a decrease in alpha, and finally a 
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decrease in delta in the late phases of the disease (Babiloni et al., 2011; Jeong, 2004). 

Additionally, an increase in posterior alpha has been shown to be specific to AD, and distinct 

from other causes of dementia (Babiloni et al., 2011).  

In MCI, there appears to be an  intermediate level of slowing, particularly within the theta 

band (Huang et al., 2000; Jeong, 2004). Two longitudinal studies have also demonstrated that 

relative theta and alpha amplitudes (Huang et al., 2000; Jelic et al., 2000), and absolute alpha 

provide accurate prediction of future AD conversion (Jelic et al., 2000). Unpublished data from 

our own lab has demonstrated a reduction in alpha power over fronto-temporal, occipital and 

left parietal regions, and a reduction in frontal-midline theta in MCI as compared to healthy 

older controls (Figure 18). While a decrease in posterior theta may appear somewhat 

surprising, this possibly reflects an anterior shift in theta (Huang et al., 2000), or the early 

phase of pathology. Importantly, this effect was distinct from increases in theta and alpha 

power that were seen in healthy ageing.  

Figure 18. Unpublished data from 26 older controls (age M(SD) = 70.3 (6.0)) and 14 MCI (age M(SD) = 
68.6(5.3)). Figure depicts sLORETA t-map distributions of the signal source projections comparing cortical 
spectral power between older adult and MCI in the alpha (8-12Hz) and theta frequency bands (5-7Hz). Analysis 
conducted in Brainstorm (https://neuroimage.usc.edu/brainstorm/Introduction).  

It has been argued that measures of frequency power do not capture one of the primary 

neuropathological changes in AD, that of network disconnect (Babiloni et al., 2016). The 

simplest measures of functional connectivity in EEG are measures of temporal coherence and 
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phase synchrony. Reductions in both measures within the alpha band have become one of 

the most consistent electrophysiological findings in AD (Adler, Brassen, & Jajcevic, 2003; 

Babiloni et al., 2004; Jelic et al., 1997; Knott, Mohr, Mahoney, & Ilivitsky, 2000; Locatelli, Cursi, 

Liberati, Franceschi, & Comi, 1998; Stam et al., 2005; Wada et al., 1998). As not all frequency 

bands are affected equally, these changes likely reflect a functional, rather than a structural 

disconnect (Jeong, 2004). While less consistent, there is also a tendency toward a reduction 

in coherence and synchrony within higher frequency bands in MCI (Babiloni et al., 2006; Jiang 

& Zheng, 2006; König et al., 2005; Rossini et al., 2006; Teipel et al., 2009).   

Graph theory has also emerged as a popular technique for quantifying network organisation 

and structure. Together such studies demonstrate a reorganisation of network connectivity 

in AD, and a loss of long range inter-lobular connections (Tijms et al., 2013). Studies using EEG 

or MEG have identified increases in network randomness in AD (de Haan et al., 2009; 

Frantzidis et al., 2014; Stam et al., 2008), and decreases in small-worldness in AD and MCI 

(Frantzidis et al., 2014). Together these studies support a disconnection perceptive of AD 

pathology, and demonstrate that this is a significant component of disease progression. 

However, as reviewed by Jelic and Kowalski (2009), resting state EEG measures on their own 

are not specific or sensitive enough to act as biomarkers for AD and MCI.   

While EEG markers for AD and MCI have been understudied, ERP markers have been 

particularly neglected. As ERPs largely reflect a summation of excitatory and inhibitory post-

synaptic responses, they may provide a window on synaptic function that will be critical in 

identifying early disruptions in synaptic functioning (Horvath et al., 2018). Horvath et al., 

(2018) have recently provided a critical review of studies assessing changes in the amplitude 

and latency of sensory and cognitive components of ERPs in AD and MCI. Table 3 presents a 

summary of ERP changes in AD, and in MCI and preclinical AD relative to AD. They found that 

while there is some evidence for amplitude reductions and delays in early ERP components 

(greater in AD than in MCI or preclinical AD), the most consistent findings were in the later 

components, such as the N200, P300, N400 and P600. The amplitude of these cognitive 

components has been shown to accurately distinguish healthy controls, MCI and AD, and 

predict disease progression with accuracy between 85 and 95% (Bennys, Portet, Touchon, & 

Rondouin, 2007; Chapman et al., 2011; Horvath et al., 2018). It could however be argued that 

changes in cognitive ERP components represent a correlate of disruption, and do not directly 
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index the disruption of synaptic plasticity that is central to disease progression. Additionally, 

Horvath et al., (2018) highlight that is perhaps through computational modeling that we can 

shift these descriptive measures into clinically relevant biomarkers. 

Table 3. A summary of the studies reviewed by Horvath et al., (2018) assessing ERP amplitude and latency 
changes in AD, MCI and preclinical stages of AD. Reproduced from Horvath et al., (2018). Changes in MCI are 
represented relative to changes in AD. 

ERP component  Amplitude in AD Latency in AD Amplitude in MCI Amplitude in 
preclinical AD 

Early ERPs IC IC DNA DNA 

N170 ↓/IC ↑ DNA DNA 

N200 ↓ ↑↑ ↑ ↑ 

P300 ↓↓↓ ↑↑↑ ↑↑↑ ↑↑ 

N400 ↓↓ ↑↑ ↑↑ ↑ 

P600 ↓↓ ↑↑ ↑↑ ↑ 

Number of arrows corresponds to number of studies reporting an effect. 1 = 1-5 studies, 2 = 5-10 studies, 3 = 
more than 10 studies. DNA = data not available, IC = inconclusive result.  

 

4.6. Indexing plasticity and learning in AD and MCI 

To summarise, this chapter has presented an overview of the relationship between AD and 

aMCI, and highlighted the critical need for effective biomarkers of disease onset and 

progression. AD is a disorder of synaptic failure, and a disruption of neuroplasticity is one of 

the earliest indicators of pathological decline. The spread of pathology throughout the brain 

is mediated by this synaptic dysfunction, leading to the largescale network disconnect that 

characterises the disease. This pathological process begins prior to clinically diagnosable 

cognitive decline, within the prodromal phase of aMCI. As presented in Chapters 2 and 3, the 

visual LTP paradigm and roving MMN present a unique opportunity to study neuroplasticity 

and the disruption thereof. Additionally, coupled with computation modelling, these 

paradigms provide an opportunity to explore the mechanisms that may underlie such 

disruptions, thus providing a potential avenue for biomarker development. With this in mind, 

the aim of the next two chapters was to assess the clinical applicability of the methods 

demonstrated in Chapter 3 and assess whether the visual LTP paradigm and roving MMN can 

be used as complementary indices of plasticity deficits in aMCI.  
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Chapter 5.  Indexing human visual Long-Term Potentiation in ageing 

and Mild Cognitive Impairment 

 

Manuscript in prep.  

Spriggs, M. J., Sumner, R. L., Moran, R. J., Tippett, L. J., Muthukumaraswamy, S. D., & Kirk I. J. 

5.1. Scope 

In this chapter, the visual LTP paradigm that was introduced in Chapter 3 is used to assess 

Hebbian learning differences across young, older and aMCI participants. Not only is this the 

first time this paradigm has been used to explored neuroplasticity changes in aMCI, but it also 

represents the first application of a hierarchical PEB modelling to the DCMs of visual LTP. The 

relevance of LTP to the neuropathological cascade of aMCI and AD was discussed in Chapter 

4, and is only briefly reviewed here in comparison to age-related plasticity changes. The 

results of this study demonstrate how a clinically feasible, objective electrophysiological 

measure of neuroplasticity can uncover biophysical markers of potential latent 

neurodegenerative decline, and support future therapeutic development. 

5.2. Introduction 

Within our ageing population, the rising rate of dementia is regarded as one of today’s most 

pertinent global health concerns (Prince et al., 2013; Richter & Richter, 2003). aMCI is an ‘at 

risk’ condition for AD, where cognitive decline is greater than expected for an individual’s age 

and education, but does not interfere with daily living (Gauthier et al., 2006; Petersen et al., 

2009, 1999). While MCI may also indicate the onset of other causes of dementia, aMCI carries 

a greater possibility of transitioning to AD specifically (Petersen et al., 2009). However, the 

ability to predict conversion to AD in this “at risk” group is limited by diagnostic criteria that 

lack an objective measure of the neural basis of observed cognitive disruption (Petersen et 

al., 2009). As such, the development of methods to distinguish between healthy age-related 

brain changes and the onset of neuropathological decline that will progress to AD, will be a 
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critical step in identifying biomarkers that can be used in studies testing the effectiveness of 

early interventions.  

As reviewed in Chapter 4, a disruption of neuronal plasticity is an early component of the 

neuropathological cascade of AD (Arendt, 2009; Knobloch & Mansuy, 2008; Masliah, 1995; 

Selkoe, 2002; Sheng et al., 2012) and is widely recognised as the most reliable correlate of 

cognitive decline (Arendt, 2009; Crimins et al., 2013; Masliah, 1995; Overk & Masliah, 2014; 

Spires-Jones & Hyman, 2014). Rodent models have demonstrated that a pathological 

accumulation of Aβ oligomers at the synapse specifically disrupts Hebbian LTP (Chapman et 

al., 1999; Chen et al., 2000, 2002; Shipton et al., 2011; Tozzi et al., 2015). Further, Hebbian 

processes have been associated with the spread of pathology throughout the cortex (Brier et 

al., 2014), leading to the widely recognised large scale network disconnect that characterises 

AD (Bokde et al., 2009; Brier et al., 2014; Delbeuck et al., 2003). Indeed hyper and hypo 

connectivity, particularly involving interneurons are thought to contribute to cognitive 

decline, above and beyond cell death (Palop & Mucke, 2016). Identifying such disruptions may 

thus provide a marker of nascent neuropathology in aMCI. While the role of LTP disruption in 

AD has been extensively demonstrated in laboratory animals (Chapman et al., 1999; Chen et 

al., 2000, 2002; Shipton et al., 2011; Tozzi et al., 2015), a previous scarcity of non-invasive LTP 

induction protocols has rendered the transition to human studies difficult.  

However, modulations in synaptic plasticity, and decreased connectivity are also key 

contributors to healthy age-related cognitive alterations (Burke & Barnes, 2006; Grady, 2012). 

Aged rodents demonstrate preserved LTP for high intensity tetanic stimuli (e.g., 200 Hz 

Moore, Browning, & Rose, 1993; Rosenzweig, Rao, McNaughton, & Barnes, 1997). However, 

LTP magnitude is reduced for lower intensity (e.g., 100 Hz) or brief tetani, and this is 

associated with a decline in memory performance (Barnes, 1979; Deupree, Turner, & Watters, 

1991). This is understood to result from various age-related structural and functional changes, 

including changes in Ca2+ regulation, immediate early gene expression, neuronal excitability, 

and synaptic connectivity (Burke & Barnes, 2006; Norris, Korol, & Foster, 1996; Singh, 2017; 

Small, Chawla, Buonocore, Rapp, & Barnes, 2004). A small number of previous studies have 

assessed age-related changes in human LTP, with mixed results (de Gobbi Porto et al., 2015; 

Spriggs, Cadwallader, et al., 2017; Tippett et al., 2011). Spriggs et al., (2017) identified a 

disruption in N1b potentiation, but maintenance of P2 potentiation in a healthy older group 
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as compared to a young group. Conversely, de Gobbi Porto et al., (2015) and Tippett et al., 

(2011) demonstrated N1b potentiation in older adults, however with no reference to a 

younger cohort. Additionally, none of these previous studies have explored the underlying 

neuronal mechanisms. Distinguishing between the neuronal mechanisms associated with 

healthy, and pathological LTP modulation may be a critical component in developing an 

objective marker of aMCI. 

 The current study employs a novel combination of the visual LTP paradigm, and hierarchical 

DCM of canonical microcircuits to provide an exploration of plasticity and connectivity 

changes in healthy ageing and aMCI. As outlined in Section 3.2.3, the visual LTP paradigm 

induces LTP-like shifts in visually evoked components that conform to Hebbian mechanisms 

(Clapp, Eckert, Teyler, & Abraham, 2006; Kirk et al., 2010; McNair et al., 2006; Ross et al., 

2008; Spriggs, Sumner, et al., 2018), and are sensitive to population differences in LTP 

magnitude (Çavuş et al., 2012; Elvsåshagen et al., 2012; Normann et al., 2007; Smallwood et 

al., 2015; Spriggs, Cadwallader, et al., 2017; Zak, Moberget, Bøen, Boye, Waage, Dietrichs, 

Harkestad, Malt, Westlye, Andreassen, et al., 2018). EEG has been identified as a cost-

effective, non-invasive, and unbiased tool in dementia diagnosis (Horvath et al., 2018; Howe 

et al., 2014; Polich & Corey-Bloom, 2005). Coupling EEG with computational modelling 

provides insight into the neuronal underpinning of observed data (Roberts & Breakspear, 

2018; Schwartenbeck & Friston, 2016; Stephan et al., 2017; Symmonds et al., 2018). 

Importantly, this can uncover differential biophysical mechanisms underlying seemingly 

similar scalp-recorded electrophysiological responsivity. Therefore, it was hypothesised that 

while electrophysiological differences in the index of Hebbian LTP would be apparent in both 

the older and aMCI groups, understanding the underlying neuronal mechanisms might reveal 

distinct modulatory processes in ageing and aMCI.  

5.3. Materials and Methods 

5.3.1 Participants  

Forty young adults, 42 older adults, and 15 individuals with aMCI were recruited for the 

current study. Due to insufficient data quality, three young and five older participants were 

removed from analysis, leaving  a final sample of  37 young adults (age M(SD) = 27.18(34.09), 
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range = 19-35, 28 females), 37 older adults (age M(SD)= 70.78(5.93), range = 60-86, 28 

females), and 15 aMCI participants (age M(SD) = 69.13(5.43), range = 59-76, 4 females). Data 

from a subset of the young cohort (N = 19) were included in the study presented in Chapter 

3.  

Participants were recruited through The University of Auckland (young), from the wider 

Auckland community (older) and from the Brain Research New Zealand Auckland Dementia 

Prevention Research Clinic (DPRC; older and aMCI). Participants recruited through the DPRC 

(all living independently in the community) underwent a comprehensive clinical, 

neuropsychological and neuroimaging protocol, with classification determined by a 

multidisciplinary team, according to the criteria of Albert et al, (2011). Due to the use of high 

frequency visual stimulation, participants were required to have no history of epilepsy or 

migraine, no current diagnosis of a psychological or neurological condition requiring 

medication, and normal or corrected to normal vision. The older adult group were also 

required to have no current or previous diagnosis of a neurodegenerative disorder, and all 

older and aMCI participants were screened using the Addenbrooke’s Cognitive Examination-

III as a measure of global cognitive functioning (ACE-III; Hsieh, Schubert, Hoon, Mioshi, & 

Hodges, 2013). Written consent was obtained from all participants prior to participation, and 

all experimental procedures were approved by the University of Auckland Human Ethics 

Committee. Statistical assessment or differences between the older group and aMCI in age 

and ACE-III performance were performed in R.    

5.3.2 Apparatus 

EEG data were collected with a 64 channel Acticap Ag/AgCl active shielded electrode system 

with Brain Products MRPlus amplifiers recorded in Brain Vision Recorder (Brain Produces 

GmbH, Germany). Recordings were taken at a continuous sampling rate of 1000 Hz, 0.1 Hz 

resolution, and FCz and AFz as online ground and reference respectively. Impedance was 

maintained at a level below 25k:.  

An ASUS VG248QE computer monitor, with a screen resolution of 1920 x 1080 and refresh 

rate of 144 Hz was used for stimulus display. TTL pulses generated through the parallel port 

provided synchronisation between stimulus events and EEG acquisition.  
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5.3.3 Experimental Procedure 

As part of a larger electrophysiological test battery16, participants were presented with the 

visual LTP paradigm that was presented in Chapter 3 (Figure 10), and is a modified version of 

that initially designed by Teyler et al., (2005). Stimuli consisted of horizontal and vertical sine 

gratings (spatial frequency of one cycle per degree), that were presented subtending 8 

degrees of visual angle, at full contrast on a grey background. A central red fixation dot was 

present at all times.  

A baseline condition (i.e., ‘pre-tetanus’) involved the presentation of both stimuli at a 

relatively slow temporal frequency of 1 Hz (34.8 ms stimulus presentation, with a 897-1036 

ms jittered ISI). Each stimulus was presented a total of 240 times over two ~4 min blocks. This 

was followed by a high frequency ‘visual tetanus’, in which one of the stimuli 

(counterbalanced across participants) was presented 1000 times at a temporal frequency of 

9 Hz (34.8 ms stimulus presentation, with a jittered ISI of 62.6 or 90.4 ms). This condition 

lasted ~2 min and was followed by a 2 min break to allow retinal afterimages to dissipate. The 

final post-tetanus condition was identical to the two-block pre-tetanus condition, but 

included a 30 min rest period between the each blocks. The blocks preceding and following 

the 30 min rest are referred to as early post-tetanus, and late post-tetanus respectively.  

Participants were seated 90 cm from the screen and were instructed to focus on the fixation 

dot. During the 30 min rest, participants were required to remain seated with their eyes 

closed to avoid visual interference.  The task was scripted and run in Matlab using the 

Psychophysics Toolbox (Brainard, 1997; Kleiner et al., 2007; Pelli, 1997) and with a gamma 

correction applied to the screen.  

