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Abstract

Schemas are associative knowledge structures that represent statistical regularities across

multiple episodes. Schemas are known to enhance memory retention, with better memory

observed for events that are either highly congruent or highly incongruent with our existing

schemas. These schema effects are thought to arise due to predictive processing, whereby

prior knowledge is used to make predictions about how an event will be structured. The

subsequent affirmation or violation of these predictions is believed to potentiate memory

encoding via prefrontal-hippocampal interactions. This thesis investigates whether schema

effects extend to situations in which a core feature of the schema is the chronology of events,

allowing for temporal predictions of the future. Participants were pre-trained on categorical

sequences where schemas defined the order of semantic categories. Subsequently, they stud-

ied new sequences consisting of novel exemplars. Crucially, these sequences could either be

congruent, incongruent, or unrelated to the pre-learned schemas. At test, participants were

cued with an item from a sequence and required to recall the following two items in a four-

alternative forced-choice task. Schema congruency effects were observed in all experiments.

However, incongruency benefits were only observed for categorical violations, and not for

violations of sequential order. MEG analyses revealed that schema violations were associ-

ated with modulations of theta-band activity, and that category, sequence position, and

uncertainty signals could all be decoded from pre-stimulus neural activity. Overall, these

findings are in line with predictive accounts of schema effects and refine our understanding

of when memory advantages arise for schematically incongruent sequences.
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1 Literature Review

1.1 Introduction

Memory exerts a pervasive influence on perception and cognition. Indeed, the ability to

remember the past is the foundation of intelligent behaviour. Without an internal model of

how the world tends to work, flexible and adaptive responses to novel situations would be

severely constrained. Every time we experience an event, the sights, sounds, and emotions

are all interpreted with regard to the vast body of knowledge we already possess. Just

as perception and action guide what we remember, what we remember guides what we

perceive and do.

One way in which this generalisation of knowledge across time is achieved is via the construc-

tion and application of mnemonic schemas. Schemas are associative knowledge structures

that represent the statistical regularities that occur across multiple episodes (Ghosh &

Gilboa, 2014; Gilboa & Marlatte, 2017). Fundamentally, schemas are mental abstractions

that reduce the dimensionality of the knowledge we accrue down to the commonalities that

are most predictable. A common example of schema that most people would possess would

be a schema for a visit to a restaurant. This schema would comprise an associative network

structure with nodes connecting related concepts such as getting a table, reading a menu,

ordering and receiving food, and paying the bill. Crucially, the schema would concern

the regularities that are common across multiple events, and would lack details specific
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1 Literature Review

to any single restaurant visit, for example, the name of the waiter. Over several decades,

schemas have featured prominently in memory research as there is robust evidence that

they augment learning, enhancing memory retention for information that is either highly

congruent or highly incongruent with their content (Brewer & Treyens, 1981; Frank et

al., 2018; Greve et al., 2019; Hastie & Kumar, 1979; Ortiz-Tudela et al., 2024; Tse et al.,

2007; van Kesteren et al., 2010; Yacoby et al., 2025). These increases in memorability for

schema-related content are what are referred to as mnemonic schema effects. For brevity,

I will refer to them as schema effects throughout this thesis.

Schema effects are thought to arise due to predictive processing, whereby prior knowledge

is used to make predictions about how an event should be structured. The use of prior

knowledge to make predictions about the environment, and then to update this knowledge

based on the congruence of these predictions with subsequent sensory inputs, may be at

the very core of how the human brain functions. Predictive processing theories propose

that brain function can be conceptualised as a Bayesian generative model that continuously

aims to minimise prediction errors (or, more technically, free energy) across time (Friston,

2005; Rao & Ballard, 1999). Such theories provide a potentially unifying account of neu-

rocognitive function that can account for phenomena across multiple cognitive domains

including learning and memory, sensory perception, and motor control. By using our prior

knowledge of how the world tends to work, the brain can assert top-down influence on our

perceptions, actions, and subsequent memory, thereby facilitating adaptive behaviour.

There is a broad consensus that schema effects are mediated by interactions between the

medial prefrontal cortex (mPFC) and regions of the medial temporal lobes (MTL) such as

the hippocampus (HPC) (Bein et al., 2014; Brod et al., 2016; Gilboa & Marlatte, 2017;

Raykov et al., 2019; Robin & Moscovitch, 2017; van Kesteren et al., 2012, 2013). However,

it is also thought that these interactions are themselves a consequence of a predictive cod-

ing process. Under this model, schemas are thought to support ongoing neural predictions.

These predictions are then compared with sensory inputs, which either affirm or violate ex-
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pectations. This ongoing predictive processing modulates activity in the mPFC-MTL axis,

which in turn gives rise to the behavioural manifestation of schema effects in memory.

This thesis is aimed at investigating this predictive account of schema effects in episodic

memory. Specifically, it examines whether schema effects can be observed in a temporal

order memory paradigm where the chronology of events forms a central component of a

schema’s content. It then asks whether this knowledge of chronology facilitates temporal

predictions of the future, and how these might relate to schema effects in memory. This

is done by combining a temporal order memory paradigm with magnetoencephalography

(MEG) and multivariate decoding (MVPA).

Before continuing to my experimental work, I will begin with an introduction to the history

of schemas in the psychology of memory. I will then discuss the neuroscience of episodic

memory more generally, and its relationship to the medial temporal lobes and neuronal

oscillations. From there, I will discuss neurocognitive models of PFC-MTL interaction and

how these are linked to the influence of schemas on mnemonic processing. This will lead

to a discussion of predictive coding theories and the role of prediction errors in learning.

Finally, I will discuss sequence learning, the neuroscience of temporal order memory, and

how this thesis will contribute to ongoing debates in these fields.

1.2 Schemas and memory

Mnemonic schemas are associative knowledge structures that represent statistical regulari-

ties across multiple episodes. Schemas are believed to play an adaptive role in behaviour by

facilitating efficient cognitive processing. The notion of a schema in memory research first

came to prominence through the work of Frederic Bartlett (Bartlett, 1932). Bartlett’s key

insight was that our existing schematic knowledge of the world can have a large impact on

what we subsequently remember. Bartlett (1932) demonstrated this by presenting western

14



1 Literature Review

participants with a native American folk tale: The War of the Ghosts. This tale contained

supernatural aspects that would be unfamiliar to those who were raised in a western, tradi-

tionally European culture. When asked to recall the tale, participants were likely to distort

the story to make it more compatible with European cultural norms. Bartlett argued that

this indicates a tendency in the participants to use their existing (western) schemas to aid

in recalling the story’s elements. Although Bartlett’s work has been criticised for its lack

of formal controls (Gauld & Stephenson, 1967), it nonetheless spawned a wave of research

into the influence of schemas on memory.

A key issue throughout the history of schema research has been a lack of consensus regard-

ing the precise definition of a schema. This issue has been most formally addressed by

Ghosh & Gilboa (2014) who note the heterogeneous use of the term, the issues that this

has created, and some suggestions for how a schema should be formally defined. Ghosh and

Gilboa argue that schemas have four defining features: an associative network structure, a

basis on multiple episodes, lack of unit detail, and adaptability. Schemas have an associa-

tive network structure in that they are composed of individual units and the connections

between them. Crucially, schemas represent commonalities across multiple episodes and

hence lack detail regarding the specifics of any single instance. This places them in contrast

to episodic memories that are based on a single episode and include specific details about

that instance. This basis on multiple episodes and lack of unit detail allows information

stored in a schema to be generalised to novel situations and thus allows an individual to

use past experiences to behave adaptively. Finally, schemas have adaptability in that they

are dynamic representations that can be altered by new experiences. Schemas can either

assimilate new information, by incorporating new elements without changing existing rela-

tionships, or accommodate information, by which the fundamental structure of the schema

is altered.

In addition to these four defining features, Ghosh & Gilboa (2014) also proposed four

features to which schemas are sensitive, but that are not defining features: chronological
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relationships, hierarchical organisation, cross-connectivity, and embedded response options.

Of particular note for the present thesis is a schema’s sensitivity to chronology. Knowledge

of temporal order may allow an individual to predict how an event is likely to unfold, the

neural basis of which remains largely unexplored in schema memory research. Given the

ambiguous use of the term schema throughout the memory literature, the present thesis

aims to adhere as much as possible to the definition put forward by Ghosh & Gilboa

(2014).