5.3.4 ERP Processing  

All EEG preprocessing and analysis was performed using SPM12 

(www.fil.ion.ucl.ac.uk/spm/software/spm12/). Data were rereferenced to average, 

downsampled to 250 Hz, and filtered using a 0.1-30 Hz bandpass filter. Epoched data (100 ms 

pre-stimulus, and 500 ms post-stimulus) were baseline corrected and subject to three stages 

                                                      
16 This included resting state recordings, as well as the roving MMN presented in Chapter 6. The order of the 
roving MMN and LTP paradigm was counterbalanced across participants.   

http://www.fil.ion.ucl.ac.uk/spm/software/spm12/
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of artefact rejection: first, eye blinks were removed with an automatic threshold (100 PV) 

applied to EOG electrodes (or Fp1 and Fp2 when EOG electrodes were not present). Second, 

manual artefact rejection employed the FieldTrip data summary tool (ft_rejectvisual) and 

data browser (ft_databrower) that are integrated into SPM12. Finally, data were converted 

into FieldTrip format and subject to independent component analysis (ft_componentanalysis) 

to remove any remaining artefactual components (components removed per subject M(SD) 

= 1.62(0.69)).   

Data were then averaged according to time condition (pre-tetanus, early post-tetanus, and 

late post-tetanus) and tetanus condition (tetanised, non-tetanised). Averaged data were 

converted to NIfTI images and smoothed using a 6x6x6 FWHM Gaussian kernel for a 0-250 ms 

time window. In accordance with Spriggs, Sumner, et al., (2017), image conversion was 

restricted to an occipito-parietal region of interest encompassing 19 posterior electrodes (P1, 

P2, P3, P4, P5, P6, P7, P8, Pz, PO3, PO4, PO7, PO8, PO9, PO10, POz, O1, O2, and Oz).  

5.3.5 ERP analysis 

Raw ERPs were first subject to a 3(group) x 3(time) x 2(tetanus) ANOVA. To establish whether 

the expected LTP-like shifts had been induced, this analysis focused on the effects of time and 

tetanus. However, a significant main effect of group and a significant group by time 

interaction prompted further analysis of group differences.  

Group differences in LTP induction were assessed via 3(group) x 2 (time difference waves) x 

2(tetanus) ANOVAs, where the difference waves represent the magnitude of change in the 

visually evoked response following tetanic stimulation for the early post-tetanus and late 

post-tetanus blocks separately (i.e., early post – pre-tetanus, and late post – pre-tetanus). 

These ANOVAs were applied to two time-windows of interest (TOIs) that were defined based 

on the aforementioned raw ERP analysis. The TOIs centred on the two peaks from the main 

effect of time that reflect the N1 (128 ms)  and P2 peaks (192 ms), and spanned the length of 

the distance between them, i.e., 96-160 ms and 160-224 ms. Where multiple significant peaks 

occur for the same component, the time window of the significant cluster and the most 

significant peak within a cluster are reported. All reported results are family-wise error 

corrected (p<0.05FWEc).  
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5.3.6 Dynamic Causal Modelling 

DCM was used to explore the effects of age and aMCI on the cortical architecture generating 

the ERPs (David et al., 2005; Friston et al., 2003). DCM regards the brain as an input-state-

output system, and is defined by three levels of description. Microscale dynamics are 

represented by a series of differential equations. Together, these synaptic interactions 

determine local network activity at the mesoscale. This is then passed through an 

electrophysiological forward model (the lead field) that determines how these local dynamics 

transfer to the scalp (i.e., the macroscale) (David et al., 2006; Kiebel et al., 2007). It is then 

through solving the ‘inverse problem’, (from scalp data back to parameters of the differential 

equations), that biophysically informed inference on the cortical dynamics generating 

electrophysiological activity can be made for individual participants. 

Generative Model. In the current study, neuronal dynamics were represented by the 

Canonical CMC neuronal mass model included in the SPM12 software (Section 2.3.4) (Bastos 

et al., 2012). The CMC model provides a biophysical grounding for the laminar specific 

parameters that determine behaviour within and between cortical sources (Douglas & 

Martin, 2004; Douglas et al., 1989). Each cortical source comprises a layer resolved model of 

inhibitory interneurons, spiny stellate cells and separate superficial and deep pyramidal cell 

populations that allow for a distinction between forward and backward extrinsic connectivity 

(Bastos et al., 2012). While, forward connections originate from superficial pyramidal cells 

and terminate in spiny stellate or deep pyramidal cells, feedback connections originate in 

deep pyramidal cells and terminate in superficial layers (inhibitory interneurons and 

superficial pyramidal cells). Inter-laminar and horizontal connectivity parameters determine 

the intrinsic (within-source) behaviour of a cortical source.  

In accordance with the Jansen and Rit model (1995), the microscale dynamics of each 

neuronal mass are modelled with two transformations: the first is a convolution operation 

which transforms presynaptic input into post-synaptic membrane depolarisation. The second 

is a sigmoid function which transforms this depolarisation into spiking output. Exogenous 

input is modelled as entering the network via a thalamic impulse, which feeds into the 

differential equations describing the mesoscale dynamics of each subpopulation within each 

source. Each source is then represented as an ECD, with lead field mapping parameterised via 
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the location and orientation of each dipole (Kiebel et al., 2006). This constitutes the forward 

model and determines how neuronal fluctuations produce the macroscale scalp data 

observed in EEG.  

Individual DCM specification. DCM sources for the current study were identified using group 

source inversion with the Multiple Sparse Priors method implemented in SPM12 (Litvak & 

Friston, 2008). 3 (Time) x 3 (Group) ANOVAs were performed on the two TOIs (96-160 ms and 

160-224 ms; p<.05unc.). Sources that were consistent across the main effect of time, as well 

as two post-hoc t contrasts (post > pre, and post-late > pre), and that were consistent with 

two previous DCM studies of visual LTP (Spriggs, Sumner, et al., 2018; Sumner, Spriggs, et al., 

2018) were chosen. These were used to define a DCM for each subject. There was no evidence 

for an effect of group at the source level. Models were inverted under a Variational Bayes 

scheme, which descends upon a free energy approximation of the log model evidence 

p(y|m)(Friston et al., 2003). Model fit was assessed via the variance explained (R2; the squared 

correlation coefficient between the predicted and observed data) and visual exploration of 

the predicted and observed waveforms.  

Parametric Empirical Bayes and Bayesian Model Reduction. PEB was employed to analyse 

group effects on individual DCMs (Friston et al., 2016, 2015). PEB is a hierarchical modelling 

scheme in which second level (between-subject) empirical priors are used in subject specific 

(first-level) parameter estimation, which shrink parameter estimates toward the group mean 

(Friston et al., 2016, 2015). A second level GLM allows for an estimation of every combination 

of between-subject effect and every first level parameter (i.e., within-subject DCM 

connections) (Pinotsis et al., 2016; Zhou et al., 2018). In the current study, this design matrix 

included three columns representing 1) an overall group effect (all ones), 2) the effect of age 

(zeros for the young group and ones for the older groups) and 3) the effect of aMCI (zeros for 

the young and older groups and ones for the aMCI group). For a formal description of PEB, 

refer to Section 2.4.2. 

To identify the model parameters that contributed to the group effects, BMR was applied to 

each subject’s inverted DCM. BMR employs a greedy search algorithm to iteratively remove 

parameters until model evidence starts to decrease. This efficient scheme means that only 

the full model must be inverted, as the free energy of reduced models can be evaluated based 
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on the posteriors of the full model, and the ratio between the full and reduced priors (Friston 

et al., 2016, 2018; Zhou et al., 2018).  The posterior estimates of parameters that exhibited a 

posterior probability (Pp) >0.99 for the effects of age and aMCI are reported.  

5.4. Results 

5.4.1 Demographics 

A Welch two sample t-test revealed no significant age difference between the older (M(SD)= 

70.78(5.93)) and aMCI (age M(SD) = 69.13(5.43),) groups (t(28.19) = -0.97,  p=.342). Conversely, 

a Welch two sample t-test revealed that the mean ACE-III scores for the older group 

(93.13/100, SD= 3.90) and for the aMCI group (85.87/100, SD =7.26) were significantly 

different (t(17.38)= -3.67, p = 0.002). 

5.4.2 LTP of the visually evoked response  

As an initial confirmation of visual potentiation, raw ERPs were subject to a 3 (group: young, 

older, aMCI) x 3 (time: pre-tetanus, early-post tetanus, late post-tetanus) x 2 (tetanus: 

tetanised, non-tetanised) ANOVA (supporting material, 8.2.1). A significant main effect of 

time was examined via two contrasts probing VEP shifts in the early and late post-tetanus 

blocks relative to baseline (Figure 19). The early post-tetanus vs pre-tetanus contrast revealed 

peaks at 124 ms (F(1,516) = 25.33, p = .001FWEc)  and 184 ms (F(1,516) = 33.41, p<.001FWEc) in right 

occipital cortex, and peaks at 124 ms (F(1,516) = 22.90, p=.001FWEc) and 192 ms (F(1,516) = 18.07, 

p = .012FWEc) in left occipital cortex. In both cases, these peaks represent a decrease in N170 

and P2 amplitude. An additional central peak at 92 ms (left: F(1,516) = 15.20, p = .043FWEc,) also 

reflect a decreased N1, while a final central significant peak occurred at 252 ms (F(1,516) = 

19.92, p = .006FWEc).  

The late post-tetanus vs pre-tetanus contrast revealed a cluster with significant peaks at 192 

ms in the left (F(1,516) = 73.23, p<.001FWEc) and  188ms in the right (F(1,516) = 34.20, p<.001FWEc) 

occipital lobe. There were also two significant peaks at 100 ms in left (F(1,516) = 27.24, 

p<.001FWEc) and right (F(1,516) = 25.23, p<.001FWEc) occipital lobe. In contrast to the early block, 

these peaks reflect enhancements in both an early N1 and P2 components of the VEP. An 
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additional early peak was also significant at 4ms (F(1,516) = 18.65, p = .010FWEc). Together, these 

results indicate that LTP-like shifts in the VEP have been induced.  

 
Figure 19.  Post-hoc contrasts assessing the main effect of time from the initial 2(Group) x 3(Time) x 2(Tetanus) 
ANOVA to assess the induction of LTP. ERP taken from a representative electrode (PO3). Yellow and red bars 
represent significant time points for the early post-tetanus and late post-tetanus blocks respectively. These are 
also represented in the topographies which depict the post-tetanus – pre-tetanus differences for the early 
(above) and late (below) post-tetanus blocks.   
 
This analysis also revealed a significant group x time interaction (supporting materials, 8.2.1). 

The 3(group) x 2(difference waves: early , late) x 2(tetanus) ANOVAs used to explore these 

group effects for the two TOIs revealed group x time interactions that were marginal for the 

96 – 160 ms TOI (peak 100 ms, F(2,344) =7.81, p=.052FWEc) and significant for the 160 – 224 ms 

TOI (peak 200 ms, F(2,344) =18.59, p<.001FWEc). The 96 – 160 ms TOI also revealed a significant 

time x tetanus interaction (peak 148 ms,F(1,344) =17.25, p=.006FWEc). Post-hoc t-contrasts were 

used to assess the differences between young and older and older and aMCI participants in 

the induction of LTP. 
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5.4.3 LTP in healthy ageing 

Significant differences between the young and older groups were seen across both TOIs 

(Figure 20; for a depiction of the raw ERPs, see supporting material, 8.2.1, Figure 32).  The 

single significant cluster in the early post-tetanus block reflects a concurrent negative 

enhancement in young participants, and a positive shift in older participants in a centrally 

located N1 peaking at 104 ms (t(344) = 4.10, p = .004FWEc). Differences in the late post-tetanus 

block include two peaks at 96 ms; a centralised negativity that was greater for the younger 

group (t(344) =3.66, p = .014FWEc) and a highly right lateralised negativity that was greater for 

the older group (t(344) =3.87, p = .008FWEc). Together this reflects differences in the topography 

of a negative enhancement seen in both groups. An additional central-right increased 

negativity was also seen for the young group at 136 ms (t(344) = 4.16, p = .003FWEc), reflecting 

an enhancement of the leading edge of the N170. Finally, the young group demonstrated a 

greater positive enhancement of the central P2, with significant peaks at 160 ms (t(344) = 3.74, 

p = .012FWEc) and 172 ms (t(344) = 4.76, p < .001FWEc). Based on the significant group x time, and 

time x tetanus interaction in the 96-160 ms TOI, age group differences in specificity (i.e., 

stimulus specific potentiation) were explored and can be found in the supporting material 

8.2.2. 

5.4.4 LTP in aMCI  

Differences between the older and aMCI groups in both the early and late post-tetanus blocks 

were only seen in the 160-224 ms TOI. In the early post-tetanus block, there was a  marginally 

significant, highly left lateralised increased negativity for the older group at 168 ms (t(344) = 

3.26, p = .051FWEc), which corresponds to a lateralised N170. A significant group difference 

was also revealed at a highly right lateralised location in both the early and late post-tetanus 

blocks at 216 ms (early: t(344) = 3.51, p=.023FWEc, late: t(344) = 3.45, p = .030FWEc Figure 21a, for 

a depiction of the raw ERPs, see supporting material Figure 32). This reflects a highly 

lateralised P2. Both groups show a negative shift in the early post-tetanus block, which is 

greater for the aMCI group. A late positive shift is then seen in the older group, while the 

aMCI group remain negative. A bar graph of these extracted amplitudes is depicted in Figure 

21b. 
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Figure 20. Scalp level group differences between young and older groups in the induction of LTP. Group difference waves are included for all significant clusters (p<.05FWEc) 
from the early post-tetanus block (above the time-line; i.e., early post-tetanus – pre-tetanus) and the late post-tetanus block (below the time line; i.e., late post-tetanus – 
pre-tetanus). Grey shaded areas represent approximate time-points of the significant clusters. Topographies represent difference waves at the significant time-points (left 
= young, right = older). Timeline runs from the beginning of the first TOI (96 ms) to the end of the second TOI (224 ms). The approximate locations of the representative 
electrodes are depicted in grey head map. * corresponds to an additional significant cluster at 96ms that is represented with electrode POz. Raw amplitude representations 
of each significant cluster have also been included in the supporting material (8.2.1, Figure 32). 
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Figure 21. a) Scalp level group differences between older and aMCI groups in the induction of LTP. Group difference waves are included for all significant clusters 
(p<.05FWEc) from the early post-tetanus block (above the time-line; i.e., early post-tetanus – pre-tetanus) and the late post-tetanus block (below the time line; i.e., late post-
tetanus – pre-tetanus). Grey shaded areas represent approximate time-points of the significant clusters. Topographies represent difference waves at the significant time-
points (left = older, right = aMCI). Timeline runs the length of the second TOI (160 – 224 ms) as no significant differences were seen in the first TOI. The approximate 
locations of the representative electrodes are depicted in grey head map. Raw amplitude representations of each significant cluster have also been included in the 
supporting material (8.2.1, Figure 32). b) Bar graph of the extracted amplitudes from the significant cluster occurring at 216ms for the early and late post-tetanus 
difference waves. Error bars depict standard error.  
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5.4.5 DCM specification 

Each participant’s DCM consisted of 6 bilateral sources in the MOG (MNI left: [-30 -96 -6], 

right: [30 -88 4]) ITG (MNI left: [-52 -20 -26], right [54 -16 -28]) and angular gyrus (AG; left: [-

42 -72 38], right: [40 -70 42]). Consistent with previous studies (Spriggs, Sumner, et al., 2018; 

Sumner, Spriggs, et al., 2018), models were defined to include reciprocal extrinsic connections 

from MOG to ITG and MOG to AG, as well as intrinsic connections in every source17. Extrinsic 

connections and intrinsic gain were parameterised in such a way to allow for separate 

changes between pre-tetanus and early post-tetanus, and pre-tetanus and late post-tetanus 

conditions. Each DCM modelled a 0-350 ms time window, and thalamic input entered into 

MOG with an 80 ms delay, and 16 ms variation. This model was inverted for each subject, 

providing an excellent fit to the data, with a mean variance explained of 74.7%, 80.72%, and 

82.3% for the young, older and aMCI groups respectively. Although there was a marginal 

difference in the variance explained between groups (F(2,88) = 2.84, p = .064), this was 

explained largely by two young participants, and one older participant with low variance 

explained. However, removing these participants did not affect the parameters contributing 

to the final models (see supporting material 8.2.3, Figure 33 for further information). As such, 

these participants were retained in the reported analyses. The observed and predicted 

waveforms also demonstrated accurate model fit (8.2.3, Figure 34).  

Both extrinsic (N=40) and intrinsic (N=40) parameters were included as random effects in the 

model Table 4. The extrinsic parameters allowed to vary with group effects included forward 

and backward structural connectivity strength, the modulation of connection strength via 

experimental perturbation, and the corresponding signal delay between regions. The intrinsic 

set consisted of parameters defining self-modulation within each source and how this is 

modulated by experimental effects respectively. Additionally, a time constant was defined for 

each of the four cell populations, and three parameters per source determined intrinsic 

inhibitory coupling between cell populations. For computational efficiency, the PEB analysis 

was run on the extrinsic and intrinsic parameters separately. 

                                                      
17 A frontal source was not included in this study as it was in Chapter 3. This was to reduce overall model 
complexity when adding an additional processing stream (i.e., the dorsal ventral stream).  
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Table 4. Parameters of the CMC model allowed to vary with the effects of age and MCI. The table includes a 
description of each of the parameters, as well as the prior mean and variance. sp = superficial pyramidal, ii = 
inhibitory interneuron, ss = spiny stellate, dp = deep pyramidal. 

Parameter Description Prior (µ * exp(0), 𝝈) 

Intrinsic   

M  Modulatory gain  0, 1/64 

N  Experimental modulation of modulatory gain  0, 1/8 

G  Local inhibitory connection strengths    

  G1 sp self-inhibition 800, 1/32 

  

  

G2 

G3 

sp -> ss 800, 1/32 

ii -> ss 1600, 1/32 

T  Time Constants    

  T1 sp 2, 1/32 

  T2 ii 2, 1/32 

  T3 ss 16, 1/32 

  T4 dp 28, 1/32 

Extrinsic   

A  Extrinsic connections   

  A1 Forward sp -> ss 200, 1/16 

  

  

A2 

A3 

Forward sp -> dp 100, 1/16 

Backward dp -> sp 200, 1/16 

  A4 Backward dp -> ii 100, 1/16 

B  Experimental modulation of extrinsic connections   

  B1 Early-LTP 0, 1/8 

  B2 Late-LTP 0, 1/8 

D  Propagation delays 16, 1/64 
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5.4.6 The effect of age on the visual network 

The effect of age is depicted inFigure 22a, significant extrinsic parameters reflected both the 

strengthening of forward connections from superficial pyramidal cells to deep pyramidal cells, 

and weakening of forward connections from superficial pyramidal to spiny stellate cells. 

Additionally, propagation delays were consistently decreased (i.e., faster) across three of the 

four connections between MOG and AG. Of the intrinsic parameters contributing to the effect 

of age, the most striking was a consistent increase in superficial pyramidal self-inhibition 

across five of the six sources. This reflects a decrease in superficial pyramidal gain, which was 

also apparent in the modulatory gain parameter in right MOG. In right MOG, there was also 

a decrease in superficial pyramidal to spiny stellate inhibition, and in right ITG there was a 

decrease in spiny stellate to inhibitory interneuron connectivity. Finally, a single time constant 

parameter also contributed to the effect of age (deep pyramidal).  

5.4.7 The effect of aMCI on the visual network 

Figure 22b depicts the parameters contributing to the effect of aMCI. Of the extrinsic 

parameters, the aMCI group demonstrated a weakening of forward and strengthening of 

backward connection strength between right MOG and AG. Additionally, propagation delays 

originating in left MOG were decreased. These are similar to the extrinsic parameters 

comprising the effect of age, however the effect of age did not include any changes in 

backward connection strength. Only one intrinsic parameter contributed to the effect of 

aMCI: a decrease in inhibitory interneuron to spiny stellate inhibition. This was seen in both 

left and right MOG, reflecting a consistent effect in the lowest level of the processing 

hierarchy.  
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Figure 22. Each DCM included bilateral sources in middle occipital gyrus (MOG) inferior temporal gyrus (ITG), 
and angular gyrus (AG). Central brains (posterior view) depict source localisation results (main effect of 
time,160-224 ms TOI, p<.05unc.). Silver circles demonstrating the approximate location of the modelled 
sources. Each source was modelled as the coupling between superficial and inferior pyramidal cells (triangles), 
spiny stellate cells (pointed circles) and inhibitory interneurons (smooth circles). Forward and backward 
extrinsic connections were included between MOG and ITG, and MOG and AG. Parameters with posterior 
probabilities >.99 are depicted for the effects of age (a) and MCI (b). These parameters are coloured red for a 
negative posterior parameter estimate, and yellow for a positive posterior parameter estimate (these are 
included next to each parameter). See Table 4 for parameter labelling and descriptions.  
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To explore whether this intrinsic inhibition in MOG that characterised the effect of aMCI was 

related to cognitive performance, the aMCI group was split based on performance on the 

Addenbrooke’s Cognitive Examination III (ACE-III). A median split created groups of low ACE-

III scorers (≤85), and high ACE-III scorers (>85). The modelled source activity of inhibitory 

interneurons and spiny stellate cells from right and left MOG was generated for the two 

groups of aMCI participants and the grand average from the older group. As can be seen in 

Figure 23, the interaction between inhibitory interneurons and spiny stellate cells appears to 

reduce with a decrease in cognitive performance. Specifically, the high ACE-III group 

demonstrate a dampened variant of the pattern seen in the older group: an early peak in 

inhibitory interneuron activity followed by an inhibition of spiny stellate activity. This pattern 

is almost completely unrecognisable in the low ACE-III group. This is consistent with 

decreasing inhibitory control as cognitive decline progresses.  

Figure 23. Modelled activity of the spiny stellate cells and inhibitory interneurons in right and left MOG 
separately for the grand average of the older group, as well as low ACE-III scorers and high ACE-III scorers from 
the aMCI group. Central panel depicts approximate source location and the canonical microcircuit. The 
modelled cell populations are in blue (interneurons) and red (spiny stellates). The modelled activity is 
consistent with a decrease in the inhibitory drive on spiny stellate cells with a decrease in cognitive 
performance.     

5.5. Discussion 

Here we provide a novel exploration of a biophysically informed, objective marker of human 

sensory plasticity and connectomics in healthy ageing and cognitive decline. Age-related shifts 

in the magnitude, time-course, and laterality of visual LTP were seen at the level of the scalp. 
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Amongst both intrinsic and extrinsic network effects, these were coupled with consistent 

increases in superficial pyramidal self-inhibition (i.e., decreases in gain), and decreased 

extrinsic propagation delays in the underlying network. Additionally, we provide the first 

demonstration of disrupted human visual LTP in aMCI. At the scalp level, potentiation was 

decreased in the aMCI group, as compared to the older group. Additionally, there was a 

decrease of inhibitory coupling between MOG interneurons and spiny stellate cells in the 

underlying network, which was also associated with a decline in cognitive performance. It is 

anticipated that these results will provide grounding for future research harnessing the 

clinical utility of EEG to develop non-invasive physiological measures of neurodegenerative 

cognitive decline.  

An initial analysis across all three groups revealed a late (~40 minutes post-tetanus) 

enhancement of the N1 and P2 components of the visually evoked potential. While early 

studies of LTP focused solely on the N1b (McNair et al., 2006; Ross et al., 2008; Smallwood et 

al., 2015), a recent widening of the time window of interest has uncovered reliable 

enhancements of both the peak of the N1 and  the P2  in the late block (Spriggs, Cadwallader, 

et al., 2017; Spriggs, Sumner, et al., 2018). This demonstrates a long-lasting potentiation of 

the visual response which is consistent with Hebbian mechanisms (Spriggs, Sumner, et al., 

2018). Conversely, the early (~2 min post-tetanus) dampening of both the N1 and P2 seen 

here is suggestive of short-term depression (Regehr, 2012). Importantly, there is a symmetry 

between the peaks of dampening and enhancement in the two blocks that indicates that 

these effects are related. As this analysis pertains to all three participant groups, this 

unexpected early depression may be driven by population specific effects. Nevertheless, this 

analysis confirmed the induction of sensory plasticity, and provided the foundations for 

further exploration of group differences.  

Age-related changes to induced LTP were observed in scalp-level ERPs and this is consistent 

with a large body of rodent literature (Deupree et al., 1991; Moore et al., 1993; Rosenzweig 

et al., 1997). Two significant clusters revealed opposing shifts in younger and older 

participants. The young group demonstrated the expected negative enhancement indicative 

of potentiation of the early block N1 and late block N170, while the older group demonstrated 

a positive shift in the same components. Together, this suggests an age-related disruption of 

N170 potentiation in the older group, while the early block difference demonstrates the 
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population-based specificity of the short-term depression discussed above. However, the 

older group did demonstrate enhancements of the N1 and P2 in the late block, that differ 

from the young group only in lateralisation and magnitude. More specifically, both groups 

demonstrate enhanced N1 peaks, however this is centralised for the young groups, and right 

lateralised for the older group. The scalp topography reveals a similar lateralisation of the P2 

in the older group, leading to significant differences in P2 magnitude recorded with 

centralised electrodes. As such, LTP is not completely disrupted with age, rather these results 

suggest a shift in the time course and laterality of LTP in the older group. This may account 

for the inconsistencies across previous studies demonstrating both a disruption (Spriggs, 

Cadwallader, et al., 2017) and maintenance (de Gobbi Porto et al., 2015; Tippett et al., 2011) 

of N1b potentiation in older adults when employing more temporally and spatial constrained 

analysis methods.   

At the source level, both intrinsic and extrinsic parameters featured in the effect of age. 

Across intrinsic parameters, a reliable decrease in superficial pyramidal gain was seen in five 

of the six modelled sources. This was coupled with a decrease in the modulatory gain 

parameter, and superficial pyramidal to spiny stellate inhibition in right MOG, and a decrease 

in inhibitory interneuron to spiny stellate coupling in right ITG. Within the CMC model, 

superficial pyramidal gain can be seen as a “lumped” parameter, where numerous neuronal 

mechanisms may contribute to changes in gain-control (Muthukumaraswamy et al., 2015; 

Sumner, McMillan, et al., 2018), including NMDA and AMPA mediated mechanisms. Ketamine 

(an NMDA antagonist) has been shown to decrease superficial pyramidal gain 

(Muthukumaraswamy et al., 2015). Additionally, a decrease in superficial pyramidal gain has 

been associated with increases in gamma frequency (Shaw et al., 2017; Sumner, McMillan, et 

al., 2018). Gamma is understood to originate in superficial pyramidal cells and propagate 

forward message passing up the cortical hierarchy (Bastos et al., 2012; Buffalo et al., 2011; 

Shaw et al., 2017). The age-related decreases in extrinsic propagation delays seen in the 

current study are consistent with this increase in propagation frequency. Together, these 

results provide a neurophysiological basis for LTP shifts observed at the scalp. Additionally 

these mechanisms are consistent with previous rodent studies that have demonstrated age-

related decreases in neuronal excitability and synchronisation (Abraham, 2008; Apartis, 

Poindessous-Jazat, Epelbaum, & Bassant, 2000; Lisman, 1997; Sehgal, Song, Ehlers, & Moyer 
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Jr, 2013; Singh, 2017). Finally, asymmetries were observed in extrinsic connection strength 

between the hemispheres. This may account for the asymmetry in the lateralisation of LTP 

seen at the scalp. Specifically, connection strength was increased between right MOG and 

ITG, while it was decreased between left MOG and ITG. This is consistent with the right 

lateralised shifts in LTP with age18.  

While the current results (both at the scalp and neuronal level) point toward age-related shifts 

in the characteristics of visually-induced LTP, they are more consistent with a modulation than 

a disruption, with age. Importantly, this does not necessarily need to equate to a deficit. 

Within a Predictive Coding framework, Moran et al., (2014) posit an age-related  increase in 

the parsimony and efficiency of internal models of the environment, thus reducing the need 

for Bayesian updating based on sensory information. Within a Hebbian learning framework, 

age-related metaplastic (experience-dependent) decreases in gain could slide the window of 

required stimulation for LTP induction (Abraham, 2008; Hulme, Jones, & Abraham, 2013; 

Sehgal et al., 2013). This may reflect a refinement, rather than disruption, of the conditions 

under which LTP takes place. It will therefore be interesting for future studies to explore the 

optimal level of stimulation required to induce LTP in older adults. 

Across the scalp level contrasts between the older and aMCI groups, three clusters were 

revealed corresponding to a highly lateralised N170 and P2 components. The N170 cluster 

was marginally significant and reflected concurrent negative and positive shifts in the older 

and aMCI groups respectively. Remarkably, the two P2 clusters pertained to identical spatial 

(right lateralised) and temporal (216 ms) locations in the early and late post-tetanus blocks. 

These results speak to two important findings. Firstly, the highly lateralised significant clusters 

provide further evidence for the aforementioned shifts in the laterality and time-course of 

LTP with age. Secondly, all results point toward a disruption of LTP in aMCI, as a depression 

in the corresponding component was seen in all three clusters. A disruption of LTP is one of 

                                                      
18 It may seem surprising that group effects on extrinsic connection strength are reflected in the A parameters, 
rather than the B parameters, as is usually the focus of DCM studies. However, this is consistent with role of 
Hebbian learning within a Free Energy Principle framework. Here, Hebbian mechanisms underlie the 
regularities of the generative model, and thus Hebbian learning correspond to modulations in the structure of 
underlying networks (Friston, 2010).     
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the most consistent and replicable findings from rodent models of AD (Sheng et al., 2012). 

Here, we provide the first human evidence for such a disruption in aMCI.  

At the network level, the effect of aMCI revealed decreased propagation delays and shifts in 

extrinsic structural connectivity strength similar to those seen in ageing, with the exception 

that there was an enhancement in the strength of a backward connection in aMCI (right AG 

to MOG). This suggests a disruption of the bottom-up nature of Hebbian LTP (Spriggs, Sumner, 

et al., 2018), and may reflect a top-down compensatory mechanism in the aMCI group.  

However, the most striking effect of aMCI was a bilateral decrease in MOG intrinsic inhibitory 

coupling between interneurons and spiny stellate cells. While the exact cause of the observed 

decrease in inhibition cannot be determined, this is consistent with a shift in the intrinsic 

inhibitory/excitatory balance due to an accumulation of  AE oligomers that block glutamate 

uptake and ultimately lead to desensitisation and synaptic depression (Palop & Mucke, 2010). 

The pathological accumulation of AE oligomers is activity dependent, and is thus perpetuated 

by a decrease in inhibition. An AE-mediated impairment of inhibition has been shown to 

decrease neurogenesis (Li et al., 2009) increase neuronal hyperactivity (Busche et al., 2008), 

and induce abnormalities in NMDA mediated currents (Roberson et al., 2011). Interestingly, 

using the same CMC neuronal mass model, Rosch et al., (2018) recently demonstrated that 

ketamine also modulated inhibitory interneuron to spiny stellate connectivity in the auditory 

network, thus providing support for a targeted shift in NMDA-mediated plasticity. 

The extraction of modelled source activity exemplifies a reduction in the interactions between 

the two cell populations with a decrease in ACE-III score. The ACE-III is a widely used screening 

tool for dementia with high sensitivity and specificity in the identification of AD (Hodges & 

Larner, 2017; Hsieh et al., 2013). While this was only a qualitative exploration that should not 

be over extrapolated, it suggests an involvement for this excitatory-inhibitory balance in the 

neuropathological cascade of cognitive decline. Specifically,  Figure 23 shows how an increase 

in activity in inhibitory cells precedes, propagates and dampens the spiny stellate layer’s 

response – this is reduced in the aMCI group as a whole, but is almost unrecognisable in low 

functioning aMCI participants, suggesting that local networks cannot ‘shut-off’ in these 

individuals. Additionally, it provides validation that these DCM parameters reflect clinically 

relevant changes that are consistent with current cognitive screening measures.  
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Together, the combination of intrinsic and extrinsic parameters in the effect of aMCI bridges 

the divide between synaptic (Klein, 2006) and network level (Delbeuck et al., 2003) 

hypotheses of AD pathology. As outlined above, it is thought that local intrinsic disruptions 

are AE-mediated, and that this in involved in largescale network disconnect. This study 

provides the first demonstration of this interrelationship in humans, casting AD pathology as 

a ‘dysplasia’ syndrome, where the spread of pathology throughout the brain is dependent on 

the tight interplay between plasticity and connectivity (Friston & Frith, 1995). It will be 

interesting for future studies to elaborate further on the temporal trajectory of plasticity and 

connectivity modulation within local and widespread networks.  

A few limitations of the current study must be recognised. Most pertinently, it is important 

to acknowledge the limited sample size of the clinical group, and the unknown transition rate 

to AD. The importance of replication therefore cannot be overstated to further assess clinical 

application. Secondly, while the young and older groups were matched for sex, the aMCI 

group was not. While sex differences in LTP induction have not been assessed, Sumner, 

Spriggs, et al., (2018) demonstrated that hormone fluctuations across the female menstrual 

cycle do not affect visual LTP. However this has not been assessed in an ageing cohort. Third, 

to maintain an appropriate level of parsimony with a novel technique, we did not run separate 

PEB analyses on the early and late post-tetanus blocks. As the ERP results indicate somewhat 

distinct effects at the two time points, it is anticipated that this will be a focus of future 

studies. Finally, the CMC model is widely used within the Predictive Coding literature, 

primarily due to its sensitivity to differences in forward and backward modulation (Bastos et 

al., 2012). As Predictive Coding and Hebbian learning are dependent on different underlying 

mechanisms (Spriggs, Sumner, et al., 2018), it is hoped that future studies employing more 

Hebbain-specific models, such as those used to specifically model NMDA mediated signalling 

(Moran, Pinotsis, et al., 2013; Muthukumaraswamy et al., 2015),  will shed further light on 

underlying mechanisms.  

In conclusion, we have not only provided unique insight into the mechanisms underlying 

plasticity changes in healthy ageing and aMCI, but have done so using clinically feasible 

techniques. In an ageing population, distinguishing between healthy and pathological brain 

changes will be crucial in addressing the growing rates of neurodegenerative disease.  These 

results thus provide the basis for future larger studies assessing objective, physiological 
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diagnostics for aMCI that will hopefully improve the ability to predict future conversion to AD. 

Importantly, the current study demonstrates the utility of combining an EEG measure of LTP 

and computational modelling in assessing plasticity changes in health and disease that may 

be of utility to a biological psychiatry more broadly.  
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Chapter 6. Indexing perceptual inference and learning in ageing and 

Mild Cognitive Impairment.   

 

Manuscript in prep.  

Spriggs, M. J., Sumner, R. L., Moran, R. J., Tippett, L. J., Muthukumaraswamy, S. D., & Kirk I. J. 

6.1. Scope 

The previous chapter presented the first application of the visual LTP paradigm to studying 

neuroplasticity changes in healthy ageing and aMCI. Here, a parallel analysis is used to assess 

changes in perceptual inference and learning in the same cohort using the roving MMN 

paradigm. Following a review of previous literature, this chapter explores the MMN and 

repetition suppression using the roving MMN paradigm, and provides the first assessment of 

ageing and aMCI effects on repetition suppression DCMs using PEB. In addition to the scalp 

and network level analyses that were performed in the previous chapter, this chapter also 

explores differences in source activity. It was anticipated that this study would complement 

the results obtained from the visual LTP paradigm, and would offer further insight into 

neuroplasticity changes in ageing and aMCI.   