Research suggests that experiences that are congruent with our existing schemas tend to

be better remembered than experiences that are not. One of the earliest demonstrations

of this effect investigated memory for real-life locations (Brewer & Treyens, 1981). In this

experiment, participants were asked to wait in a room that was arranged to resemble a

graduate student’s office before engaging in a surprise memory test. Memory was tested

using free recall and recognition. It was found that items that were congruent with an

office schema (e.g., desk, chair, typewriter) were better remembered than items that were

schema-inconsistent (e.g., skull, brick, picnic basket). These findings were interpreted as

being a consequence of the participants’ long-term schematic knowledge of the typical

structure of an office environment, highlighting an important role for previous knowledge

in shaping new memories.

Since this initial finding, congruency advantages have been observed in paradigms using

stimuli as diverse as colour-item pairings (Staresina et al., 2008), item-location pairings

(Buuren et al., 2014), word lists (Bein et al., 2015), films (van Kesteren et al., 2010),

stories (Mandler & Johnson, 1977), and, in rats, flavour-place associations (Tse et al.,

2007). For example, in an fMRI study, Staresina et al. (2008) presented participants with

colour-item pairings that varied in their plausibility (e.g., red-elephant). Participants were

asked to either give a plausibility rating (how likely the pair was to occur in real life) or a

valence rating (how appealing or unappealing the pair was). Colour-item pairings would

be classified as schema-congruent if the participant judged them as plausible or appealing.
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During a surprise memory test, participants performed an old-new recognition test on the

words. For words that had been judged as old, participants were asked to retrieve the

colour that was associated with the word and the task (i.e., plausibility or valence) that it

appeared in. A congruency effect was observed for both word recognition and colour recall

with better memory for colour-item pairings that were judged as plausible or appealing in

the encoding phase. Importantly, a congruency effect was also observed for recall of the

task each colour-item pair appeared in. This is important because it suggests that the

congruency advantage extends not only to the items under evaluation but to the entire

encoding context. This is but one example, however, the finding that schema-congruent

information is better remembered than information that is unrelated to such knowledge

appears to be a robust phenomenon.

Somewhat paradoxically, other strands of research suggest that surprise (i.e., events that

do not conform to our prior experiences) also enhances learning. Indeed, the notion of a

prediction error features prominently in many mathematical models of learning (Pearce

& Hall, 1980; Rescorla & Wagner, 1972). Early work examining this idea investigated

memory for behaviours that were either congruent, incongruent or neutral with regard

to different personality traits (Hastie & Kumar, 1979). Participants were presented with

trait adjectives describing a character and then read 20 sentences describing behaviours

performed by that character. Memory for these behaviours was then tested using a free re-

call task. Behaviours that contradicted the trait impressions were recalled more frequently

than congruent or neutral behaviours, suggesting enhanced memory for schema-incongruent

events.

In a more recent study, Kafkas & Montaldi (2018) had participants learn cue-item contin-

gencies in which a cue predicted whether a following item would be natural or man-made.

Expectation violations were then manipulated to occur during either encoding or retrieval.

In the encoding violation experiments, participants first learned the cue-item contingencies

before encoding cue-item pairings that either did or did not conform to the contingencies.
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At test, participants performed a recognition task on the items, judging them as either fa-

miliar, recollected, or new. In the retrieval violation experiments, participants first encoded

the items by making either a size judgement or a man-made vs. natural judgement before

learning the cue-item contingencies. Expectation violations were then generated during the

recognition task by preceding each item with a symbol that either did or did not conform

to the pre-learned contingencies. It was found that recollection memory was enhanced

for unexpected items regardless of whether the expectation violation occurred at encod-

ing or retrieval. In addition to this finding, similar incongruency advantages have been

observed for scene-item pairings (Greve et al., 2017), object-environment contingencies

(Mäntylä & Bäckman, 1992), and word lists (Tulving & Kroll, 1995). In all, this prompts

the question as to why we observe such a division regarding whether schema-congruent or

schema-incongruent information most benefits memory retention.

A potential answer to this conflict has been presented by Greve et al. (2019) who were test-

ing the behavioural predictions of the SLIMM (schema-linked interactions between medial

prefrontal and medial temporal regions) framework (van Kesteren et al., 2012). SLIMM

is a neurocognitive framework that attempts to account for schema effects at a systems

neuroscience level. I will return to SLIMM in more detail in the section on models of

PFC-MTL interaction. Greve et al. (2019) proposed that the seemingly contradictory

results in the schema literature may be due to researchers treating congruency as a binary

variable (i.e., congruent vs. incongruent), and then biasing their studies to heavily focus

on one side of this dichotomy. Instead, schema congruency may be more accurately con-

ceptualised as a spectrum, with at least three levels of schema congruency being required

to accurately represent how new information relates to a schema. More specifically, it is

possible for new information to be either weakly or strongly incongruent with a schema.

Weakly incongruent information may simply be unrelated to the schema. Without actively

contradicting the schema’s content, such a relationship would be unlikely to generate a

strong prediction error and thus would lead to little learning. On the other hand, strongly
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incongruent information may actively contradict a schema’s content, generating a strong

prediction error and thus potentiating learning. Under this framework, memory retention

is predicted to be a U-shaped function of schema congruency.

Greve et al. (2019) provided evidence for this U-shaped function of schema congruency.

During study, participants learned which of two items (e.g., shoe, umbrella, chair) had

the highest value via feedback. Participants were presented with multiples of each item

(e.g., two umbrellas, three shoes) and had to infer through trial-and-error which had the

highest value after being told that one item had twice the value of the other. Pairs of items

could appear in one of three conditions: congruent, in which the rule remained the same

on all study trials, unrelated, in which there was no consistent rule throughout study, and

incongruent, in which there was initially a consistent rule, but this rule reversed part way

through study. At test, participants performed an old-new recognition task on the displays

that were viewed during study trials. It was found that old-new recognition performance

was a U-shaped function of schema congruency with displays from the congruent and in-

congruent conditions being better remembered than displays from the unrelated condition.

More recently, such a U-shaped function has also been demonstrated in an object-location

virtual reality paradigm in which participants recalled the locations of objects which varied

in their congruency with a kitchen schema (Quent et al., 2022). Interestingly, the presence

of this U-shaped function also seems to be age-dependent, with the benefits of schema in-

congruency being much more prevalent in younger rather than older adults (Ortiz-Tudela

et al., 2024).

Most recently, studies have revealed that the effects of prior knowledge on memory retention

may be dependent on the retrieval goals and orientation of the task. Yacoby et al. (2025)

attempted to test the predictions of the SLIMM framework when they were applied to

different memory tests and task goals. Across six experiments, participants were tested

on their item memory (old vs. new), congruency memory (whether an item occurred in an

expected or unexpected context), and/or item-context associative memory (two- or four-
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alternative forced-choice) either immediately after study or after a 24-hour delay. During

study, participants would see a scene (e.g., a person in a launderette) before an object would

appear in the scene (e.g., a doll). While studying the scene-item pairs, participants were

required to make an expectancy judgement (how well the item paired with the scene) on a

1-4 scale from highly expected to highly surprising. At test, participants engaged in on old-

new recognition task on the items, accompanied by a measure of recollection vs. familiarity.

After the recognition test, there was a congruency test, in which participants viewed the

items and recalled whether the item occurred in an expected or surprising context (the

scene itself did not have to be remembered, just the state of expectedness or surprise).

Following the congruency test, participants engaged in an two- or four-alternative forced-

choice task in which they retrieved the scene associated with the item. The only metric for

which a U-shaped function was observed was congruency memory, however, the presence of

this U was reliant on the retrieval orientation of the participant. When participants were

queried as to how surprising an event was (i.e., how surprised were they by the scene-object

pair), the U was present, but when participants were queried on how expected an event

was (i.e., how much they expected the scene-object pair), only surprising events showed a

memory advantage. In the case of item memory and associative memory, only a schema

congruency advantage was observed. Moreover, in the case of associative memory, this

congruency advantage was likely due to retrieval-based strategies. When these strategies

were prevented, the opposite pattern was observed with better memory for unexpected

trials. The findings of Yacoby et al. (2025) highlight that the U-shaped curve predicted by

the SLIMM can be highly sensitive to task goals and the metrics used to assess memory,

suggesting that further theoretical refinement is still required.