6.2. Introduction 

As outlined in Section 1.3, perceptual learning, according to the Free Energy Principle (Friston, 

2009, 2010) is realised through Helmholtzian probabilistic inference, and the optimisation of 

an internal, generative model of the external world (Friston, 2009, 2010; Helmholtz, 1909). 

This optimisation encompasses a reduction in free energy, which is accomplished through a 

reduction in the divergence between the predicted and true cause of sensory input. From a 

Predictive Coding perspective, this iterative process corresponds to prediction error 

suppression (Baldeweg, 2007; Friston, 2005; Garrido, Kilner, Stephan, et al., 2009). The 

propagation of prediction errors up the cortical hierarchy occurs through fast AMPA-

mediated  signaling. ERPs recorded in the scalp EEG reflect momentary expressions of 
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prediction error that are subsequently reduced by predictions from higher cortical regions 

(Friston, 2005). This suppression of prediction error within peri-stimulus time (i.e., within a 

single stimulus presentation) represent the process of perceptual inference. Conversely, 

optimisation of the parameters of the generative model (and their associated precision) 

across multiple trials leads to more accurate model predictions. This process is thought to be 

primarily dependent on top-down NMDA-mediated changes in synaptic efficacy. The 

associated reduction in prediction error (and corresponding reduction in ERPs) represents 

perceptual learning (Auksztulewicz & Friston, 2016; Corlett et al., 2016; Garrido, Kilner, 

Stephan, et al., 2009).  

The auditory MMN has become the archetypal example of perceptual inference under the 

Predictive Coding framework. As shown in Chapter 3, the MMN is a fronto-central 

electrophysiological negativity that is typically induced in ‘oddball’ paradigms by embedding 

a surprising, or deviant tone (i.e., an oddball) within a sequence of identical, or standard tones 

(Garrido, Kilner, Stephan, et al., 2009; Näätänen et al., 2007; Näätänen & Tiitinen, 2014). This 

unexpected deviant tone produces a disparity between the sensory input and prediction, thus 

generating the large prediction error that manifests as the MMN (Baldeweg, 2007; Friston, 

2005; Garrido, Kilner, Stephan, et al., 2009). DCM of the underlying cortical network has 

revealed that the MMN is generated by changes in both the intrinsic connectivity within the 

A1 and the reciprocal extrinsic communication within a fronto-temporal network 

(Auksztulewicz & Friston, 2015; Garrido et al., 2008, 2007; Rosch et al., 2017; Spriggs, Sumner, 

et al., 2017). Disturbances in these network modulations have been demonstrated in clinical 

populations (Boly et al., 2011; Dima et al., 2010) and under pharmacological manipulation 

(Schmidt et al., 2013; Timmermann et al., 2017).  

Although age-related changes in the MMN ERP have been extensively studied, the research 

is difficult to summarise due to large variation in the oddball paradigm used. Typically ageing 

is associated with a reduction in MMN amplitude that is greatly affected by the deviant used 

and the length of the ISI (Alain & Woods, 1999; Cooper, Todd, McGill, & Michie, 2006; Cooray 

et al., 2014; Czigler, Csibra, & Csontos, 1992; Horváth, Czigler, Winkler, & Teder-Sälejärvi, 

2007; Pekkonen, Jousmäki, Partanen, & Karhu, 1993; Pekkonen et al., 1996; Ruzzoli, Pirulli, 

Brignani, Maioli, & Miniussi, 2012; Schiff et al., 2008; Todd et al., 2008). The largest age-effects 

have been seen for duration deviants and for long (i.e., >2 sec) ISIs, however, this has not 
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been a ubiquitous finding (Cheng, Hsu, & Lin, 2013; Pekkonen, 2000). Additionally, DCM-

based explorations of network dynamics have uncovered age-related shifts in forward error 

propagation, at the temporal (Cooray et al., 2014) and frontal (Moran et al., 2014) levels of 

the processing hierarchy. These ERP and network results are commonly thought to reflect an 

age-related decline in auditory sensory memory and change detection (Cheng et al., 2013; 

Cooray et al., 2014). However, under the Free Energy Principle, such changes could also reflect 

a decrease in prediction error due to greater generative model accuracy (Moran et al., 2014). 

While both these hypotheses pertain to the same scalp-level data (i.e., a reduction in MMN 

amplitude), they differ in their underlying mechanisms.  

Early studies of the MMN ERP in AD demonstrated amplitude reductions only at ISIs greater 

than 1000 ms (Gaeta, Friedman, Ritter, & Cheng, 1999; Pekkonen, Jousmäki, Könönen, 

Reinikainen, & Partanen, 1994; Schroeder, Ritter, & Vaughan Jr, 1995). As with ageing, this 

was interpreted as reflecting a decline in the strength of echoic memory that is amplified at 

longer delays.  A small number of more recent studies have also assessed the MMN in MCI, 

however the results thus far have been somewhat mixed. Mowszowski et al., (2012) provided 

the first comparison between MCI (amnestic and non-amnestic) and healthy older controls, 

and demonstrated a specific reduction in the temporal component of the MMN. 

Subsequently, Jiang et al., (2017) found a specific decrease in the frontal component of the 

MMN in amnestic and multi-domain MCI. Ruzzoli et al., (2016) report that the frontal 

component of the MMN is absent in MCI, while the temporal component is absent in AD, 

however a direct comparison revealed no significant difference between groups. 

Nevertheless, the frontal and temporal components were significantly correlated with the 

Trail Making Test and the Rey Auditory Verbal Learning task respectively, demonstrating the 

cognitive relevance of MMN amplitude. Lindín et al., (2013) distinguished between younger 

(50-64 years) and an older (65+) groups, and found a reduction in MMN amplitude only for 

the younger MCI groups as compared to healthy controls. Together these studies point 

toward a reduction in MMN amplitude in MCI, though the specifics of that reduction are 

variable. However, two additional studies have found no MMN amplitude differences 

between MCI and healthy controls, and instead found a longer MMN latencies in MCI (Ji, 

Zhang, Zhang, He, & Lu, 2015; Tsolaki et al., 2017). Finally, Idrizbegovic et al., (2016) found a 
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reduction in MMN amplitude in AD compared to MCI, but did not include a healthy control 

group. 

Together, this research paints a somewhat incongruous picture of MMN disruptions in MCI. 

There are two potentially pertinent reasons for this. First is a lack of methodological 

consistency. Across these seven studies assessing the MMN in MCI, there are six variations of 

the oddball paradigm. Three studies used frequency deviants (Idrizbegovic et al., 2016; Ji et 

al., 2015; Tsolaki et al., 2017), three used duration deviants (Jiang et al., 2017; Mowszowski 

et al., 2012; Ruzzoli et al., 2016), and one used a novelty deviant (Lindín et al., 2013). 

Additionally, while Ruzzoli et al., (2016) report on both a 400 ms and a 4000 ms ISI, the other 

studies vary from 500 – 2500 ms19. Together, this highlights the need for greater 

methodological consistency and direct replications in future studies.  

The second reason for the disparities across studies may be that the MMN in isolation is not 

a sufficient marker of neural plasticity. Under the Free Energy Principle, the MMN reflects 

perceptual inference, while repetition suppression reflects perceptual learning (Garrido, 

Kilner, Kiebel, et al., 2009). As discussed in previous chapters, the roving MMN paradigm 

indexes both perceptual inference and learning. Across sequences of identical tones, where 

the first tone acts as a deviant, repetition suppression corresponds to the iterative reduction 

of the neuronal response. This entails the updating and optimisation of  both model 

parameters and their precision (or inverse variance) (Auksztulewicz & Friston, 2016; 

Baldeweg, 2007; Friston, 2005; Garrido, Kilner, Stephan, et al., 2009). Therefore, the roving 

MMN paradigm presents a comprehensive measure of perceptual inference (the MMN) and 

learning (repetition suppression) that can be used as a model of short-term sensory plasticity 

(Garrido, Kilner, Kiebel, et al., 2009).  

The current study presents a novel assessment of sensory plasticity in ageing and aMCI using 

the roving MMN paradigm and hierarchical DCM of canonical microcircuits. Through analysis 

at the scalp, source and network level, we aimed to not only identify objective, clinically 

feasible markers of group differences, but also explore their underlying neuronal 

mechanisms. It was hypothesised that ageing and aMCI would both be associated with 

                                                      
19 In fact, two studies (Ji, Zhang, Zhang, He, & Lu, 2015; Tsolaki et al., 2017) fail to mention the length of the ISI 
they employed.  
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changes in sensory plasticity that would be measurable at the scalp, and that the 

biophysically-informed modelling afforded by DCM would unveil differential neuronal 

mechanisms underlying scalp recorded effects.  

6.3. Methods 

6.3.1 Participants 

This study employed the same cohort that also took part in the visual LTP study presented in 

the previous chapter. Three younger adults and 10 older adults were removed from analysis 

due to issues with data quality, leaving a final sample of 37 young adults (age M(SD) = 

27.18(4.08), range = 19-35, 28 females), 32 older adults (age M(SD) = 70.91(6.04), range = 60-

86, 25 females), and 15 adults classified as aMCI (age M(SD) = 69.13(5.43), range = 59-76, 4 

females). Written informed consent was obtained from all participants prior to testing, and 

ethical approval was granted by the University of Auckland Human Ethics Committee for all 

procedures.  

As was described in Chapter 5 (Section 5.3.1), all participants were required to have no history 

of head injury, migraine, or seizure. Older participants from the community were required to 

have no diagnosis of a neurodegenerative condition. aMCI classification was made based on 

a comprehensive clinical, neuropsychological and neuroimaging protocol by a 

multidisciplinary team and according to the criteria of Albert et al., (2011). All participants 

included in the older and aMCI groups were screened using the ACE-III as an assessment of 

global cognitive functioning (Hodges & Larner, 2017; Hsieh et al., 2013).  

6.3.2 Apparatus 

EEG data collection was performed using a 64 channel Acticap Ag/AgCl system with active 

shielded electrodes, and Brain Products MRPlus amplifiers. Recording was performed in Brain 

Vision Recorder (Brain Procedures GmbH, Germany) at a continuous sampling rate of 1000 Hz 

(0.1 Hz resolution). Impedance was maintained below 25k: and FCz and AFz were used as 

online ground and reference electrodes respectively.  
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6.3.3 Experimental Procedure 

Participants were presented with a roving MMN paradigm that was presented in Chapter 3 

(Figure 11)  and using the source code from Garrido et al., (2008). The task was written in 

MATLAB using the Cogent toolbox (www.vislab.ucl.ac.uk/cogent.php). The paradigm is a 

variant of the standard oddball paradigm where the acoustic properties of the deviant and 

standard tones are matched (Garrido et al., 2008), and tone sequences allow for an 

exploration of both the MMN response and repetition suppression.  

Stimuli consisted of six sinusoidal tones between 500 and 800 Hz that varied across equal 

steps of 50 Hz. Each tone was presented for 70 ms, with a 5 ms rise and fall time, separated 

by a constant inter-stimulus interval of 500 ms. Stimuli were presented to participants 

binaurally through headphones. As the modification of perceived or actual loudness has been 

shown to have no effect on MMN amplitude (Todd & Michie, 2000), volume was individually 

adjusted to a comfortable level for each participant. 

Participants were presented with trains of one to 11 identical tones, where the first tone in 

each sequence acted as the “deviant” and was expected to elicit the mismatch response.  

Tone six of each sequence was treated as “standard”. Importantly, the deviant and standard 

only differed in the number of preceding tones, thus removing any confound introduced by 

using tones with differing acoustic properties. Over the 15 minute paradigm, participants 

were presented with 250 deviant tones. Variation in the train length from five to 10 tones 

prevented change anticipation. Participants were instructed that they would hear tones 

throughout the recording period, however their task was to respond to luminance changes in 

a visually presented fixation cross. The cross would appear to change between black and grey 

every 2-5 seconds, and was completely unrelated to the auditory sequence.  

6.3.4 EEG preprocessing 

SPM12 was used for all data processing and analysis 

(www.fil.ion.ucl.ac.uk/spm/software/spm12/). Preprocessing consisted of rereferencing to 

the average, downsampling to 250 Hz, filtering (0.1 – 30 Hz bandpass filter), and epoching 

into 500 ms baseline-corrected intervals (-100 – 400 ms). Three stages of artefact rejection 

consisted of 1) automatic thresholding of EOG electrodes (100 PV), 2) manual rejection using 

http://www.vislab.ucl.ac.uk/cogent.php
http://www.fil.ion.ucl.ac.uk/spm/software/spm12/
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the SPM-integrated FieldTrip data summary tool (ft_rejectvisual) and data browser 

(ft_databrowser), and 3) ICA in FieldTrip (ft_componentanalysis). The mean number of 

components removed per participant was 1.64 (SD = 0.75). Data were converted into NIfTI 

images using a 6x6x6 FWHM Gaussian kernel for a 0 – 400 ms time window for each stage of 

the ERP analysis. 

6.3.5 ERP analysis  

Three stages of ERP analysis were performed. First, to ensure that a mismatch response had 

been elicited across all three groups, data were averaged across frequencies (i.e., averaged 

according to position in the sequence), and deviant and standard trials were subject to a 

paired t-test. Second, difference waves were calculated between the deviant and standard, 

and a one-way ANOVA was employed to test for MMN differences between young, older, and 

aMCI participants. Finally, to assess repetition suppression, difference waves were calculated 

between the deviant and each successive tone up to tone six (i.e., deviant – tone 2, deviant – 

tone 3 etc). This created five difference waves, that were subject to 3(group) x 5(tone 

difference waves) ANOVAs. Based on the above one way ANOVA, it was apparent that 

significant effects corresponded to both the MMN and P3 evoked potentials. As such a 

repetition suppression ANOVA was performed on a time-window focused specifically on the 

MMN between 150 and 300 ms.  A similar ANOVA was also performed on the P3 time window 

(300-400ms), however, as the P3 is not the primary focus of the current study, and did not 

appear to offer any substantial contribution to the reported effects, the results of this ANOVA 

can be found in the supporting material (8.3.1).  

Across all ERP analyses, follow-up t and F contrasts were performed where appropriate. All 

significant results were family-wise error corrected (p<.05). Where multiple significant peaks 

occur for the same component, the time window of the significant cluster and the most 

significant peak within a cluster are reported. 

6.3.6 Source Analysis 

Source analysis was performed using group source inversion with the Multiple Sparse Priors 

method implemented in SPM12 (Litvak & Friston, 2008). A 3(group) x 6(tone) ANOVA was 

performed on a time window from 200 - 300 ms (Spriggs, Sumner, et al., 2017; Sumner, 
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Spriggs, et al., 2018). This analysis was used both to explore group differences in the activation 

of the underlying network (i.e., focusing on the main effect of group and the interaction 

p<.05FWEc), and to identify sources for subsequent DCM (i.e., focusing on the main effect of 

tone, p<.001unc.). 

6.3.7 Dynamic Causal Modelling 

DCM was employed to explore the effects of age and aMCI on the cortical architecture 

underlying the observed electrophysiological response (David et al., 2005; Friston et al., 

2003). The DCM analysis pipeline employed in the current study is based on that used in 

Chapter 5, and will only be described briefly. 

DCM specification. Neuronal architecture was modelled using the Canonical Microcircuit 

(CMC) neuronal mass model that is included in the SPM12 software (Section 2.3.4) (Bastos et 

al., 2012). To recap, each cortical source is modelled as the interaction between inhibitory 

interneurons, spiny stellate cells and superficial and deep pyramidal cells. Intrinsic (within-

source) connectivity between cell populations is determined via inter-laminar connectivity 

parameters, and extrinsic connectivity is determined by the layers of origin and termination. 

A thalamic impulse models exogenous input that enters through spiny stellate cells, and feeds 

into a series of  state equations used to describe the dynamics of each neuronal 

subpopulation (Jansen & Rit, 1995). Each source is then represented as an ECD, with lead field 

mapping (Kiebel et al., 2006) to determine how neuronal fluctuations produce observed data.  

Models were inverted under a Variational Bayes scheme, which descends upon a free energy 

approximation of the log model evidence p(y|m) (Friston et al., 2003). Model fit was assessed 

via the variance explained (R2; the squared correlation coefficient between the predicted and 

observed data) and visual exploration of the DCM predicted and observed data.  

Parametric Empirical Bayes and Bayesian Model Reduction. The inverted DCMs were then 

subject to a PEB analysis identical to that used in Chapter 5 (Section 5.3.6) (Friston et al., 2016, 

2015). In the current study, the GLM included three columns defining an overall cohort effect 

(all ones), the effect of age (zeros for the young group and ones for the older groups) and the 

effect of aMCI (zeros for the young and older groups and ones for the aMCI group).  
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BMR was then employed to identify the model parameters that contributed to the group 

effects (Section 5.3.6). The best models identified through the BMR greedy search algorithm 

were combined using BMA. Posterior estimates of parameters that exhibited a Pp >0.95 for 

the effects of age and aMCI are reported.  

6.3.8 Statistics 

Bayesian analyses were employed for all additional statistical tests. Analyses were performed 

in R using the packages BayesFactor (Morey, Rouder, & Jamil, 2015), ggplot2(Wickham, 2009), 

and plotly (Plotly Technologies Inc., 2015). The following default priors were employed: t-

tests and ANOVAs were performed using JZS priors r=0.701(Rouder, Speckman, Sun, Morey, 

& Iverson, 2009) and r=0.5 (Rouder, Morey, Speckman, & Province, 2012) respectively, and 

correlations were performed using a moderate Jefferies-Beta prior r= 0.3 (Ly, Verhagen, & 

Wagenmakers, 2016).  Equivalent analyses using classical methods can be found in the 

supporting material (8.3.2; Bonferroni correction applied where appropriate). 

6.4. Results 

6.4.1 Demographics 

Bayesian t-tests provided evidence for no difference between the older and aMCI groups in 

age (BF10 = 0.44; older M(SD)= 70.91(6.04); aMCI M(SD)= 69.13(5.43)),  and extreme evidence 

for a difference in ACE-III score (BF10 = 3750.46; older M(SD)= 93.55(3.61); aMCI M(SD)= 

85.87(7.26)).  

6.4.2 ERP Results  

MMN. The MMN waveform was assessed using a t contrast for the expected negative shift in 

the deviant tone (tone 1) as compared to standard (tone 6; for figure see supporting material, 

8.3.1, Figure 35). This revealed a fronto-central cluster representing the mismatch response 

that spanned 224 - 264 ms, and peaked at 264 ms (t(83) = 13.37, p<.001FWEc). Additionally, there 

was a posterior clusters from 336 - 368 ms that peaked at 368 ms (t(83) = 9.55, p<.001FWEc) . 

and a posterior significant peak at 140 ms (t(83) = 5.50, p = .002FWEc).   
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Group differences in the mismatch response were then assessed via a one-way ANOVA 

performed on the MMN difference waves. This revealed a main effect of group (supporting  

material, 8.3.1), that was explored via two follow-up F contrasts comparing the young and 

older groups, and the older and aMCI groups (Figure 24). The comparison between young and 

older participants revealed central peaks at 248 ms (F(1,81) = 25.37, p = .020FWEc) and 328 ms 

(F(1,81) = 39.56, p < .001FWEc). In both cases, amplitude was reduced for the older group. 

Additional posterior clusters included a right lateralised cluster from 212 – 260 ms, peaking 

at 260 ms (F(1,81) = 30.42, p = .004FWEc) and a second left lateralised cluster from 328 – 336 ms, 

peaking at 336 ms (F(1,81) = 34.02, p = .001FWEc). These clusters represent the MNN and P3 and 

all showed reduced amplitude in the older group. There were no significant clusters in the 

comparison between the older and aMCI groups.  

Figure 24. MMN waveforms for the three groups separately, taken from representative electrodes. Central 
head map depicts approximate location of the representative electrodes. Shaded areas represent the 
approximate time windows of significant differences between the young and older groups (one-way ANOVA).  

Repetition suppression. Finally, group differences in repetition suppression were assessed via 

a 3 (group) x 5 (tone difference waves) ANOVA performed on a 150 - 300 ms time window. 

This revealed a main effect of tone, a main effect of group (supporting material 8.3.1), and a 
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group by tone interaction. This interaction suggested group differences in the return to 

baseline response following the deviant tone, and consisted of two significant peaks: a left 

lateralised posterior peak at 200 ms (F(8,405) = 6.31, p = .001FWEc), and a central peak at 196 ms 

(F(8,405) = 5.78, p = .004FWEc).  

To assess this interaction further, follow-up F contrasts were defined to test for group 

differences in the variability between each difference wave. Based on the methods employed 

by Sumner et al., (2018), the contrasts compared the variability between successive 

difference waves between groups, where a reduction in variability across successive 

presentations indicates that a standard, or baseline response has been reached. As such, an 

earlier plateau would indicate a faster return to a standard response. Differences between 

the young and older groups included two significant peaks in the comparison between the 

tone 2 and tone 3 difference waves, that were both in a left posterior-lateral location, peaking 

at 180 ms (F(1,405) = 19.23, p = .030 FWEc; F(1,405) = 18.59, p = .040FWEc). A similar posterior cluster 

was also apparent in the comparison between the tones 5 and tone 6 difference waves 

peaking at 204 ms (F(1,405) = 26.22, p = .002FWEc). An additional right-central peak was also 

revealed in this contrast at 196 ms (F(1,405) = 20.56, p = .017FWEc). Across all significant clusters, 

there was greater variability between the difference waves for the older group. The 

comparisons between the older and aMCI groups revealed an almost identical posterior 

cluster in the comparison between the tone 5 and tone 6 difference waves peaking at 200 ms 

(F(1,405) = 28.19, p = .001FWEc). There was also a right central peak at 212 ms in the comparison 

between the tone 4 and tone 5 difference waves (F(1,405) = 20.99, p = .014FWEc). Across both 

significant clusters, there was greater variability between the difference waves for the aMCI 

group.  

Intriguingly, this analysis revealed the same posterior-lateral cluster across the comparisons 

between young and older, and the comparison between older and aMCI, and this 

corresponded to the significant cluster in the interaction. To further explore this, the 

significant cluster from the interaction was used as a mask to extract the raw amplitudes from 

that exact temporal and spatial ROI. For comparative purposes, the same procedure was used 

to extract the raw amplitudes for the central cluster that also appeared significant in the 

interaction. These are demonstrated in Figure 25b, along with the raw waveforms at a typical 

MMN representative location (Fz, Figure 25a). For post-hoc comparisons that are not 
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represented by either of these two clusters, the difference waveforms have been included in 

supporting material Figure 36. The raw amplitudes in Figure 25b, reveal group differences in 

the return to standard responding over tone repetitions.  While the young group demonstrate 

a “one-shot” return to standard response by tone 2, the older and aMCI groups show a much 

slower shift towards the standard response. It is also of interest to note the reduction in the 

overall magnitude of change across tone repetitions in the aMCI group compared to the other 

two groups. This provides a qualitative demonstration of the results of the repetition 

suppression ANOVA discussed above. It is important to note that the two ROIs depicted in 

Figure 25b demonstrate similar patterns but of opposing polarity. As such, while the posterior 

cluster may be in an unexpected location, it appears to be reflecting the inverse of the more 

typically located fronto-central cluster. 
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Figure 25. a) Raw amplitude ERPs for the deviant tone, as well as tones 4, 5, and 6 (standard) for the three participant groups at Fz. Shaded area represents time window of 
the significant interaction (196-200ms). Topographies above each  ERP are for the deviant response at 196ms for the corresponding group. b) Raw amplitudes extract from 
two ROIs defined by the two significant clusters from the significant interaction. Approximate locations of significant interaction have been projected onto a central head 
map. 
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6.4.3 Source analysis  

Source analysis was performed on a 200 - 300 ms time window, and a 3(group) x 6(tone) 

ANOVA revealed both a main effect of tone, and a group by tone interaction (Figure 26)  This 

interaction consisted of significant peaks in right middle temporal gyrus (peak MNI [64, -16, -

18], F(10,486) = 7.33, p < .001FWEc) and left interior temporal gyrus (peak MNI [-58, -16, -26], 

F(10,486) = 6.87, p < .001FWEc). Follow up F contrasts were first designed to assess group 

differences in the MMN (i.e., deviant vs standard). A comparison between the young and 

older groups revealed significant clusters of reduced activation in the older group that 

matched those seen in the interaction (right middle temporal gyrus peak MNI [64, -16, -18], 

F(1,486) = 50.34, p < .001FWEc; left inferior temporal gyrus peak MNI [-58, -16, -26], F(1,486) = 46.57, 

p < .001FWEc). There were no differences between the older and aMCI groups.  

Group differences in activation associated with repetition suppression were assessed via 

contrasts probing changes between successive tones. Comparing the young and older groups, 

significant differences were seen in the comparison between deviant and tone 2, which 

encompassed similar clusters to those seen for the MMN, specifically, the right middle 

temporal gyrus (peak MNI [64, -16, -18], F(1,486) = 26.41, p = .016FWEc), and left inferior temporal 

gyrus (peak MNI [-56, -8, -26], F(1,486) = 25.60, p = .023FWEc). No other contrasts were significant. 

There were no significant differences between the older and aMCI groups.  
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Figure 26. Source localisation statistical map for the group x tone interaction identified in the 3(group) x 
6(tone) ANOVA. The interaction is depicted via surface rendering, while the significant post-hoc contrasts are 
displayed on coronal and transverse slices. 

6.4.4 Dynamic Causal Modelling  

Sources for the DCMs were determined based on the main effect of tone from the source 

analysis and previous literature (Boly et al., 2011; Moran et al., 2014; Rosch et al., 2017; 

Schmidt et al., 2013; Spriggs, Sumner, et al., 2017; Sumner, Spriggs, et al., 2018; Timmermann 

et al., 2017). The source analysis revealed significant bilateral clusters in ITG (Left MNI [-56 -

16 -26]; Right [58 -14 -26]) as well as a cluster in right IFG (MNI[48 36 6]). Consistent with 

Garrido et al., (2008), thalamic input was modelled as entering primary auditory cortex 

bilaterally (A1; Left MNI [-42 -22 7], Right MNI [46 -14 8]), with a delay of 75 ms and duration 

of 16 ms. Models were defined to include reciprocal connections between A1 and ITG within 

each hemisphere, and from right ITG to right IFG. Consistent with Rosch et al., (2018) and 

Garrido et al.,(2009), the modulation of extrinsic connections and intrinsic gain across tone 

repetitions were modelled using both linear and non-linear trial specific effects. The linear 

term modelled tones 1 to 6 as a linear slope from 5 – 0, while the non-linear term included a 

peak at tone 2 (i.e., 0, 4, 3, 2, 1). Model inversion estimates the linear combination of these 

effects that best models the observed data.  

Each participant’s DCM was inverted individually, with a mean variance explained of 60.5% 

(SD = 0.163), and means of 56.64%, 65.64%, and 58.82% for the young, older and aMCI groups 
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respectively. A Bayesian one-way ANOVA revealed no evidence for or against the null 

hypothesis of no difference between groups (BF10 = 1.09; see supporting material 8.3.3 for a 

further exploration of this). Additionally, to ensure maximal model fit to the data, three 

different priors were explored, and a comparison of these can be found in the supporting 

material. The winning model was that employing the default priors. Finally, a comparison of 

the observed and predicted response revealed sufficient fit to the data (supporting material 

8.3, Figure 38).  

A total of 30 extrinsic and 34 intrinsic parameters were included as random effects in the 

model. These were the same set of parameters as assessed in Chapter 5 (Table 4). The 

extrinsic parameters included structural and modulatory forward and backward connections, 

as well as the corresponding signal delays between regions. The intrinsic set consisted of 

parameters defining self-modulation within each source and how this is modulated by 

experimental effects respectively. Additionally, a time constant was defined for each of the 

four cell populations, and three parameters per source determined intrinsic inhibitory 

coupling between cell populations. For computational efficiency, the PEB analysis was run on 

the extrinsic and intrinsic parameters separately.  

6.4.5 PEB Effect of ageing 

The effect of ageing is depicted in Figure 27a and includes a single extrinsic parameter, and 

three intrinsic parameters. Extrinsic propagation delays between right ITG and IFG were 

increased, demonstrating slower signal propagation. Additionally, the spiny stellate time 

constant was increased (i.e., slower), and the deep pyramidal time constant was decreased 

(i.e., faster). Finally, there was an increase in the inhibitory coupling between interneurons 

and spiny stellate cells in left A1, demonstrating increased inhibition of spiny stellate activity.  

6.4.6 PEB Effect of aMCI 

The effect of aMCI is also depicted in Figure 27a. aMCI was associated with an increase in 

propagation delays between A1 and ITG bilaterally, thus demonstrating a slowing in signal 

propagation. Additionally, the effect of MCI revealed a decrease in superficial pyramidal self-

inhibition in left A1.  
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Figure 27. a) DCM structure and PEB results. Each DCM included bilateral sources in primary auditory cortex 
(A1) and inferior temporal gyrus (ITG), as well as right inferior frontal gyrus (IFG). Central brains depict 
significant sources localisation results (main effect of tone, 200 - 300 ms, depicted p<.01unc.). The CMC 
models each source as the coupling between superficial and deep pyramidal cells (triangles), spiny stellate cells 
(pointed circles) and inhibitory interneurons (smooth circles). Forward and backward extrinsic connections 
were included between A1 and ITG bilaterally, and right ITG and IFG. Parameters with posterior probabilities 
>.95 are depicted for the effects of age (purple) and MCI (yellow). Posterior parameter estimates have been 
included next to the parameters featuring in each of the effects.  See  Table 4 for parameter labelling and 
descriptions. b) Left A1 inhibitory interneuron to spiny stellate inhibition across tone repetitions for the three 
groups. Error bars depict standard error. c) Left A1 superficial pyramidal cell activity across tone repetitions for 
the three groups. Error bars depict standard error.  
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6.4.7 Intrinsic A1 trial specific effects 

Both the effects of age and aMCI were associated with modulations of intrinsic connectivity 

in left A1, with an ageing effect on the inhibitory connection between inhibitory interneurons 

and spiny stellate cells, and an aMCI effect on superficial pyramidal self-inhibition. To explore 

these effects further, the group trial specific effects were calculated for both of these 

connections, and were subject to Bayesian ANOVAs. Models containing each of the main 

effects and the interaction were compared. 

The trial specific effects for the inhibition of spiny stellate cells is depicted in Figure 27b. The 

ANOVA revealed extreme evidence for the model including the main effect of group (BF = 

1805050). The model including the main effect of tone had weak evidence (BF = 1.19) and the 

model including the interaction had moderate evidence (BF = 6.66). The ratio of the Bayes 

Factors provides extreme evidence for the group main effect model, over the inclusion of the 

interaction (1805050/6.66 = 270987.84). Follow-up t tests revealed extreme evidence for a 

difference between the young and older groups (BF10= 456412.7), and evidence for no 

difference between the older and MCI groups (BF10=0.31).  

The trial specific effects for the self-inhibition of superior pyramidal cells is depicted in Figure 

27c This revealed the greatest evidence for the model including the main effect of group (BF= 

7.25), followed by the main effect of tone (BF= 2.14), and the interaction (BF= 1.92). The ratio 

of the Bayes Factors provides evidence for the group main effect model, over the inclusion of 

the interaction (7.25/1.92 = 3.77). A follow-up t-test to compare the young and older groups 

revealed weak evidence for the null (BF10 = 0.25), suggesting no difference between these 

groups in superficial pyramidal self-inhibition. Comparing the older and MCI groups however 

revealed moderate - strong evidence toward the alternative, supporting a difference between 

these groups (BF10 = 9.81).  

6.4.8 Correlation with Cognitive Performance 

The above analysis also indicated a consistent contribution of slowed propagation delays to 

both the effects of age and aMCI. It was hypothesised that this may be of specific importance 

to characterising the groups and their differences. As the defining factor between the groups 

is cognitive performance, ACE-III performance was correlated with propagation delays for 
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both the older and aMCI groups together. A Bayesian correlation revealed evidence towards 

the null for a relationship between ACE-III and propagation speed between right ITG and IFG 

(BF10 = 0.91). However, there was moderate (BF10 = 6.83) and extreme (BF10 = 15327.24) 

support for negative correlations with propagation speed between A1 and ITG on the left and 

right respectively. Together, this result indicates a bilateral slowing of forward propagation 

speed between sensory areas with decreasing cognitive performance.  

 

Figure 28.3D scatter plot of the propagation delays from primary auditory cortex (A1) to inferior temporal 
gyrus (ITG) on the left (x axis) and right (y axis) and ACE-III scores (z axis) for the older and aMCI groups. 
Propagation delays were negatively correlated with ACE-III score bilaterally. The transverse slices above the 
plot depict the approximate location of the corresponding connections. For clarity, the correlation values from 
the classical analysis have been included. 
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6.5. Discussion 

Here we employed the roving MMN paradigm and hierarchical DCM to explore sensory 

inference and learning in ageing and aMCI. At the scalp level, ageing was associated with 

modulations of MMN amplitude and repetition suppression, while the aMCI group 

demonstrated a specific slowing of repetition suppression. At the source level, temporal lobe 

activation was reduced in the older group, compared to the young group. There were 

however no differences between the older and aMCI group in source activation. At the 

network level, DCM revealed shifts in intrinsic and extrinsic timing parameters, as well as 

distinct changes in A1 intrinsic coupling for the effects of age and aMCI. Importantly, the 

bilateral slowing of extrinsic propagation delays between A1 and ITG correlated with a 

decrease in cognitive performance across both the older and aMCI groups. Together these 

results not only exhibit distinct age- and aMCI-related shifts in short term sensory plasticity, 

but also provide support for using DCM of the roving MMN as an objective tool for the 

identification of potentially latent pathology in those at greatest risk for AD.  

 The current results are consistent with the typical expression of the MMN as a fronto-central 

negativity induced by a deviant or surprising stimulus (Garrido et al., 2008; Näätänen & 

Tiitinen, 2014), here peaking at 264 ms. The significant reduction in MMN amplitude with age 

is also consistent with age-related decreases in MMN amplitude (Alain & Woods, 1999; 

Cooper et al., 2006; Cooray et al., 2014; Czigler et al., 1992; Horváth et al., 2007; Pekkonen et 

al., 1993, 1996; Ruzzoli et al., 2012; Schiff et al., 2008). Conversely, there were no MMN 

differences between the older and aMCI groups. This was not unexpected as there is already 

inconsistency in previous studies (Ji et al., 2015; Jiang et al., 2017; Lindín et al., 2013; 

Mowszowski et al., 2012; Ruzzoli et al., 2016; Tsolaki et al., 2017). Nevertheless, there was a 

progressive slowing of perceptual learning in heathy ageing, and in aMCI. Specifically, while 

the young group demonstrated a ‘one-shot’ return to standard responding after the deviant 

(a pattern that has been demonstrated previously (Moran, Campo, et al., 2013)), this shift 

was much slower for the older group, who demonstrated greater variability between tones 

at both an early (tones 2 and 3) and late (tones 5 and 6) phase of repetition suppression. 