One aim of the current thesis is to see if this U-shaped function can be reproduced in

a paradigm that builds upon those previously used. Importantly, previous studies have

tended to use schemas that are somewhat static, requiring knowledge of contextual rules,

spatial organisations, or associative relationships, and have not required temporal predic-
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tions of upcoming events. As Ghosh & Gilboa (2014) point out, due to their event-based

nature, a significant subset of schemas should be sensitive to chronology and the tempo-

ral ordering of events. Indeed, the ability to accurately predict what will happen next

in an unfolding sequence is likely a core adaptive advantage of possessing schemas, yet

this temporal component is missing from most previous studies. As such, I ask whether

the introduction of a temporal component to the schemas, and to the information to be

remembered, influences schema effects in memory.

If schemas do enhance memory for sequences of events by facilitating predictions of the

future, we would expect this effect to be especially prominent for episodic memories, as

episodic memories are defined by their spatiotemporal structure. Next, I therefore move

on to discuss episodic memory more generally, how it relates to the medial temporal lobes

and hippocampus, and discuss the various neural oscillations that have been associated

with episodic memory function.

1.3 Episodic memory, the medial temporal lobes, and neural

oscillations

Episodic memory refers to memory for personally experienced events that occurred at

specific places and times (Tulving, 2002). At the level of the brain, episodic memory

has been most closely associated with the medial temporal lobes (MTL) consisting of the

hippocampus (HPC) and the surrounding entorhinal, perirhinal, and parahippocampal

cortices. The relationship between the MTL and episodic memory first became apparent

in the seminal studies of the neurological patient Henry Molaison (H.M.) (Scoville & Milner,

1957). H.M. contracted severe anterograde amnesia, the loss of ability to form new episodic

memories, after having his HPC and other MTL regions resected in an attempt to alleviate

his epilepsy. H.M.’s case played a pivotal role in demonstrating that episodic memory is
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in some ways distinct from other forms of memory such as short-term working memory,

semantic memory, and forms of implicit memory such as procedural learning.

Following the seminal case of H.M., further neuropsychological cases emphasised the role

of the hippocampus in different domains of memory processing. The patient Y.R. had

selective bilateral hippocampal damage. While Y.R. demonstrated relatively normal recog-

nition memory, they showed deficits in the recall of associations, especially associations

between two different types of information (e.g., object-location pairs as opposed to object-

object pairs) (Mayes et al., 2004). These findings indicated that the hippocampus is critical

for recollection, where recall includes details of the encoding context in addition to the re-

membered item itself. This stands in contrast to familiarity, that involves a sense of prior

encounter with an item that does not include contextual details and which is thought to

rely more heavily on structures such as the perirhinal cortex (Bowles et al., 2007; Diana et

al., 2007). More recently, research has helped to verify these findings using patients with

forms of encephalitis that produce highly selective hippocampal lesions that are homoge-

nous across the population (Lad et al., 2019). Participants in this study demonstrated

deficits in episodic but not semantic memory, as well as impaired recollection but pre-

served recognition. Taken together, these neuropsychological findings provide converging

evidence that the hippocampus plays a selective role in episodic recollection. But precisely

how does the hippocampus facilitate such recall?

At the cellular level, the hippocampus contains cells that represent stimuli which can be

thought of as the subunits, or building blocks, of episodic memories. Most prominent

among these are concept cells, neurons which respond selectively to abstract concepts

such as people and objects (Quiroga et al., 2005; Quiroga, 2012), and place cells, neurons

which respond selectively to specific locations in an environment (O’Keefe & Dostrovsky,

1971). Moreover, there is also evidence to suggest that the hippocampus contains time

cells, neurons that code for the sequential ordering of events (Eichenbaum, 2013), and

episode-specific neurons that code for the conjunction of elements within a single event
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(Kolibius et al., 2023). Given the existence of these cell types, the hippocampus may act as

an associative hub which binds concepts, places, and temporal order information to form

a single event engram. Such a convergence zone provides a region from which the sensory

features that constitute an event can be reactivated during recollection (Damasio, 1989).

When we experience an event, different aspects of that experience are represented by the

appropriate areas of the neocortex—visual aspects by visual cortex, auditory aspects by

auditory cortex, and so on. Recollection is thought to occur when activity in these sensory

regions is reinstated at a later date (Wheeler et al., 2000). The hippocampus is believed

to act as a mnemonic index storing a trace for these patterns of neocortical activity and

triggering their reinstatement during memory retrieval (Horner et al., 2015; Teyler & Rudy,

2007). Under Systems Consolidation Theory (SCT), episodic memories are initially highly

reliant on the hippocampus for their maintenance and retrieval. However, over time, and

through processes of online rehearsal and offline consolidation, memories are transferred to

permanent storage in the neocortex where they become independent of the hippocampus.

Despite the prominence of this standard model of systems consolidation, it is not without

its critics, and has been challenged by the proposal of Trace Transformation Theory and

its predecessor Multiple Trace Theory (Nadel et al., 2007; Nadel & Moscovitch, 1997).

Trace Transformation Theory (TTT) proposes that the hippocampus codes not for the

remoteness of a memory, as predicted by SCT, but for episodic detail. As such, under TTT,

memories only become independent of the hippocampus if semanticisation has occurred, a

process by which a memory undergoes an episodic-to-semantic transformation with time.

Whether SCT or TTT is a more accurate model of memory consolidation is still a topic of

debate. Nevertheless, there is strong evidence to suggest that the hippocampus plays an

integral role in the rapid acquisition of instances and the subsequent consolidation of these

memories into long-term storage.

The notion of the hippocampus as a mnemonic index has a long history in memory sci-

ence. However, there is an emerging body of evidence to suggest that the hippocampus
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also functions as a generative model of the environment that can predict expected sensory

inputs based on prior experience. Under such a framework, the hippocampus works as a

generative hub that detects prediction errors based on comparisons of sensory experience

with expected perceptual inputs (J. Lisman & Redish, 2009; Stachenfeld et al., 2017). At

first glance, these differing roles of prediction and reinstatement may seem at odds. Pre-

dictive coding theories suggest that higher-order brain regions, such as the hippocampus,

should use prediction to inhibit activity regarding expected sensory inputs so as to reduce

prediction error. However, mnemonic indexing suggests that the hippocampus should ex-

cite, rather than inhibit, the neocortex to initiate recollection. Importantly, recent models

have proposed solutions to this apparent contradiction by which both excitation and inhi-

bition of the neocortex can be facilitated by modulating the precision of prediction error

units (Barron et al., 2020). I will return to the predictive nature of the hippocampus in

the section on predictive processing and memory. For now, I will move on to discuss the

neural oscillations that are associated with human episodic memory.

Given that this thesis will be making use of electrophysiological measures, it is worth high-

lighting the abundance of evidence regarding the importance of neural oscillations in medial

temporal lobe and episodic memory function. Theta rhythms (4 - 8 Hz) in particular are

known to play a crucial role in medial temporal lobe function. For example, theta oscil-

lations have been linked to spatial navigation (Burgess et al., 2002; Chrastil et al., 2022;

Maguire et al., 1999). Hippocampal place cells have been shown to fire at progressively

earlier phases of the theta cycle as a rat traverses a cell’s firing field, a phenomenon known

as phase precession that likely relates to a code for the sequencing of locations in space

(Buzsáki & Tingley, 2018). In addition to its role in spatial processing, hippocampal theta

is also associated with successful encoding and retrieval. For example, intracranial elec-

troencephalography (iEEG) studies have demonstrated that successful associative memory

encoding is associated with increases in theta power (Joensen et al., 2023; Kota et al.,

2020; Lin et al., 2017). Moreover, the timing of neocortical reactivations during memory
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retrieval has been linked to hippocampal theta phase, indicating a mechanism by which

theta oscillations prevent interference between ongoing encoding and retrieval processes

(Kerrén et al., 2018). Interestingly, there is somewhat of a conflict as to whether theta

power increases or decreases are most associated with enhanced memory processing. A

recent review suggests that this discrepancy may be related to the neuroimaging method

(intracranial or non-invasive) and contrasts (e.g., remembered vs. forgotten items, or, suc-

cessful retrieval of an association) used in a study (Herweg et al., 2020). Indeed, this

hypothesis has recently received empirical support in a study investigating the association

between memory encoding and theta activity across iEEG and magnetoencephalography

(MEG) (Joensen et al., 2023). This suggests that theta power increases are consistently

associated with enhanced memory when analysis is restricted to associational contrasts

that only include trials on which recall was successful.

In addition to theta oscillations, there are several other neural frequencies that have been

mechanistically linked to memory processing in the medial temporal lobes. Prime among

these are gamma oscillations (> 30 Hz) which have also been linked to successful memory

encoding and retrieval. For example, Fell et al. (2001) were able to show that successful

memory formation was associated with increased gamma synchrony between the hippocam-

pus and perirhinal cortex as measured via iEEG. However, the true significance of gamma

oscillations in memory processing may lie in their interaction with theta rhythms. For ex-

ample, theta-gamma phase-amplitude coupling has been associated with successful memory

formation with greater retention when gamma oscillations are coupled to the trough of the

theta cycle (Lega et al., 2014). Crucially, evidence suggests that long-term potentiation

preferentially occurs at specific phases of the theta cycle, indicating a cellular mechanism

by which theta-gamma coupling enhances memory (Fell & Axmacher, 2011). Moreover,

this coupling seems to be especially important for item-context binding, a defining fea-

ture of episodic memory and a process believed to be a core function of the hippocampus.

Staudigl & Hanslmayr (2013) demonstrated that when context is manipulated between
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encoding and test (match vs. mismatch context), both theta power and theta-gamma cou-

pling are associated with item-context binding. However, only theta-gamma coupling was

associated with overall item memory suggesting a crucial role for gamma oscillations when

representing items and binding them to their context. This finding is in line with a model of

theta-gamma coupling put forward by Jensen & Lisman (2005) in which theta cycles repre-

sent an overarching context whereas the coupling of gamma bursts to this cycle represents

the sequencing of items within that context.

Finally, the desynchronisation of alpha (8 – 12 Hz) and beta (13 – 30 Hz) oscillations

has also been associated with successful memory encoding and retrieval (Hanslmayr et

al., 2012). In line with the Complementary Learning Systems framework, Hanslmayr et

al. (2016) suggested that alpha-beta desynchronisation and theta-gamma synchronisation

may reflect differing roles for the neocortex and hippocampus in mnemonic processing. Un-

der this model, the neocortex represents the content of information, and the hippocampus

binds this information together. Sensory input leads to a reduction in alpha-beta power by

increasing the firing rates of stimulus-specific neurons in the neocortex. Principles from in-

formation theory (e.g., Shannon entropy) can be applied to the phenomenon of alpha-beta

desynchronisation to infer that this desynchrony may represent the richness of information

being encoded in a memory trace (as a dyssynchronous signal can inherently carry more

information). Alpha-beta desynchronisation in turn drives stimulus-specific units in the

hippocampus to move their firing forward in theta phase so that it occurs earlier in the

gamma cycle. This leads to preferential long-term potentiation for these stimulus-specific

hippocampal units resulting in the formation of a hippocampal memory trace for the in-

formation currently represented in neocortex. Griffiths et al. (2019) recently provided

evidence for this model by demonstrating that decreases in neocortical alpha-beta power

precede hippocampal gamma power increases by ~150 ms during memory encoding. Inter-

estingly, it also appears that this relationship is bidirectional, with hippocampal gamma

preceding neocortical alpha-beta decreases by ~250 ms during memory retrieval.
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In sum, episodic memory is critically reliant on the medial temporal lobes and is un-

derpinned by neural oscillations in the theta, gamma, alpha and beta bandwidths. Im-

portantly, the medial temporal lobes do not function independently, episodic memory is

highly reliant on medial temporal interactions with the neocortex. However, I am yet to

discuss how schemas fit into this equation. Prior research suggests that areas of the pre-

frontal cortex play a crucial role in representing schemas and facilitating their influence

on memory processing. As such, in the next section I discuss existing models on medial

temporal-prefrontal interactions and how these relate to episodic memory and schemas.

1.4 Neurocognitive models of PFC-MTL interaction in memory

As has been discussed, the medial temporal lobes and hippocampus play a key role in the

formation and consolidation of memories, especially through interactions with the neocor-

tex. Perhaps the most prominent model of hippocampal-neocortical interaction is Systems

Consolidation Theory which proposes that memory formation occurs through a process of

rapid learning in the hippocampus followed by longer-term consolidation into the neocor-

tex. Via this process, more remote memories become less dependent on the hippocampus

with time, and develop into interconnected neocortical representations independent of the

original hippocampal trace.

However, since the conception of this model, research has revealed many findings that do

not neatly adhere to the process this model describes. For example, there are numerous ac-

counts of the acquisition of new information in patients with anterograde amnesia. Patient

K.C., for example, was found to be able to be show priming effects, new semantic learning,

and a rudimentary form of episodic learning referred to as mnemonic precedence in which

he was able to remember the location and identity of an object hidden by an experimenter

(Rosenbaum et al., 2005; Schacter et al., 1986). Similar findings have also been observed

in H.M., who was able to recall the names of, and semantic information about, individuals
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who had acquired fame after the onset of his amnesia. For instance, H.M. was able to

identify Lee Harvey Oswald as the individual who “assassinated the president” (O’Kane

et al., 2004). Although it may be argued that these cases of new learning in amnesics

primarily concern forms of implicit and semantic learning, rather than episodic memory, it

must be noted that recent reviews have provided a strong challenge to the notion that the

hippocampus’ function in memory is strictly restricted to episodic learning alone (Duff et

al., 2020). In a different vein, the standard model of systems consolidation has also been

criticised for offering no explanation for how the process of semanticisation occurs nor of

how the retrieval of neocortical representations becomes hippocampus-independent despite

the hippocampus’ initial necessity (Nadel & Moscovitch, 1997). Findings and criticisms of

this sort have led to the suggestion that the standard model of systems consolidation may

need to be revised.

One way of accounting for some of these discrepancies involves the role that prior knowl-

edge, such as schemas, may play in augmenting learning. A key region of the neocortex

implicated in this process is the medial prefrontal cortex (mPFC). The importance of the

mPFC in mediating the influence of prior knowledge on new memories can be seen in stud-

ies of mPFC lesions. Early work in this area revealed that ventral mPFC (vmPFC) damage

could lead to confabulation and proposed that this was a result of deficits in the strategic

retrieval of context appropriate memories (Moscovitch, 1997). That is, the mPFC may

play an important role in monitoring the relationship between current inputs and existing

knowledge. Future lesion studies corroborated this idea by demonstrating that schema re-

instatement and instantiation are impaired in mPFC patients (Ghosh et al., 2014; Giuliano

et al., 2021). Interestingly, damage to the mPFC can also reduce false memory for new

items that resemble past experiences, further indicating a role of the mPFC in monitoring

the congruence of inputs with prior knowledge (Spalding et al., 2015; Warren et al., 2014).

Taken together, these findings suggest that how new information is integrated into memory

may critically depend on its relationship to existing schemas.
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The SLIMM framework (van Kesteren et al., 2012), for example, predicts that new learning

can be fast tracked into the neocortex if an input is schema-congruent. Indeed, this idea is

consistent with the notion of why humans may possess two complementary learning systems

in the first place, to prevent the catastrophic interference that can occur when novel (and

potentially contradictory) information must be integrated with well-established knowledge.

If new information is highly schema-congruent, the drawn out process of hippocampal

consolidation that protects against interference may simply not be necessary (McClelland,

2013).

SLIMM proposes that there is a division of labour between the medial prefrontal cor-

tex (mPFC) and medial temporal lobes (MTL) during memory formation, depending on

whether incoming information is congruent or incongruent with existing schemas. Under

SLIMM, the mPFC acts as a schema congruency detector that “resonates” with information

that is congruent with existing knowledge. This resonance results in the inhibition of hip-

pocampal encoding and allows schema-congruent information to be immediately integrated

with existing neocortical knowledge structures to which it already relates. Importantly, this

fast tracking is predicted to result in a gist-like representation which lacks detailed infor-

mation regarding the incidental details of the encoding context. On the other hand, when

incoming information is incongruent with existing knowledge, SLIMM predicts this will re-

sult in detailed hippocampal encoding including incidental features of the encoding context.