Importantly, the aMCI group demonstrated greater variability as compared to the older group 

at later phases of repetition suppression (tones 4 – 6). Together, these results suggest that 

while ageing may encompass changes in both perceptual inference and learning, aMCI is 
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associated with specific changes in perceptual learning over-and-above those seen in ageing. 

While only speculative, this modulation of repetition suppression in aMCI is nevertheless 

consistent with a specific disruption of NMDA-mediated plasticity, possibly through an 

accumulation of AE oligomers at the synapse (Danysz & Parsons, 2012; Klein, 2006; Malinow, 

2012).  

It is interesting to note that in Figure 25b, both the young and aMCI groups demonstrate a 

positive amplitude shift at tone 5 which is not apparent in the older group.  It is unclear what 

this peak represents and why it is apparent in two of the three participant groups. One 

possibility is that it reflects a form of change anticipation. This may not be apparent in the 

older group, as model predictions are more parsimonious, which renders sensory change less 

pertinent (this hypothesis will be discussed more below). This is however only speculative and 

it will be interesting for future studies to explore this further. 

Another intriguing feature of the current ERP results is that previous DCM studies have 

demonstrated similar ‘one-shot’ changes in A1 intrinsic connectivity to those demonstrated 

in the repetition suppression ERPs for the young group in the current study (Garrido, Kilner, 

Kiebel, et al., 2009; Rosch et al., 2018; Sumner, Spriggs, et al., 2018). A temporal source may 

be responsible for the scalp level differences, where the older group demonstrated reduced 

activation. This hints toward a specific modulation of the temporal-lobe component of the 

mismatch response with age. The temporal positivity that is recorded at the scalp is 

understood to represent the sensory memory component of the MMN (Cooper et al., 2006; 

Maess, Jacobsen, Schröger, & Friederici, 2007; Rinne et al., 2000), suggesting that age group 

differences may stem from a difference in sensory processing.   

DCM of the underlying network revealed that both ageing and aMCI were associated with 

shifts in the temporal dynamics of intrinsic and extrinsic connectivity. Specifically, increased 

extrinsic propagation delays were seen between right ITG and IFG with the effect of age, and 

bilaterally between A1 and ITG with the effect of aMCI. Intrinsically, ageing was also 

associated with shifts in the time constants of spiny stellate cells and deep pyramidal cells. 

Additionally, the group effects were associated with distinct changes in A1 intrinsic inhibition. 

It is interesting to note that, of the 64 parameters included as random effects in the PEB 

model, both group effects were characterised by a similar, relatively small number of 
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parameter changes. This not only suggests that the shifts between healthy ageing and 

cognitive decline are progressive, but also speaks to the consistency of DCM and PEB in 

reducing large parameter spaces.  

As discussed in Section 2.3.4, a key feature of the CMC model is the distinction between 

superficial and deep pyramidal cells that allows for a segregation of parallel forward and 

backward processing streams. The temporal dynamics of these processing streams have 

important implications for their function: perceptual inference occurring over peri-stimulus 

time is dependent on fast AMPA-mediated error propagation up the cortical hierarchy. 

Conversely, perceptual learning occurs through slower NMDA-mediated adjustments down 

the cortical hierarchy (Auksztulewicz & Friston, 2016; Bastos et al., 2012; Friston, 2005). 

Interestingly, the effect of age in the current study suggest a shift in the balance of these 

processing streams, primarily through their temporal dynamics. The slowing of forward 

propagation delays and spiny stellate time constants (a target of forward connections) is 

suggestive of a slowing of forward error propagation, while a faster deep pyramidal time 

constant may reflect a speeding up of backward predictive updating. This is consistent with 

an age-related increase in model parsimony, as proposed by Moran et al., (2014). Specifically, 

parsimonious generative models produce more accurate predictions, and thus reduce 

reliance on sensory updating. Such models may result from a lifetime of experiential model 

adjustment. This is corroborated by an increase in A1 spiny stellate inhibition, and the 

reduction of temporal lobe source activity, which is suggestive of an active dampening of 

thalamic (sensory) input. In combination, these results thus shift away from viewing ageing 

as associated with a decline in sensory memory formation, and towards a more optimistic 

model of an age-related optimisation of perceptual learning. 

Unique to the effect of aMCI was an increase in sensory precision in left A1 (i.e., a decrease 

in superficial pyramidal self-inhibition). Precision acts as a weighting that is optimised to 

reduce prediction error (Auksztulewicz & Friston, 2016; Moran, Campo, et al., 2013; Pinotsis 

et al., 2014). Typically, across tone repetitions, precision is lowest for tone two (following high 

prediction error) and subsequently increases as the new tone is learned (Garrido et al., 2008; 

Moran, Campo, et al., 2013; Rosch et al., 2017). As can be seen in Figure 27c both the young 

and older groups demonstrate this pattern (note that high self-inhibition equates to low 

precision), while the aMCI group do not. Thus, the high precision seen in aMCI does not reflect 
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high predictive accuracy per se, but appears to reflect a disengagement of this learning-

related optimisation, resulting in perpetually high precision across tone repetitions.  

Due to the range of neuromodulators involved in superficial pyramidal precision control, the 

exact mechanisms underlying this disruption remain elusive. However, in healthy 

participants, the NMDA antagonist ketamine decreases superficial pyramidal gain 

(Muthukumaraswamy et al., 2015) and MMN amplitude (Rosch et al., 2017; Schmidt et al., 

2012; Umbricht et al., 2002). Conversely, the acetylcholinesterase inhibitor galantamine (an 

approved treatment for AD), increases MMN amplitude and superficial pyramidal gain in 

healthy participants (Moran, Campo, et al., 2013). Interestingly, an alternative 

acetylcholinesterase inhibitor -  tacrine (THA) - that is also an approved drug for AD treatment, 

has been shown to reduce MMN amplitude in AD patients at high doses (50 mg) (Riekkinen Jr 

et al., 1997). Treatment with THA also blocks the MMN enhancement induced via the 

administration of the ACh agonist nicotine polacrilex (Engeland et al., 2002). While precision 

control is clearly complex, both NMDA-mediated plasticity (Arendt, 2009; Klein, 2006) and the 

cholinergic system (Schliebs & Arendt, 2006, 2011) are disrupted by a pathological 

accumulation of AE in AD. When coupled with an age-related reduction in sensory updating, 

a disruption in the optimisation of precision may create a system that is insufficient for 

successful perceptual learning. 

Finally, the current results demonstrated that a bilateral slowing of forward error propagation 

between A1 and ITG was associated with a decline in ACE-III performance across the older 

and aMCI groups. The ACE-III is one of the most widely used cognitive screening tool for 

dementia, with high sensitivity and specificity in the identification of AD (Hodges & Larner, 

2017; Hsieh et al., 2013), and MCI (Jubb & Evans, 2015; Matias-Guiu et al., 2017). As discussed 

above, the slowing of forward connectivity between sources contributes to the hypothesised 

shift away from reliance on sensory updating with age. However, combined with an aMCI-

specific disruption of the optimisation of precision weighted predictions, a continued slowing 

in temporal areas  may become detrimental to perceptual learning. In rodent models, AE 

accumulation has been shown to specifically disrupt sensory-induced hippocampal theta, as 

well as glutamatergic and cholinergic-mediated hippocampal activity during learning 

(Gutiérrez-Lerma, Ordaz, & Peña-Ortega, 2013; Peña-Ortega & Bernal-Pedraza, 2012). As such 

the current results may reflect an early, latent pathology within temporal sensory-learning 
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networks. While caution is taken not to over-extrapolate these results, Figure 28 does reveal 

a split in the aMCI group into two sub-groups; one group with ACE-III scores and propagation 

delays similar to the older group, and one with decreased ACE-III scores and slower 

propagation delays. This result not only validates the DCMs as reflecting clinically relevant 

changes, but suggests that this combination of a cognitive and a neurobiological marker may 

be an important feature to consider in future studies distinguishing between AD converters 

and non-converters.   

A few limitations of the current study must be noted. Firstly, as was the case in Chapter 5, it 

is important to acknowledge the small sample size of the clinical group and the unknown 

transition rate to AD. Secondly, while the young and older groups were matched for the sex 

of the participants, the aMCI group was not. Sumner, Spriggs, et al., (2018) demonstrated that 

hormone fluctuations across the female menstrual cycle modulate forward connectivity 

within the repetition suppression network, however this has not been assessed in an ageing 

cohort. Third, the current protocol did not include a formal hearing assessment. In line with 

previous studies of ageing (e.g., Moran et al., 2014) the volume at which stimuli were 

presented was individually adjusted to ensure that each participant could clearly, and 

comfortably, hear the tones. This was deemed more appropriate than employing a set 

stimulus volume as it would be expected that individual auditory thresholds would differ. It is 

not expected that differences in stimulus loudness would have affected the current results 

(Todd & Michie, 2000), though it may be important for future studies to explore this further. 

This nevertheless will not account for potential group differences in ability to represent the 

unique frequencies employed, and therefore the magnitude of their difference. Less discrete 

receptive fields in the older and aMCI groups may also lead to what appears to be more 

parsimonious models. While the presence of differences between the older and aMCI groups 

would suggest that this cannot fully account for the current results, it would be interesting 

for a future study to assess this further by ordering the trials based on the magnitude of the 

difference. Finally, the R2 for the current set of DCMs was perhaps lower than expected. As 

discussed by Stephan et al. (2010), models are parsimonious representations of highly 

complex phenomena, and “poor fit” does not equate to a bad model. This set of DCMs was 

constructed based on well-established a priori knowledge of the MMN network, and using 

source analysis from the current dataset. Further optimisation of model space was explored 
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(see supporting material,  8.3 for a discussion of priors), however, we did not labour this at 

the risk of overfitting. While this is not expected to have impacted on the current results, the 

cause of this reduced R2 may require additional exploration in future studies.  

In conclusion, the current results provide novel insight into perceptual inference and learning 

in ageing and aMCI using the roving MMN paradigm. Results from the scalp, source and 

network level support an age-related shift away from sensory updating and toward greater 

model parsimony. Additionally, these results provide a novel demonstration of a specific 

attenuation of perceptual learning in aMCI that is coupled with a disruption of superficial 

pyramidal gain control in A1. Therefore, the combined evaluation of perceptual inference and 

learning afforded by the roving MMN provides a window on healthy and potentially 

pathological changes in neuroplasticity in ageing and aMCI. Crucially, we demonstrated that 

these changes in neuroplasticity impact cognitive performance, thus providing a biological 

basis for clinical assessment. While the current cohort was limited, and thus replication with 

larger sample sizes will be crucial, it is hoped that this will assist in the growing need for early 

AD biomarkers that will pave the way for early intervention. Additionally this provides a 

further demonstration of the utility of EEG and computational modelling in identifying group 

differences in the mechanisms of neuroplasticity that may be applicable to biomarker 

development across a number of neurological and psychological conditions.   
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Chapter 7. General discussion 

The studies in this thesis have explored the mechanisms of experience-dependent plasticity 

in health and disease. This final chapter will first summarise the findings that relate to 

different neuronal models of learning, before discussing how electrophysiological measures 

of these learning models provide unique insight into the modulation of experience dependent 

plasticity in ageing and aMCI. Finally, a few of the strengths and limitations of the current 

methods will be explored, before closing with some concluding remarks.  

7.1. The Free Energy Principle- A unified model of learning?  

Chapter 1 of this thesis posed an important question: how do we learn? Three models for 

experience-dependent learning were put forth: 1) a Hebbian model, which is manifest 

through LTP and LTD; 2) an inferential model which provides the basis of Bayesian and 

Predictive Coding hypotheses; and 3) a combined model known as the Free Energy Principle. 

While the Free Energy Principle is most widely recognised as being a model of Bayesian 

Predictive Coding (and thus inferential learning), it also proposes a specific role for Hebbian 

plasticity in the optimisation of expectations on the cause of sensory input. Throughout this 

thesis, two electrophysiological paradigms (the visual LTP paradigm and the roving MMN) 

have been compared in the hope of exploring these hypotheses and shedding some light on 

this most pivotal question.  

The aim of Chapter 3 was to compare the generative mechanisms of visual LTP and the MMN, 

therefore assessing whether Hebbian and Predictive Coding mechanisms co-occur in the 

brain. In accordance with a large body of previous work, DCM revealed that the generation of 

the MMN is associated with a modulation of forward and backward connections in the 

underlying fronto-temporal network (Boly et al., 2011; Dima et al., 2010; Garrido et al., 2008, 

2007; Moran et al., 2014; Schmidt et al., 2013). This is consistent with an inferential process 

whereby learning corresponds to the reciprocal suppression of prediction error within a 

hierarchically organised network (Garrido, Kilner, Stephan, et al., 2009). Additionally, Chapter 

3 provided the first application of DCM to the visual LTP paradigm, and revealed that 

potentiation of the visual response is generated by a modulation of forward connections 
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within the ventral visual stream. As Hebbian learning corresponds to a strengthening of 

synaptic connections following co-activation, there is no dependence on top-down 

modulation.  The results of Chapter 3 thus suggest that both Hebbian and Predictive Coding 

mechanisms are utilised by the brain under different task demands.  

Assuming that the Free Energy Principle is in fact a unified model of brain function (Friston, 

2010), it must be able to account for the seemingly disparate patterns of network modulation 

revealed by these two paradigms. The Bayesian Predictive Coding mechanisms underlying the 

MMN are already firmly rooted in the Free Energy Principle, where ERPs are transient 

expressions of prediction error, and a suppression of prediction error corresponds to a 

minimisation of free energy (Friston, 2005, 2010; Garrido, Kilner, Stephan, et al., 2009). 

However there are three features of visually induced potentiation that are distinct from 

Predictive Coding mechanisms, and which require explanation if the LTP paradigm is to be 

framed within a Free Energy framework. Firstly, the induction of LTP is best modelled by 

unidirectional network modulation. Second, potentiation corresponds to a learning-related 

enhancement, rather than a suppression of the ERP. And finally, network modulation occurs 

within forward connections (i.e., those mediated by AMPA connections) rather than 

backward connections (i.e., those mediated by NMDA connections).  

With regard to the first point, Friston (2005) states that representational learning can occur 

through forward modulation if, and only if, the generative model is invertible. This requires 

the removal of all non-linearity from the sources of sensory input, and thus the removal of all 

ambiguity. It could be argued that this is achieved in the LTP paradigm, which consists of 

repetitions of low-level visual stimuli in a highly predictable manner. Once the generative 

model is optimised, feedback may become obsolete. In fact, in any model comparison 

situation, the best model is that which maximises accuracy and minimises complexity; a 

concept which is embodied within free energy suppression. As such, to continue optimising 

the recognition density indefinitely would possibly lead to overfitting. Therefore, the absence 

of reciprocal processing in the LTP paradigm may indicate that an optimal model of the cause 

of sensory input has been obtained, and there is no need for further optimisation. With regard 

to the second point above, it follows that the ERP would no longer be a reflection of prediction 

error, as there is no error to reflect. By cancelling out the prediction error, one is left with an 
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ERP that is perhaps a direct index of the enhanced synaptic efficacy that is obtained through 

experience-dependent learning and is consistent with a Hebbian mechanism.   

Under the Free Energy Principle, a connection is enhanced when presynaptic predictions and 

post-synaptic prediction errors are matched (Friston, 2005, 2010). The directionality of this 

enhancement does implicate top-down connections (i.e., that the predictions are presynaptic 

and the errors are post-synaptic). However the distinction between bottom-up AMPA-

mediated signaling and top-down NMDA-mediated signaling that is proposed by the Free 

Energy Principle, may not be so clear cut. Specifically, the NMDA antagonist ketamine has 

been shown to modulate forward connectivity within the fronto-temporal network 

underlying the MMN (Schmidt et al., 2013). It has thus been suggested that the distinction 

between these receptor-mediated pathways may be relative rather than absolute (Corlett et 

al., 2016; Corlett, Honey, Krystal, & Fletcher, 2011). Therefore, with regard to the last point 

raised above it is still possible that an NMDA-mediated enhancement of forward connections 

may fit within a Free Energy framework.   

With this in mind, the overarching message from the comparison of Hebbian LTP and Bayesian 

Predictive Coding is that the brain seems capable of employing different learning mechanisms 

under different task demands. As outlined above, one of the distinctions in these demands 

could be the level of ambiguity embodying the sensory input. Another is the distinction 

between short-term and long-term learning. While the MMN provides an index of short-term 

plasticity (though see Section 7.3.2 for a further discussion of this), the visual LTP paradigm 

has been specifically designed to induce long-term changes. Interestingly, a recent study by 

Kompus and Westerhausen (2018) demonstrated that tetanising a deviant stimulus enhances 

the MMN for subsequent presentations within an oddball paradigm. This demonstrates that 

the two processes are not entirely mutually exclusive. Nevertheless, it can be concluded that 

the two paradigms do appear to index differential learning mechanisms, and both could 

provide important insight in the neuronal mechanisms underlying experience dependent 

plasticity.  



Chapter 7. General discussion  

147 
 

7.2. Electrophysiological indices of experience-dependent plasticity in health 

and disease 

As discussed in Chapter 2, computational modelling of neuroimaging data allows one to shift 

from describing data features to understanding the neuronal mechanisms that cause them. 