As already discussed, SLIMM predicts a U-shaped function of schema congruency. This oc-

curs because information that is unrelated, or weakly related, to existing schemas does not

trigger strong resonance in the mPFC nor a strong prediction error to drive hippocampal

encoding.

SLIMM has received empirical support particularly in terms of its prediction regarding

detailed vs. gist-like encoding depending on the schema congruence of an input. For ex-

ample, Frank et al. (2020) demonstrated that foils that were perceptually similar to to-

be-remembered targets were correctly rejected with more accuracy when the target had
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appeared in an unexpected context during encoding, indicating that the target had been

encoded with more detail in the unexpected context. In a similar vein, a different study

found that mPFC lesions could prevent false alarms to foils that were perceptually sim-

ilar to targets encoded under schema-congruent conditions (Spalding et al., 2015). This

suggests that the lesions in these patients prevented the mPFC from inhibiting detail-rich

encoding for schema-congruent events.

A defining feature of SLIMM is the notion that the mPFC and MTL play distinct, compet-

itive roles in memory formation depending on how incoming information relates to existing

knowledge. In contrast to this, there are several models of mPFC-MTL interaction that

suggest that the relationship between these two regions is much more complementary. One

such framework has been drawn from Trace Transformation Theory. Trace Transforma-

tion Theory predicts that the hippocampus is principally involved in the representation

of precise perceptual details of a memory and that remote episodic memories can remain

hippocampally dependent provided the memory is episodically rich. Robin & Moscovitch

(2017) proposed that the ventromedial prefrontal cortex (vmPFC) and subdivisions of the

longitudinal axis of the hippocampus represent different features of an experience with

schemas being represented in the vmPFC, and gist and details being represented in the

anterior and posterior hippocampus respectively. Under this model, the nature of vmPFC-

HPC interactions is determined by how an input relates to the information each region

represents and to the goals of the memory task. That is, which regions of this network

are recruited, and how they interact, depends on the detail-richness of the cues and tasks

employed.

Another formulation of mPFC-MTL interaction comes from Preston & Eichenbaum (2013)

who suggest that there is a bidirectional relationship between the hippocampus and the

mPFC. In this model, there is likewise subdivisions along the longitudinal axis of the

hippocampus with the posterior hippocampus (pHPC) coding for objects and the location

of the contexts they occurred in, and the anterior hippocampus (aHPC) differentiating
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between different contexts and linking intra-context events. Context defining information

is sent from the hippocampus to the mPFC where distinct contextual rules are developed

and represented. When a context is re-encountered, context information is sent from the

aHPC to the mPFC which then feeds back appropriate contextual rules to the hippocampus

facilitating memory encoding and context-dependent memory retrieval.

A final model that proposes a more complementary relationship between the hippocampus

and mPFC was proposed by Takehara-Nishiuchi (2020). A crucial feature of this model is

that it extends the use of existing knowledge to facilitate memory encoding from occurring

across multiple events to also occurring within a single instance. The hippocampus encodes

continuous changes in the spatial and temporal context of an ongoing event. Meanwhile,

the mPFC monitors whether a given input is related to the input perceived a moment

earlier and integrates these related inputs. Thus, traces are generated within the mPFC

that represent the central content of an event. These traces can then exert top-down control

over which elements of the detail-rich hippocampal representations are perceived as most

salient and this saliency signal can act to potentiate memory encoding of those features.

Importantly, this model makes some predictions regarding mPFC-MTL interaction which

directly contradict predictions made by SLIMM. Notably, whereas SLIMM proposes that

the mPFC resonates with schema-congruent information, the Takehara-Nishiuchi (2020)

model states that the mPFC is continuously tracking and integrating commonalities across

inputs over time and that this process occurs regardless of schema congruency. Moreover, in

stark contrast to SLIMM, Takehara-Nishiuchi suggests that the mPFC plays a pivotal role

in potentiating, rather than inhibiting, HPC encoding of behaviourally relevant content.

In sum, precisely how mPFC-MTL interactions govern the schema-mediated formation of

memories is still a topic of debate with several relevant models existing in the literature. A

key distinction between these models is whether they propose a distinct and competitive

relationship between the hippocampus and prefrontal cortex or whether this relationship

is more complementary in nature. Nevertheless, there is a consensus that interactions
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between the regions play an important role in mediating memory formation when schematic

knowledge is engaged.

Thus far, we have seen that the representation and monitoring of schemas, and the influence

they exert on memory retention, seems to be governed by interactions between the medial

temporal lobes and medial prefrontal cortex. However, it is important to consider what

other processes may contribute to, or indeed govern, these PFC-MTL interactions. As has

already been mentioned, one advantage of possessing schemas is that they can be used to

make predictions concerning future events. Indeed, the notion of the hippocampus as a

violation detection device is central to several models of mPFC-MTL interaction. As such,

these interactions may be modulated by a predictive coding process by which the brain

maintains a generative model of the environment. Next, I discuss predictive processing

theories in more detail and assess how they may be linked to the emergence of schema

effects in memory.

1.5 Predictive processing and memory

Predictive processing theories suggest that a core function of the brain is to create a gen-

erative model of the environment by which predictions regarding expected sensory inputs

can be generated with the aim of minimising prediction errors across time. Sensory in-

formation and prior experience are used to generate predictions about what is likely to

occur in a given context, which are then compared with incoming sensory perceptions.

The generation and updating of this model based on prediction errors consequently allows

an organism to perceive, learn and adapt its behaviour in an ever-evolving environment.

First formally described for use in the neurosciences in the late 1990’s and mid 2000’s

(Friston, 2005; Rao & Ballard, 1999), predictive coding has become highly influential in

the field as it offers a potentially unifying account of cortical function that can model brain

function at all three of the levels of analysis set forward by Marr (1982) (computational,
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algorithmic and implementation). Mathematically, predictive coding theories are Bayesian

frameworks as they describe the updating of an internal model of the environment based

on a comparison of new information with prior knowledge (Friston, 2005; Millidge et al.,

2021). Under such a framework, a prior distribution represents an organism’s predictions

based on existing knowledge and context, and an evidence-based likelihood distribution

represents incoming sensory information. Here, prediction error is calculated based on the

divergence of the prior and likelihood distributions resulting in a posterior distribution that

represents updated knowledge.

Predictive coding theories were originally developed to model perceptual processing but

have also been successfully applied to the field of learning and memory. One such model

of memory is the Predictive Interactive Multiple Memory Systems (PIMMS) model (R. N.

Henson & Gagnepain, 2010) which proposes that perceptual predictive coding can account

for phenomena in recognition memory. PIMMS builds upon previous theories of multiple

memory systems by asserting the existence of three fundamental memory systems: episodic,

semantic, and perceptual systems that are primarily situated in the hippocampus, perirhi-

nal cortex and posterior sensory cortices respectively. Perceptual information feeds forward

from posterior sensory cortices, via the ventral visual stream, to the perirhinal cortex and

subsequently the hippocampus.

PIMMS distinguishes itself from other mnemonic models by proposing that, rather than

processing occurring separately in each system, encoding and retrieval are a consequence of

recurrent interactions between the systems with both feedforward and feedback connections.

The role of feedback mechanisms is to predict the patterns of activity in the preceding

level of the system. For example, the hippocampus may use contextual representations to

predict what items are likely to occur in that context, with those items being represented

in the preceding semantic system in the perirhinal cortex. These predictions can then

be compared with incoming feedforward connections to determine their accuracy. Such

a recurrent flow of information can thus be used to minimise prediction errors over time,
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facilitating perception and recognition. Notably, PIMMS primarily concerns itself with

the processes of recollection and familiarity in recognition memory and how predictions in

one memory system can help to facilitate encoding and retrieval in another. Importantly,

PIMMS does not make any explicit predictions concerning how temporal predictions of

future events are implemented in the brain and can be used to facilitate episodic encoding

or retrieval more generally. Nonetheless, there is empirical evidence in support of PIMMS

(Greve et al., 2017) and it provides a good example of how predictive processes may play

an important role in human memory.