This not only affords an enriched understanding of the pathological processes underlying 

cognitive dysfunction, but also provides an opportunity for biomarker and intervention 

development (Roberts & Breakspear, 2018; Stephan et al., 2017). One disorder for which such 

early biomarkers would be of great utility is AD. It is widely agreed that AD represents a 

disorder of synaptic failure (Overk & Masliah, 2014; Selkoe, 2002), where a (potentially 

reversible) functional disruption of neuroplasticity precedes the onset of irreversible cell 

death (Klein, 2006; Knobloch & Mansuy, 2008; Selkoe, 2002; Sheng et al., 2012). Diagnosis 

within the pre-clinical phase of aMCI will therefore provide an opportunity for early 

intervention before the onset of irreversible structural damage. Chapters 5 and 6, employed 

the perceptual learning paradigms presented in Chapter 3 to probe changes in experience-

dependent neuroplasticity in healthy ageing and aMCI. Not only did these studies reveal 

distinct group effects on perceptual learning that were measurable at the level of the scalp, 

but they provided insight into the unique neuronal mechanisms underlying these changes.  

Chapter 5 explored age- and aMCI-related changes in visually induced LTP. At the scalp level, 

ageing was associated with a shift in the time-course and laterally of visually evoked LTP, while 

aMCI was associated with a disruption thereof. Most strikingly, DCM revealed a consistent 

age-related decrease in superficial pyramidal gain across the modelled cortical hierarchy. In 

contrast, aMCI was not only associated with a decrease in the inhibitory coupling between 

interneurons and excitatory neurons in MOG, but this decrease appeared to be greatest for 

those demonstrating a greater cognitive impairment. Thus, aMCI was most clearly 

distinguished from ageing through a specific inhibitory-to-excitatory coupling imbalance in 

the MOG. 

Chapter 6 presents a parallel analysis using the roving MMN paradigm. At the scalp level, 

healthy ageing was found to modulate the ERPs of both the MMN and repetition suppression, 

while aMCI was associated with a further attenuation of repetition suppression. Source 

analysis also revealed a reduction in temporal lobe activation with age. Age-related 
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alterations in the temporal dynamics of the generative network were consistent with an 

increase in prediction accuracy and reduction in sensory updating. Conversely, an aMCI-

specific modulation of superficial pyramidal gain appeared to reflect a disengagement of 

learning-related precision optimisation. Finally, a slowing of extrinsic error propagation in left 

and right temporal lobes correlated with cognitive performance in the older and aMCI groups. 

This not only demonstrated consistency between this biophysical parameter and current 

cognitive diagnostics, but also uncovers a possible neurological contributor to cognitive 

decline. 

While both paradigms provided unique insight into the effects of age on plasticity 

mechanisms, they are consistent in their support for an age-related refinement of experience-

dependent plasticity. This builds on the work of Moran et al., (2014), who demonstrated an 

age-related shift in predictive accuracy for deviant and standard tones presented in an 

oddball paradigm. More specifically, while young participants demonstrated poor predictive 

accuracy for deviants and early standard tones, older participants showed more generalisable 

predictions for both standard and deviant tones. This suggests that ageing is associated with 

an increase in model parsimony, which could occur across a lifetime of learning. This is at odds 

with the proposal of a decline in sensory-memory that is often cited as a cause of age-related 

shifts in MMN amplitude (Näätänen et al., 2012; Pekkonen, 2000), and instead suggests that 

this reflects a reduction in prediction error due to greater model parsimony. The results of 

Chapter 6 provide supports of an increase in model parsimony with age at the scalp level (i.e., 

through the more gradual change in repetition suppression), at the source level (i.e., the 

reduced activation of sensory processing areas) and at the network level (i.e., through a shift 

in the temporal dynamics of the underlying network). Further, Chapter 5 demonstrates that 

this could be mediated by Hebbian mechanisms, and a metaplastic shift in gain control that 

may result from a lifetime of learning. Together, these studies suggest that ageing is 

associated with an increase in intrinsic inhibition which not only refines the window within 

which NMDA-mediates LTP can take place, but also dampens sensory input when predictive 

accuracy is already high.  

Additionally, both paradigms were consistent in their support for disrupted plasticity 

mechanisms in aMCI. Across both paradigms, aMCI was associated with decreased inhibition 

within sensory processing regions (i.e., MOG and A1). This is the opposite of what is seen in 
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ageing.  AE has been shown to impair GABAergic inhibition, with a range of knock-on effects 

including a decrease in neurogenesis (Li et al., 2009), neuronal hyperactivity (Busche et al., 

2008), and abnormal oscillatory activity and network synchrony (Verret et al., 2012). 

Additionally, Roberson et al., (2011) demonstrated a joint disruption of the excitatory-

inhibitory balance via AE, Tau and Fyn, causing abnormalities in NMDA mediated currents. 

Chapter 5 demonstrated a reduction in the inhibition of spiny stellate cells in MOG, while 

Chapter 6 revealed a reduction in superficial pyramidal self-inhibition. The specificity of these 

effects to sensory processing regions is interesting to note, as it suggests that aMCI related 

deficits stem from a disruption in the excitatory-inhibitory balance within a very basal level of 

cortical processing. This is perhaps not what would be expected based on the known spread 

of AD neuropathology, which affects highly active, and highly connected regions of the 

associative cortex before spreading into sensory areas (Braak & Braak, 1991; Braak & Del 

Tredici, 2018; Pignataro & Middei, 2017). Nevertheless, recent evidence suggests that, at least 

in the case of tau pathology, this spread may be mediated by top-down connections (Braak & 

Del Tredici, 2018), which may implicate lower-order processing areas that receive high levels 

of top-down connections in an earlier phase of pathology. It will be interesting for future 

studies to assess the propagation of excitatory-inhibitory disruptions with disease 

progression.  

It is however also important to note that amongst these consistencies across the paradigms, 

there are also some clear differences in the group effects they reflect. The most intriguing 

observation comes from the extrinsic  propagation delays, and intrinsic time constants, where 

the within-paradigm group effects are consistent, but they are in opposing directions across 

the paradigms. Specifically, the LTP paradigm revealed faster propagation delays for both 

ageing and aMCI, and a slower deep pyramidal time constant for ageing. Conversely, the 

roving MMN paradigm revealed slower propagation delays for both ageing and aMCI, and a 

faster deep pyramidal time constant for ageing. Both of these parameters (propagation delays 

and time constants) are determinants of the coherence of activity between sources. Forward 

connections originate in superficial pyramidal cells that are the source of fast gamma activity. 

Conversely, backward connection originate in deep pyramidal cells that are the source of 

slower beta and alpha activity  (Bastos et al., 2012; Buffalo et al., 2011; Friston, 2005; Shaw 

et al., 2017). Recently, Shaw et al., (2017) demonstrated that an increase in superficial 
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pyramidal self-inhibition leads to a suppression of gamma amplitude and an increase in peak 

frequency. This was further corroborated by Sumner et al., (2018) who found that shifts in 

the peak of induced gamma across the female menstrual cycle  were associated with changes 

in superficial pyramidal self-inhibition. Based on the current results, one cannot draw 

conclusions on how these shifts in propagation speed and synaptic time constants influence 

synchrony or peak frequency. However, propagation delays are typically an order of 

magnitude shorter than the cycle length of the coherent oscillatory activity between regions 

(Fries, 2005), and the shifts in propagation delays demonstrated here may reflect changes in 

the oscillatory dynamics of the network. Chapter 6 also demonstrates the clinical relevance 

of conduction delays through a correlation with cognitive performance. This therefore lays 

the foundation for future work assessing induced oscillatory activity using these two 

paradigms. 

As discussed in Chapter 2, objective biomarkers for cognitive dysfunction remain scarce, and 

EEG is rarely used in clinical practice. However, the current thesis demonstrates how EEG and 

computational modelling can be combined to provide unique insight into neuronal function 

and the disruption thereof. It is hoped that these results present the case for bringing EEG 

back into the focus of biomarker development, where similar assays of neuroplasticity may 

be applied in neurology and psychiatry more broadly.     

7.3. Methodological considerations  

In this final section, the methods employed in the current thesis are reviewed in light of some 

of the interesting features of the results they produced. While not necessarily pivotal to the 

primary outcomes discussed above, the findings discussed in this section do pose some 

interesting new questions, and raise some important methodological considerations for 

future studies.   

7.3.1 The human visual LTP paradigm 

Since its inception in 2005, the sensory LTP paradigm has gained support as an index of 

Hebbian learning, and has been used as a marker of plasticity modulation in health (de Gobbi 

Porto et al., 2015; Smallwood et al., 2015; Spriggs, Cadwallader, et al., 2017; Spriggs, 

Thompson, et al., 2018; Sumner, Spriggs, et al., 2018) and disease (Çavuş et al., 2012; 
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Elvsåshagen et al., 2012, 2012; Forsyth et al., 2015; Jahshan et al., 2017; Mears & Spencer, 

2012; Wilson et al., 2017; Zak, Moberget, Bøen, Boye, Waage, Dietrichs, Harkestad, Malt, 

Westlye, Andreassen, et al., 2018). The majority of these previous studies have focused their 

analysis to specific components of the ERP, and relatively limited clusters of electrodes. 

Studies employing the Tyler et al., (2005) paradigm (i.e., the paradigm used in the current 

thesis) have typically focused on the N1b, and have either analysed a single electrode in each 

hemisphere at the approximate locations of P7 and P8 in the 10-20 system (e.g., McNair et 

al., 2006; Spriggs et al., 2017), or have averaged across a surrounding cluster of electrodes 

(e.g., Ross et al., 2008; Smallwood et al., 2015). Here we took a broader approach and 

analysed the entire time-window from 0 – 250 ms. By representing space x time data as a 

continuous statistical parametric map, and employing random feild theory to control family-

wise error rate (Kilner & Friston, 2010), one is able to analyse substantially larger temporal 

and spatial regions of interest, while also controlling for the multiple comparisons problem. 

It is through the analysis of a 250 ms time window across a larger region of interest that 

enhancements (and depressions) of the evoked responses were revealed for components 

beyond the N1b. In Chapter 5, the extended spatial and temporal ROI also uncovered a 

lateralisation of potentiation with age; an effects that would not otherwise have been 

apparent. Previously, Spriggs et al., (2017) reported a disruption of N1b potentiation and 

maintenance of P2 potentiation with age, which is largely consistent with the results of 

Chapter 5. However, additional insight into the shift in the potentiated response was revealed 

that was not apparent based on the Spriggs et al., (2017) analysis. It remains uncertain exactly 

what this age-related lateralisation reflects, and further research on this effect is required.  

In both Chapters 3 and 5, an effect of tetanisation was seen in a centralised N1 (~90 – 100 

ms), a bilateral N170 (~124 – 156 ms), and a centralised P2 (~188 – 192 ms). Interestingly, in 

both studies the N1b was depotentiated  in the early post-tetanus block, and this effect was 

maintained into the late post-tetanus block in Chapter 3. Conversely, the N1 and P2 peaks 

were significantly potentiated in the late post-tetanus block in both studies. Similar trends in 

N1 and P2 depression and potentiation have been seen in studies that have employed 

alternative variations of the LTP paradigm  (Forsyth et al., 2015, 2017; Jahshan et al., 2017). 

The differences in the time course of the potentiation/depotentiation of these components 

suggests some level of independence between the LTP/LTD effects that they each reflect. In 
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support of this, Forsyth et al., (2015) found that the NMDA agonist D-cycloserine (DCS) 

differentially modulated the N1 and P2 across four post-tetanus blocks. Additionally, 

unpublished source analysis from our lab supports a distinction in the source profiles of the 

N1b and P2 (Figure 29). While the nature of this distinction remains elusive, the specificity of 

P2 potentiation to the late post-tetanus block  could suggest that this component represents 

a later phase of the LTP process. As discussed in Chapter 1, the transition from NMDA-

dependent STP to the early phase of LTP involves the activation of Ca2+ dependent pathways 

and protein phosphorylation, and can occur minutes to hours post-induction (Bliss & 

Collingridge, 2013; Malenka & Bear, 2004; Volianskis & Jensen, 2003). It is thus plausible that 

across the N1 – N1b – P2 complex, different phases of the LTP process are represented. This 

will be an interesting and important avenue for future studies.    

Figure 29. Unpublished source analysis on time windows corresponding to the N170 (144-152 ms) and the P2 
(176 - 180 ms) peaks from a group of young participants (N=37). Source analysis using the unconstrained 
dipole method implemented in Brainstorm (https://neuroimage.usc.edu/brainstorm), and transferred to 
SPM12 (https://www.fil.ion.ucl.ac.uk/spm/) to perform a 3(Time) x 2(Tetanus) ANOVA. Figure depicts post hoc 
contrast comparing the late post-tetanus block to the pre-tetanus block (p<.05FWEc). Demonstrates a shift in 
the source profile to more temporal and frontal regions within the P2 time window.  

https://neuroimage.usc.edu/brainstorm
https://www.fil.ion.ucl.ac.uk/spm/
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7.3.2 The Roving MMN paradigm  

Chapters 3 and 6 employed the roving MMN paradigm, which has previously been established 

as an index of perceptual inference and learning under the Bayesian Predictive Coding 

framework (Garrido, Kilner, Kiebel, et al., 2009). For consistency with previous roving MMN 

studies, the studies in this thesis employed a frequency deviant and relatively short ISI of 500 

ms (Garrido, Kilner, Kiebel, et al., 2009; Rosch et al., 2018). However, pathological declines 

that are indexed by the MMN can vary based on the deviant used and the stage of disease 

progression, and this it is an especially important consideration when incorporating an effect 

of ageing (Todd et al., 2008). In oddball paradigms, the magnitude of the ageing effect has 

been shown to increase at longer ISIs and with duration deviants (Cheng et al., 2013; 

Näätänen et al., 2011; Pekkonen, 2000). Similar effects of ISI have also been demonstrated in 

AD (Gaeta et al., 1999; Pekkonen et al., 1994). As far as the author is aware, there have been 

no previous systemic assessments of these parameters of the roving MMN paradigm, and this 

may be an interesting avenue for future studies.  

With this in mind, the roving MMN paradigm was employed here to not only index peri-

stimulus error suppression (i.e., the MMN) but also learning across multiple tone repetitions 

(ie., repetition suppression). Todd and colleagues  (Todd, Provost, & Cooper, 2011; Todd, 

Provost, Whitson, Cooper, & Heathcote, 2012) have recently presented an alternative MMN 

paradigm for assessing learning over much longer timescales. In their revolving deviant 

paradigm, two tones alternate as to which tone acts as the deviant, and which acts as the 

standard. This alternation occurs either every 0.8 minutes or every 2.4 minutes, and as 

expected, the greater stability afforded by slower transitions generated a larger MMN. This is 

thought to reflect the greater precision that is assigned to sequences with more stability. 

Interestingly, this was coupled with a ‘primacy bias’, where MMN amplitude was only greater 

in the slow change condition for the tone used as the first deviant, and not for the tone used 

as the second deviant. This bias was reversed when the tone order was reversed, but was 

abolished when the original tone order was re-presented (Todd et al., 2011, 2012). Todd et 

al., (2014) suggest that this reflects a bias toward maintaining priors pertaining to sequence 

onset characteristics, which then shape how future tones are perceived. The reactivation of 

these priors can occur over tens of minutes, suggesting that the MMN can be used to index 

learning beyond the limits of the echoic memory trace (~10 sec). As such this paradigm may 



Chapter 7. General discussion  

154 
 

represent a more long-term measure of Predictive Coding than what is afforded by the Roving 

MMN paradigm, which may provide another interesting comparison with the LTP paradigm. 

7.3.3 Dynamic Causal Modelling  

Chapters 5 and 6 employed PEB, and BMR to assess the effects of age and aMCI on the 

neuronal networks underlying visual LTP and repetition suppression in the roving MMN 

paradigm. In this approach, every DCM parameter is treated as a random effect, allowing for 

between-subject effects to be modelled at every within-subject effect. Using BMR, an 

expansive search over all reduced model is performed, and BMA across the winning models 

leaves only the parameters that best describe each modelled effect (Friston et al., 2016, 2018, 

2015; Litvak, Garrido, Zeidman, & Friston, 2015). This differs from the conventional BMS 

approach used in Chapter 3, where individually inverted models are treated as random 

effects, and the parameters of the winning model are subsequently explored using frequentist 

statistics (Rigoux et al., 2014; Stephan et al., 2009). So, while the more conventional approach 

was deemed suitable for comparing specific hypotheses regarding the modulation of extrinsic 

parameters under each paradigm, the PEB framework afforded a much deeper exploration of 

group effects.  

One of the most notable benefits of the analysis pipeline employed in Chapters 5 and 6 is that 

it opens up a much larger model space, as it bypasses the need for every reduced model to 

be individually inverted. It is nevertheless reassuring that, even with these large model 

spaces, there was a remarkable consistency in the parameters that defined group effects both 

within, and between the paradigms. Interestingly, studies that employ a more conventional 

model comparison approach typically focus on models that differ in the modulation of 

extrinsic parameters. These parameters (B matrix parameters) did not feature in the group 

effects of either paradigm20. In fact, two previous studies assessing ageing effects on the 

MMN generative network identified significant B parameters using more conventional 

approaches (Cooray et al., 2014; Moran et al., 2014). To ensure that we were not 

underpowered through the use of a large parameter space, an additional PEB analysis was 

                                                      
20 It is important to note here that Chapter 3 assessed how sensory input perturbed the generative network. 
Chapters 5 and 6 assessed how this differs between groups. Thus the fact that Chapter 3 assessed modulatory 
connections is independent from these group effects.  
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run on the MMN data that only included A (structural extrinsic connectivity parameters) and 

B (modulatory extrinsic connection parameters) parameters, however, no parameters 

survived Pp>.75. It will be interesting to see whether this is a consistent trend as the PEB/BMR 

framework becomes a more widely implemented analysis method.  