A key finding in research on the hippocampus is that it appears to be highly sensitive to

prediction errors and may be the hub of our internal generative model (Barron et al., 2020;

J. Lisman & Redish, 2009; Sinclair et al., 2021; Stachenfeld et al., 2017). This generative

model could allow for temporal predictions of future events that in turn facilitate the

encoding of behaviourally relevant information. Indeed, fMRI studies have demonstrated

that hippocampal activity is increased after prediction violations with the CA1 region

seeming to be of particular importance (Bein et al., 2020; Chen et al., 2015). There is

a clear link here with certain models of mPFC-MTL interaction which predict that the

hippocampus is specifically involved in the acquisition of schema-incongruent knowledge

(van Kesteren et al., 2012). When one links these predictive processes with models of

mPFC-MTL interaction a potential model of schema effects emerges. As we experience

an event the brain is continuously predicting what might happen next. The affirmation

or violation of these predictions is then associated with activity changes in the mPFC-

MTL axis, which subsequently result in the behavioural manifestation of schema effects in

memory. Although some evidence for this model exists (Sinclair et al., 2021), evidence for

each stage of this process, from ongoing neural predictions to behavioural schema effects,

is under explored. Moreover, the frequent use of fMRI in previous studies leaves questions

regarding the temporal dynamics of these processes underspecified.

SLIMM is the main model that explicitly states how schema effects could emerge from
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prediction errors triggering changes in mPFC-MTL interaction. However, some evidence

from the prediction violation literature may be at odds with SLIMM’s predictions here. For

example, Garrido et al. (2015) combined a sequence learning paradigm with MEG and dy-

namic causal modelling (DCM). Sequences could fall into predictable, mismatch (prediction

error), or unpredictable conditions. Source reconstruction suggested that prediction error

signals were associated with theta-band activity in the hippocampus and vmPFC. How-

ever, DCM suggested that hippocampal theta oscillations were driven by vmPFC theta.

This is at odds with SLIMM which suggests that the vmPFC should be relatively inactive

under schema-incongruent conditions. Importantly, however, Garrido et al. (2015) did

not take measures of subsequent memory, and therefore these vmPFC-HPC interactions

cannot be assumed to have triggered the generation of behavioural schema effects. Nonethe-

less, such research highlights the potential importance of effective connectivity measures

in distinguishing between models of mPFC-MTL interaction and how they are related to

predictive coding processes. Crucially, there is a body of evidence to suggest that the

hippocampus plays an important role in prediction error detection and that this may be

linked to subsequent patterns of activity in the mPFC-MTL axis that predict successful

memory encoding.

Recent studies have attempted to address whether predictive cues can trigger the reactiva-

tion of representations before the predicted items actually occur. One such study comes

from Kok et al. (2017) who combined magnetoencephalography with multivariate decoding.

Participants heard predictive audio cues that predicted the orientation of an upcoming grat-

ing. Classifiers trained to decode these orientations were then applied to the pre-stimulus

period between the audio cue and the onset of the grating. Orientation could be decoded

up to 40 ms before stimuli onset when the audio cue accurately predicted the upcoming

orientation. This indicates that prior expectations can indeed engage the pre-activation of

sensory templates. Interestingly, a follow up study (decoding shapes instead of gratings)

found evidence of pre-stimulus expectation not in overall classifier performance, but in the
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frequency at which decoding oscillated across time (Hetenyi et al., 2024). A Fast Fourier

Transform was applied to the pre-stimulus decoding time series to assess its power spec-

trum. Relative to a classifier that was trained on randomised labels, it was found that the

shape classifiers had greater power in the 10 - 11 Hz alpha power range. Importantly, this

suggests the pre-activation of upcoming items can be detected in the brain, and this may

manifest both in overall classifier performance and in the spectral power at which a decoder

oscillates. However, once again, these studies did not assess how these predictions, and

their affirmation or violation, might be related to subsequent memory for the predicted

items.

Finally, another concept related to neural predictions that has relevance to the current

thesis is the concept of predictive value. Predictive value refers to the propensity of a

stimulus to predict future events. If A predicts B, then A is said to have predictive value.

Crucially, evidence suggests that when an item has high predictive value it may impede

its own encoding into memory. Sherman & Turk-Browne (2020) used a sequence learning

paradigm in which participants viewed a continuous sequence of scene images and made

judgements as to whether the image contained a man-made object or not. The scene

images came from 12 different categories of scenes and were split into three conditions:

a predictive condition, in which the image reliably predicted the following category, a

predicted condition, in which the category was reliably predicted by the preceding image,

and a control condition, in which the scene was neither predictive nor predicted. After

an encoding phase there was a surprise old-new recognition test. It was found that the

hit rate for the scenes in the predictive condition was significantly lower than the hit rate

for the control images. Sherman and Turk-Browne hypothesised that this occurred due to

the co-dependency of statistical learning and episodic memory on the hippocampus. More

specifically, the predictive image triggers the retrieval of a representation of the predicted

category which in turn inhibits the encoding of the details of the original predictive image.

Support was lent to this hypothesis in an fMRI experiment and a follow up iEEG study
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(Sherman et al., 2022) with fMRI data indicating that the extent of impaired memory for

predictive items is associated with the reinstatement of information regarding the upcoming

category in the hippocampus. This finding may have implications for how prediction errors

can facilitate encoding in real-world situations. Schema effects suggest that memory is

enhanced for schema-congruent well-predicted events. However, in the real-world it is often

the case that we experience a chain of predictive events with a formerly predicted event

also predicting the next in a sequence. It is unclear whether schema congruency effects

could emerge in a situation in which all sub-events are both predictable and predictive, an

occurrence which is common in everyday experience.

In sum, predictive coding may contribute to the emergence of schema effects in memory by

modulating mPFC-MTL interactions based on whether ongoing predictions are affirmed or

violated. However, to date, no studies have addressed whether ongoing neural predictions

can be linked to the emergence of behavioural schema effects. Addressing this gap in the

literature will be a primary aim of the current project. However, before formally laying out

my research questions, I will discuss the neural basis of sequence learning and temporal

order memory, as understanding these processes is key to the investigation of how temporal

predictive coding processes may contribute to schema effects in memory.

1.6 Temporal order memory and sequence learning

Real-world experiences are composed of sequences of events that unfold over time. As

a result, a core component of episodic memory is the representation of temporal order.

Importantly, the preservation of temporal order is crucial if one is to use past experiences to

make predictions of the future. Thus, temporal order information is likely a core component

of many schemas. Indeed, previous research has already demonstrated that prior knowledge

may be used to facilitate the perception of the scenes we encounter across time. M. E. Smith

& Loschky (2019) presented participants with sequences of scenes that either formed a
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coherent spatiotemporal route or were presented randomly. Categorisation accuracy was

greater for scenes that were presented in spatiotemporally coherent sequences and when

the preceding scene shared visual characteristics with the target scene. Moreover, a second

experiment demonstrated that participants could more accurately predict upcoming scenes

in coherent sequences, and that both predictability and the visual similarity of sequential

scenes independently predicted categorisation performance. Together, these experiments

suggest that predictions based on prior knowledge facilitate the accurate recognition of

scene-gist. Moreover, a subsequent event-related potential (ERP) study found reduced

amplitudes for both the N300 and N400 components for coherent sequences (M. Smith et al.,

2021). These components are associated with the recognition and categorisation of visual

stimuli (N300) and with semantic integration based on expectedness (N400). Thus, their

reduced amplitude further corroborates the conclusion that ongoing predictions during

coherent scene perception supported efficient perceptual processing. Importantly, however,

although these findings are in line with a predictive coding account of perception that uses

schemas to facilitate temporal predictions of upcoming events, this research did not address

how these predictions influenced subsequent memory.

Many theories of how the mind retains serial order have their origins in the short-term

memory (STM) literature. One obvious model of sequence order retention is to assume

that each element in a sequence is associated with the next in a pairwise manner, a process

known as chaining. However, chaining has been largely refuted as a potential mechanism

for sequence learning in STM models as it is not consistent with observed patterns of error

in immediate serial recall (R. N. A. Henson et al., 1996). Instead, certain models of STM

serial order recall involve associating each item in a sequence with a “context” signal that

evolves over time, generating different states that can be associated with the different items

in a sequence (Burgess & Hitch, 2005). Alternatively, other models code the items of a

sequence relative to their position with regards to the start and/or end of the sequence

(R. N. A. Henson, 1998; Page & Norris, 1998). However, the relevance of these processes
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to understanding serial order retention in long-term memory is still a topic of debate.

Research into the Hebb effect, by which repeated exposure to a sequence enhances future

serial recall of that sequence, suggests that a drifting context-based model may indeed have

relevance to understanding long-term sequence learning (Hitch et al., 2009). Furthermore,

and in contrast to STM models, single-cell recordings in rats suggests that chaining may be

applicable to the learning of sequences in long-term memory (J. E. Lisman et al., 2005).

Importantly, the hippocampus has been demonstrated to be an important neural structure

for sequence learning and the representation of temporal order. For example, MTL activity

has been shown to increase during successful encoding of associations presented across a

time delay (Hales & Brewer, 2010) and rats with hippocampal lesions seem to present

difficulties with remembering the temporal ordering of associations (Fortin et al., 2002;

Honey et al., 1998). Interestingly, some research suggests that the hippocampus may

use time cells to generate a gradually evolving context representation, much like the one

described to explain serial order recall in STM, against which each item in a sequence can

be associated (Howard & Eichenbaum, 2013; Howard & Kahana, 2002).

Davachi & DuBrow (2015) have highlighted a key distinction between two different forms of

sequence learning and how they may be implemented in the hippocampus. These two forms

of sequence learning are referred to as sequence learning through repetition and episodic

sequence encoding. As the name suggests, sequence learning through repetition refers to

the learning of a temporal relationship that occurs due to repeated exposure to a given

sequence structure, with or without explicit awareness. Evidence suggests that repeated

exposure in this way may lead to the generation of a predictive code in the hippocampus.

When a sequence is encountered numerous times, enhanced hippocampal activity can be

observed during sequence perception. This increase in activity has been hypothesised to

be indicative of hippocampal pattern completion, the process by which a partial cue from

an episode can result in the holistic recollection of the entire event (Horner et al., 2015;

Marr, 1971; Nakazawa et al., 2002; Rolls, 2013). Thus, prior exposure to the sequence
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facilitates the prediction of the upcoming items via the hippocampus. Evidence for this

has been provided by combining sequence learning paradigms with fMRI pattern similarity

analyses. Hsieh et al. (2014) presented participants with sequences of visual objects that

could occur either in a previously presented order or in a random sequence. Hippocampal

representational similarity was shown to be increased when objects were presented in their

learned sequential positions relative to the same objects presented in random positions

or different objects in the same position. This finding indicates that sequence learning is

associated with representational change of the objects in a sequence depending on their

sequential context. Importantly, another study indicates that this representational change

occurs in a feedforward manner throughout a sequence. Schapiro et al. (2012) presented

participants with a continuous stream of fractal images in which given fractals predicted

the occurrence of one another. It was found that the direction of pattern similarity in the

CA2, CA3 and dentate gyrus subregions of the hippocampal formation was asymmetrical

between strongly paired items. That is, the representational pattern of the first item of

a pair became more similar to the pattern of the second item than did the second item’s

pattern to the first. Thus, hippocampal pattern similarity changes during the learning

of repeatedly presented sequences seems to be representative of a forward prediction. In

sum, this evidence suggests that the prediction of the upcoming items in a sequence via

hippocampal pattern completion may play an important role in sequence learning through

repetition.

Episodic sequence encoding contrasts with sequence learning through repetition in that

it refers to learning of a sequence after a single exposure. It has been hypothesised that

episodic sequence encoding may involve the use of a temporal context representation as

described above. For example, the Temporal Context Model (TCM) (Howard & Kahana,

2002) proposes that during episodic sequence encoding each element in a sequence is associ-

ated with a different state of a drifting context representation. During recall, the retrieval

of a given item in a sequence can result in the reinstatement of its neighbouring items as
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they share a similar context state. Importantly, TCM predicts that the context state of

item N in a sequence is encoded in the context state of N + 1 but not vice versa. This

allows for the representation of the sequential ordering of events and can help to explain

contiguity effects by which items following a cue are more likely to be recalled than items

that preceded it (Kahana, 1996). Thus, episodic sequence encoding may be biased to-

ward a different mechanism for representing temporal order than would sequence learning

through repetition. However, it is noteworthy that these two processes are by no means

mutually exclusive. Indeed, a drifting context representation may play an important role

in sequence learning through repetition in as much as shared contextual features are also re-

peated. Likewise, hippocampal pattern completion of subsequent items in a sequence may

begin to occur after only a single exposure depending on how strongly the relationships

between items were encoded.

Finally, it is worth noting that theta rhythms also play an important role in the represen-

tation and retrieval of temporal order information at a neural level. For example, EEG

studies indicate that theta power is increased during the active maintenance of temporal

order information during working memory tasks (Hsieh et al., 2011). One interpretation of

this data is that theta-band activity represents online temporal order information. However,

another possibility is that this theta activity represents prediction errors during sequence

learning which would reduce as sequence structure becomes more familiar. Crivelli-Decker

et al. (2018) used EEG to try and tease apart these two possible interpretations. Par-

ticipants were exposed to repeated sequences of visual items that either appeared in a

consistent or a random order across repetitions. It was found that theta power decreased

across sequence learning for items in the consistent sequences and the extent of these

power decreases correlated with subsequent reaction times for semantic judgements on up-

coming items. These findings are consistent with the notion that theta power is associated

with the use of prior knowledge to try and predict upcoming events in a sequence with

greater power representing more prediction error. This finding also provides support for
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the Davachi & DuBrow (2015) theory surrounding sequence learning through repetition in

which pattern completion facilitates the prediction of upcoming events and suggests that

successful prediction in such cases is associated with decreases in theta power.

Another role that theta appears to play in sequence learning relates to phase precession, in

which the sequencing of locations in space are phase-locked to the theta cycle. Importantly,

a recent study extended this phenomenon from rodents to humans and demonstrated that

it generalises to the conceptual domain. Reddy et al. (2021) presented participants with

sequences of visual images while recording iEEG data from the hippocampus and the

temporal cortex. It was found that neuronal spikes for consecutive images in a sequence

were phase-locked to progressively earlier phases of the underlying theta cycle. Interestingly,

this suggests that the neural process used to represent sequencing in physical space is

the same as that used to represent sequencing in conceptual space. However, given the

fine spatial resolution required to index the neurons or populations of neurons which are

representing individual items in a sequence, phase precession of this kind cannot be easily

indexed using neuroimaging methods such as MEG. In sum, theta oscillations seem to

be associated with sequence learning in two ways: Theta power appears to represent the

expectedness of items in a sequence across learning and theta phase precession seems to

code for temporal order information.

Before finishing, it is worth highlighting that sequence learning features prominently in the

implicit statistical learning literature (Destrebecqz & Cleeremans, 2001; Frost et al., 2019;

Schapiro & Turk-Browne, 2015). Although interesting, a detailed focus on the distinction

between explicit and implicit processes in sequence learning is beyond the scope of the

present thesis and will only be addressed when discussion of this issue is pertinent to our

primary hypotheses regarding schema, temporal order and memory encoding.
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1.7 Thesis Overview

The preceding review highlights a potential model of how schemas influence memory pro-

cessing. As we experience the world, we develop schemas that represent statistical reg-

ularities across multiple episodes. These schemas can then form a part of our internal

generative model, allowing us to make predictions about upcoming events. The affirma-

tion or violation of these predictions can then be used to indicate what information should

be encoded into memory, so as to update our internal model as the environment evolves.

Evidence suggests that interactions in the mPFC-MTL axis play an important role in such

memory encoding.

Crucial to this theory of mnemonic function is the notion that we use schemas to make

predictions about upcoming events. However, to date, most studies of schema effects in

memory have used paradigms that do not require temporal prediction of the future. As

such, the present thesis aims to see if schema effects can be observed when a key feature of a

schema is the chronology of events. Another key feature of the above theory is that schema

effects should be preceded by ongoing neural predictions and, where appropriate, followed

by prediction error signals. To Investigate this, I will combine a temporal order memory

paradigm, in which participants acquire schematic knowledge of sequence structure, with

magnetoencephalography (MEG) and multivariate pattern analysis (MVPA) in an attempt

to see if predictive reactivation of schematic knowledge and subsequent prediction errors

can be linked to the behavioural manifestation of schema effects in episodic memory.
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Research questions:

1. Can behavioural schema effects (congruent and incongruent) be indexed in a temporal

order memory paradigm in which a core feature of the schema is the chronology of

events?