7.4. Concluding remarks  

It is widely agreed that understanding disease-specific modulations of neuroplasticity has 

immense implications for biomarker and treatment development for a diverse array of 

neurological and psychiatric conditions (Bourgeron, 2015; Friston & Frith, 1995; Goto et al., 

2010; Klein, 2006; Machado-Vieira et al., 2014; Pittenger & Duman, 2008; Selkoe, 2002). One 

such disorder is Alzheimer’s disease, where a (potentially reversible) disruption of functional 

neuroplasticity is understood to precede structural atrophy and the onset of clinically 

diagnosable cognitive symptoms (Klein, 2006; Knobloch & Mansuy, 2008). At the outset of 

this thesis, two pivotal steps in the development of clinically feasible measures of 

neuroplasticity were identified; 1) the development of a deeper understanding of the neural 

basis of experience-dependent learning and memory in the human brain, and 2) the 

development of effective means for the measurement thereof. EEG was identified as a 

clinically feasible tool that, when combined with computational modelling, provides unique 

insight into neuroplasticity that could only otherwise be obtained through invasive means. 

Across three experiments, two independently developed EEG indices of perceptual learning 

were used to not only demonstrate the heterogeneity of experience dependent learning 

under different task demands, but also demonstrate how these measures can be used to 

distinguish between healthy ageing and potential latent pathology in those at risk for 

developing AD. These results thus have implications, not only for developing pre-clinical 

biomarkers for AD, but demonstrate the utility of these simple, perceptual paradigms in 

indexing disease specific pathology that could be of great utility to understanding a plethora 

of neurological and psychological disorders.   
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Chapter 8. Supporting material 

8.1. Chapter 3 supporting material  

8.1.1 ICA analysis.  

The current study employed a mixture of automatic ocular artifact removal and manual 

artifact rejection. This method was chosen due to the visual nature of the LTP paradigm (and 

thus the importance of removing blinks), and was held consistent for both paradigms. 

However, to ensure that this was a sufficient procedure for artifact removal, the MMN data 

were subject to an additional analysis where ICA was employed as a third artifact rejection 

step. We chose to focus on the MMN data for this as the frontal components render this more 

likely to be modified by ocular artifacts.  

For this analysis, the preprocessed MMN data (i.e. data that had been down-sampled, re-

referenced, baseline corrected, and had manual trial-by-trial visual artifact rejection 

completed) were converted to Fieldtrip format, and subjected to ICA (ft_componentanalysis). 

Components representing ocular artifacts were identified and removed for each participant 

(mean 1.78 components out of a possible 64). The data were then converted to NIFTI, 

smoothed using a 6 x 6 x 6 Gaussian smoothing kernel, and were subject to a paired t-test 

between deviant and standard. The results of this analysis are depicted in Figure 30 below.  

As with our main analysis (Figure 30), a significant cluster consistent with the MMN response 

was revealed, peaking at 260 ms (t(39) = 12.75, p < 0.001FWEc). An additional left lateralised 

cluster was revealed peaking at 356ms (t(39) = 7.76, p < 0.001FWEc). A final cluster not seen in 

our main analysis was also revealed peaking at 40ms (t(39) = 5.166, p = 0.03FWEc). Based on the 

location and timing, this is assumed to be noise.  

Source analysis was also performed on a 200-300ms time window using group inversion 

within the Multiple Sparse Priors method. This was also subject to a paired t-test between 

deviant and standard (identical to the analysis included in the manuscript). As can be seen 

with a comparison of Figure 30 and Figure 14 from Chapter 3, the sources are not significantly 
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different. Based on this analysis, similar regions of interest would have been chosen for 

inclusion in DCM.  

This analysis therefore demonstrates that the addition of ICA to our artifact removal 

procedures would have made no substantial differences to our results.  

 

 Figure 30. MMN results following ICA artifact rejection. i) Averaged ERP at electrode Fz. The MMN response is 
significant at 260ms and is shown by the purple line (deviant) compared to the lightest blue line (standard). ii) 
The t-distribution of the significant MMN response (p < 0.05 FWE-c). iii) Source localisation statistical map for 
the t-test comparing deviant and standard tones, with clusters of significant voxels depicted in warm colours 
(p<0.01 uncorrected).  

 

8.1.2 DCM analysis of source connectivity for the LTP paradigm.  

Before assessing connectivity modulation for the LTP paradigm, it was important to establish 

connectivity between the sources of the generative network. As such, a first set of DCMs were 

specified differing in the presence or absence of connectivity between the sources of interest. 

Specifically, three models were specified (Figure 31), starting with the most parsimonious 

model- a one-level hierarchy consisting of bilateral sources in MOG (model 1). Models 2 

included the second level of ITG, and Model 3 included the final MFG source. DCMs were 

specified for the time window from 0-350ms post stimulus presentation for the pre-tetanus, 
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early post-tetanus, and late post-tetanus blocks. Input was modelled as entering the network 

through MOG with a post stimulus onset of 80 ms.  

RFX BMS conducted on these models revealed that the model with the highest model 

evidence was Model 3, which included sources in MOG, ITG and MFG (Figure 31). The pxp 

(0.62) provides good evidence in support of the winning model, and the BOR (0.169) provides 

evidence that this did not occur by chance.   

 

 

 

Figure 31. DCM specification and results determining the sources of the LTP model. a) The 3 models specified 
assessed whether the potentiated response is best modelled by sources in 1) the middle occipital gyrus (MOG), 
2) the MOG and inferior temporal gyrus (ITG), 3) the MOG, IFG and left middle frontal gyrus (MFG). b) RFX BMS 
results indicating that model 3 was the winning model.  
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8.2. Chapter 5 supporting material  

8.2.1 Visually induced LTP 

Raw ERPs were subject to a 3(group: young, older, aMCI) x 3(time: pre-tetanus, early post- 

tetanus, late post-tetanus) x 2(tetanus: tetanised, non-tetanised) ANOVA to assess overall 

induction of LTP. A main effect of time revealed two significant clusters spanning the occipital 

cortex: the first at 192 ms with both central left (F(2,516) = 52.50, p<.001FWEc)  and central right 

(F(2,516) = 32.21, p<.001FWEc) occipital peaks, and the second from 100-128 ms, with a central 

left occipital peak at 128 ms (F(2,516) = 26.31, p<.001FWEc). These two clusters are consistent 

with the time windows and localisation of the P2 and N1 respectively. Two additional peaks 

at 252 ms (F(2,516) = 10.04, p = 0.026FWEc) and 4 ms (F(2,516) = 9.53, p = .039FWEc) were also 

identified.  

A main effect of group revealed a centrally localised cluster from 120-124 ms, peaking at 124 

ms (F(2,516) = 79.27, p<.001FWEc), as well a central left cluster from 200-244 ms, peaking at 244 

ms (F(2,516) = 63.68, p<.001FWEc) and a lateral left cluster peaking at 84 ms (F(2,516) = 59.00, 

p<.001FWEc). The group x time interaction revealed a significant left lateralised cluster peaking 

at 200 ms (F(4,516) = 7.67, p = .004FWEc).  

  



Chapter 8. Supporting material  

160 
 

 

Figure 32. Raw amplitude ERPs for the three groups taken from electrodes representing significant group 
differences. Shaded regions depict approximate time point of significant clusters. Left to right spatial 
arrangement reflects spatial arrangement on the scalp.  

8.2.2 Age group differences in specificity.  

Based on the significant group by time, and time by tetanus interaction in the 96-160 ms TOI 

(and the relative difficulty of obtaining a significant 3-way interaction), it was deemed 

appropriate to explore age group differences in specificity (i.e., stimulus specific 

potentiation). Specificity is a Hebbian property which proposes that LTP is stimulus specific 

and does not spread to other synapses (Hebb, 1949; Teyler & DiScenna, 1987). Specificity has 

been demonstrated in a number of previous visual LTP studies (McNair et al., 2006; Ross et 

al., 2008; Smallwood et al., 2015; Spriggs, Cadwallader, et al., 2017), but has not always been 

detectable (Spriggs, Sumner, et al., 2017).  

To explore this, we distinguished between the stimulus used as the tetanus (‘tetanised’) and 

the stimulus not used as a visual tetanus (‘non-tetanised’) to assess group x tetanus x time 

contrasts for the 96-160 ms TOI in young and older participants. All significant clusters 

corresponded to those identified in the group x tetanus contrasts. Firstly, the early post-
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tetanus peak at 104 ms was only significant for the tetanised stimulus (t(344) = 4.11, p = 

.003FWEc). This indicates specificity in the potentiation of the early post-tetanus N1 peak for 

young participants. However, the 96 ms and 136 ms peaks in the late post-tetanus block were 

only significant for the non-tetanised stimulus (96 ms: t(344) = 4.71, p<.001FWEc, 136 ms: t(344) = 

4.26, p=.002FWEc). Though this result is seemingly counter intuitive as one would not expect 

to see effects for the non-tetanised stimulus, this appears to reflect differences in the time-

course and specificity of this negative enhancement between the groups. Specifically, at 96 

ms, the older group demonstrate a highly right lateralised enhancement that is not specific 

to the tetanised stimulus. Conversely, the negative enhancement for the young group is more 

centrally localised and shows specificity to the tetanised stimulus. The negative enhancement 

persists for the young group to 136 ms, however it becomes more lateralised (similar to the 

older group at 96 ms) and is no longer specific to the tetanised stimulus (greater for the non-

tetanised stimulus in this right lateralised location). For the older group, the negative 

enhancement has ceased. Supporting the results reported in the manuscript, these results 

indicate a shift in the lateralisation and time course of visual LTP with age. Additionally, they 

suggest a reduction in LTP specificity as the differences between the tetanised and non-

tetanised stimuli are reduced in the older group.  

8.2.3 Model fit  

An analysis of model fit revealed a marginally significant difference between the groups in the 

variance explained (F(2,88)= 2.84, p=.064). As demonstrated in Figure 33, the lower variance 

explained in the young and older groups is largely due to two young and one older participant. 

To determine whether these participants significantly impacted the results, the full PEB 

analysis was run on a reduced dataset without these three participants (depicted in yellow). 

There were no differences in the parameters with a posterior probability Pp >.99. As such, to 

avoid unnecessary removal of data, these participants were retained in the main analysis.  
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Figure 33. Variance explained for the three participant groups (blue = young, orange = older, green = aMCI). The 
three participants in yellow were those removed from the analysis discussed here.  
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Figure 34. The data that were observed (solid lines) and predicted (dashed lines) by the DCMs, averaged for the 
three groups separately. The close correspondence between predicted and observed demonstrates the accuracy 
of model fit. Obs = observed, Pred = predicted. 
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8.3. Chapter 6 supporting material 

8.3.1 ERP analyses 

Figure 35. Grand mean standard and deviant waveforms from a representative electrode (Fz). Grey bars 
represent approximate regions of significant difference from a t test the waveforms (p<.05FWEc).  

 

1 way ANOVA. The 1 way ANOVA assessing group differences in MMN amplitude revealed a 

significant main effect of group. This encompassed very similar clusters to those in the post-

hoc contrast assessing the differences between the young and older groups that is discussed 

in Chapter 6. Specifically, two central peaks were revealed at 244 (F(2,81) = 14.31, p = 0.036FWEc) 

and 332 ms (F(2,81) = 25.05, p < 0.001FWEc). A right lateralised posterior cluster spanned from 

236 - 256 ms, peaking at 256 ms (F(2,81) = 21.42, p <.001FWEc). Three additional posterior 

clusters included a left lateralised peak at 336 ms (F(2,81) = 19.25, p  = .002FWEc), a central peak 

at 332 ms (F(2,81) = 14.92, p  = .025FWEc) and a right lateralised peak at 328 ms (F(2,81) = 15.03, p 

= .023FWEc).  

3x5 ANOVA assessing the MMN. The 3(group) x 5(tone difference wave) ANOVA assessing 

group differences in repetition suppression revealed a main effect of group, and a main effect 

of tone. The main effect of group encompassed a posterior cluster from 236 – 252 ms, peaking 
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at 236 ms (F(4,405) = 32.17, p < .001FWEc) and a central cluster from 240 – 248 ms, peaking at 

248 ms (F(4,405) = 27.28, p < .001FWEc) 

The main effect of tone included a significant frontal cluster from 268 – 296 ms, peaking at 

268 ms (F(4,405) = 14.17, p < .001FWEc) and 2 significant frontal peaks at 160 ms (F(4,405) = 7.61, p 

= .018FWEc; F(4,405) = 7.40, p = .025FWEc). A posterior cluster encompassed 236 – 264 ms (F(4,405) 

= 12.89, p < .001FWEc), with an additional right posterior peak at 204 ms (F(4,405) = 7.41, p = 

.025FWEc). Finally, there was a central peak at 208 ms (F(4,405) = 7.13, p = .038FWEc).  

3x5 ANOVA assessing the P3. A 300 – 400 ms TOI was used to assess group differences in the 

P3 time window. A 3(group) x 5(tone difference wave) ANOVA revealed a main effect of 

group, and a main effect of time. There was no interaction. The main effect of group 

encompassed a significant central peak at 332 ms (F(2,405) = 33.40, p < .001FWEc), a posterior 

cluster from 328 – 336 ms (peak 336 ms; F(2,405) = 21.30, p < .001FWEc) and a frontal peak at 400 

ms (F(2,405) = 11.03, p = .029FWEc).  

The effect of tone consisted of three 400 ms peaks located centrally (cluster from 368 – 400 

ms; F(4,405) = 17.38, p < .001FWEc) left posterior (cluster from 368 – 400 ms F(4,405) = 14.06, p < 

.001FWEc) and right posterior (F(4,405) = 9.67, p < .001FWEc). An additional right frontal cluster 

spanned from 300 – 328 ms, peaking at 300 ms (F(4,405) = 10.71, p < .001FWEc).  

The main effect of group was further probed with follow-up contrasts assessing differences 

between young and older and older and aMCI. The comparison between young and older 

revealed a central peak at 328 ms (F(4,405) = 52.37, p < .001FWEc) and a posterior cluster from 

324 – 332 ms, peaking at 332 ms (F(4,405) = 38.56, p < .001FWEc). Both clusters represent greater 

amplitude in the young group compared to the older group. There were no significant 

differences between the older and MCI groups. As there was no significant group x tone 

interaction, the P3 time window was not assessed any further.  
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Figure 36. Difference waves for the post-hoc comparisons performed to assess the significant 3(group) x 
5(difference to deviant) ANOVA interaction. Only those clusters of significance that are not represented by the 
interaction ROIs depicted in Figure 25 have been included. Young vs older clusters are represented on the left, 
and older vs aMCI post-hocs are represented on the right of a central head map representing the approximate 
locations of these clusters (green) and the interaction clusters (purple).  Shaded areas represent the time-
points of significant difference.  

8.3.2 Classical statistics 

Demographics. A Welsch two sample t-test revealed no significant differences in the ages of 

the older and aMCI groups (t(30.33)=-1.01, p=0.322), and a significant difference between the 

groups in ACE-III score (t(16.81)=-4.11, p<.001).  

Variance Explained. A one-way ANOVA revealed a marginal difference between groups (F(2,83) 

= 2.83,  p = .064).  

DCM Effect of Ageing. The effect of ageing revealed an increase in the coupling between 

inhibitory interneurons and spiny stellate cells. A Group (3) x Tone (6) ANOVA revealed 

significant main effects of tone (F(5,405) = 52.29, p<.001) and group (F(2,81) =154.52, p<.001), and 

a significant interaction (F(10,405) = 12.11, p<.001).  

DCM Effect of MCI.  The effect of MCI revealed a decrease in superficial pyramidal self-

inhibition. A Group (3) x Tone (6) ANOVA revealed significant main effects of tone (F(5,405) = 

27.66, p<.001) and group (F(2,81) = 16.70, p<.001), But no interaction (F(2,405) = 1.31, p=.22) . 

ACE-III correlation. There was no significant correlation between ACE-III and the propagation 

delay from right ITG to IFG (r = 0.223, t(45) = 1.537, p=.394Bonf.). However, ACE-III score did 
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significantly correlate with propagation speed between A1 and ITG bilaterally (Left : r = -0.376, 

t(45) = -2.722, p=.027Bonf.; Right: r = -0.646, t(45) = -5.683, p<.001Bonf). 

8.3.3 Variance explained  

The variance explained for all participants is presented in Figure 37. To ensure that marginal 

group differences in variance explained did not influence the current results, an additional 

analysis was run removing two young participants with variance explained less than two 

standard deviations below the mean. This did not change the overall result of the PEB analysis, 

as the same parameters underlying the effects of age and aMCI were revealed. As such, all 

participants were retained in the reported analysis. 

To ensure that model fit was optimised, three different model priors were assessed for the 

repetition suppression DCMs. For each prior, the models of all participants were inverted 

individually, using the parameters defined in the main manuscript. The three priors consisted 

of 1) the default CMC priors, 2) the posterior estimates averaged from three young 

participants chosen at random, and 3) the posterior estimates from the inverted grand mean 

ERP from the young group. Fixed effects (FFX) Bayesian model selection (BMS) was then used 

to compare the three priors for all participants except the three used to create prior 2, and 

two additional young participants for whom this prior did not fit (i.e., the model would not 

converge). BMS revealed that the winning model was the default priors. The difference in free 
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energy between the winning model and the next was 1643.466, demonstrating strong 

evidence for the winning model.    

Figure 37. Variance explained for the three participant groups (blue = young, orange = older, green = aMCI). 
The three participants in yellow were those removed from the analysis discussed here (notably not the same 
participants with low variance explained in Figure 33).  
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Figure 38. The data that were observed and predicted by the DCMs, for the three group averages separately. 
Data are shown in sensor space (x axis) for the time window from 0-350 ms (y axis). The close correspondence 
between predicted and observed demonstrates the accuracy of model fit. 
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