2. Can MEG and MVPA be combined to index predictive reactivation of upcoming

items in a sequence after participants have been trained on the sequence’s schematic

structure?

3. When predictions are violated, is there evidence for behavioural and neural predic-

tion error signals associated with enhanced memory retention of schema-incongruent

information?
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Memory

2.1 Introduction

Schemas are associative knowledge structures that represent the semantic knowledge we

acquire through repeated exposure to events that share a common structure. By extracting

statistical regularities across multiple episodes, this schematic knowledge can be used to

facilitate adaptive behaviour by generalising from past experiences to present events. In

addition to the obvious advantage of being able to generalise across events, it is also well

established that schemas can augment new learning. That is, memory retention appears to

be enhanced for events that are congruent with an individual’s existing schemas (Bein et al.,

2015; Buuren et al., 2014; Mandler & Johnson, 1977; Raykov et al., 2019; Staresina et al.,

2008; Tse et al., 2007; van Kesteren et al., 2010). Moreover, and somewhat paradoxically, a

memory advantage also seems to be present when events are schema incongruent (Greve et

al., 2017; Kafkas & Montaldi, 2018; Mäntylä & Bäckman, 1992; Tulving & Kroll, 1995).

Despite some research showing that schema-congruent information boosts memory, whereas

some studies show that incongruency boosts memory, recent research has established that

it is possible to index both a congruency and an incongruency benefit in a single paradigm.

Greve et al. (2019) proposed that a core issue in schema research is the frequent conceptual-

isation of congruency as a binary, rather than a continuous variable. Real events cannot be
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neatly categorised into congruent vs. incongruent instances, and are more accurately con-

ceptualised as falling on a spectrum of schema congruency. Under this model, in addition

to an event being either congruent or incongruent with a schema, it is also possible for an

event to be unrelated to a schema, in that it does not clearly relate to existing schemas but

neither does it actively contradict that knowledge. In such an unrelated case, memory may

be weakened as compared to events that are schema-congruent or incongruent. As such,

memory retention may be modelled as a U-shaped function of schema congruency, with

poorly encoded schema-unrelated events found in the centre of the congruency spectrum.

Greve et al. (2019) provided evidence for this model in a recognition memory paradigm.

During study, participants were presented with differing numbers of two types of objects

(e.g., one apple, two teddy bears). Across four trials per pair of objects, participants were

required to learn, via trial-and-error plus feedback, which object had the highest value

after being told that one object had twice the value of the other. Crucially, across the four

trials the rule was either predictable (congruent condition; the rule was the same across all

four trials), unpredictable (unrelated condition; no consistent rule was ever established),

or the rule was flipped midway through the trials (incongruent condition; the rule was

initially predictable but was then changed). Recognition memory was then assessed for

the displays of objects viewed during study. It was found that recognition memory was

enhanced for displays in the congruent and incongruent conditions relative to the unrelated

baseline in which no schema was established. This study was the first to demonstrate

both a congruency and incongruency advantage in a single paradigm. However, schemas

in this study (the value rule) were generated in a single session, shortly before testing.

Schemas are generally thought to be well-consolidated neocortical representations acquired

across multiple episodes, and it is questionable whether the small number of trials in this

study, with no intervening consolidation period, would allow for the generation of such a

representation.

Quent et al. (2022) were able address this issue by demonstrating a similar U-shaped curve
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using spatial schemas that pre-existed due to frequent real-world experiences. Participants

explored a virtual reality kitchen environment and memorised the locations of 20 objects.

They then re-entered the emptied kitchen and placed the objects in their previously ob-

served locations. It was found that object-location memory was greatest for objects that

were subsequently rated to have been observed in locations that were most expected or

unexpected.

Together, these studies provide good evidence that the use of a schema-unrelated baseline

condition may be an important step when trying to distinguish between the effect of schema

congruency and incongruency on subsequent memory. In the present chapter, I ask whether

a similar U-shaped function can be observed for other forms of memory (e.g., temporal order

memory) and when schemas encode for additional information other than contextual rules

or spatial organisations (e.g., chronology). Next, I will discuss why this is an important

issue to consider.

Episodic memories are defined by their event-based nature and the spatiotemporal structure

of their content (Tulving, 2002). Not only do episodic memories encode when and where an

event occurred but also the temporal ordering of events. As such, Ghosh & Gilboa (2014)

have highlighted that some schemas should have sensitivity to chronology with the temporal

relationships between units being encoded in a schema’s associative network. Furthermore,

it may be that even within a single schema, multiple temporal orders may need to be

represented. For example, a schema for a restaurant may consist of nodes connecting

related concepts such as getting a table, reading a menu, ordering and receiving food, and

paying the bill. However, the temporal relationship between these nodes may differ based

on context. When visiting a traditional restaurant, for example, it is typical to wait at

the door to be seated, order your food from the table, to receive your food, and then to

pay the bill. However, in a different setting such as a pub, it is more typical to take a

seat at any table that is free, order your food at the bar, pay immediately, and then to

sit back down to receive your food. Thus, we see that the temporal ordering of events
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is a defining feature of episodic memories and, as such, chronological information should

be a core feature of many schemas. Indeed, a major adaptive advantage of possessing

schemas in the first place is that they may facilitate temporal predictions of the future,

allowing an individual to anticipate how an event may unfold. In fact, schema effects in

general may be a consequence of predictive coding processes (Friston, 2005; R. N. Henson

& Gagnepain, 2010). Under such a model, prior knowledge is used to make predictions

(e.g., representations of upcoming stimuli may be pre-activated prior to their occurrence)

and memory encoding and/or retrieval is modulated based on the affirmation or violation

of these predictions.

A neurocognitive model that implicates predictive processing in the emergence of schema

effects is the schema-linked interactions between medial prefrontal and medial temporal

lobe framework (SLIMM) (van Kesteren et al., 2012). Under SLIMM, there is a division

of labour between the medial prefrontal cortex (mPFC) and medial temporal lobes (MTL)

during memory encoding dependent on whether an input is congruent with our existing

knowledge. The mPFC is said to “resonate” with inputs that are congruent with existing

representations in the neocortex. If this occurs, the mPFC inhibits hippocampal encoding

so that this information can be immediately integrated into related neocortical stores.

However, if an input is incongruent with our existing knowledge this triggers a prediction

error in the MTL that potentiates hippocampal encoding. Critically, when an input neither

resonates with the mPFC nor is surprising enough to trigger a prediction error (i.e., it is

unrelated to existing knowledge), neither the mPFC nor the MTL is particularly activated

leading to poor memory encoding.

SLIMM also predicts differences in the detail-richness of newly encoded representations

dependent on how they relate to existing knowledge. Schema-congruent memories that

were encoded via the mPFC are predicted to be gist-like, whereas schema-incongruent

memories encoded by the MTL are believed to be more detailed and include incidental

details regarding the encoding context. Notably, although SLIMM states that prediction
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errors can drive learning, it does not state that representations of upcoming events/items

are necessarily pre-activated prior to their actual occurrence. Rather, incoming inputs may

simply have high or low resonance with existing neocortical knowledge, and this alone can

modulate encoding. Nevertheless, whether predictive coding processes generate schema

effects via temporal predictions of the future is an interesting avenue to explore as it would

provide valuable information regarding the circumstances under which, and the mechanisms

by which, schemas can modulate memory.

Crucially, research on schema effects to date has tended to use schemas that are somewhat

static, lacking a temporal element to their structure and instead focusing on contextual

rules, associative relationships, or spatial organisations. If schema effects are indeed driven

by predictive coding processes and schemas in general are sensitive to chronology, then

schema effects should be present for memory of temporal order and when a core feature

of a schema is the chronology of events. Indeed, there is already good evidence that

predictions are routinely employed during sequence learning and perception. For example,

the spiking of hippocampal place cells has been shown to represent locations that are ahead

of a rat traversing a maze, and there is evidence to suggest that this process extends beyond

the spatial domain and may also represent points in time or the traversing of a sequence

of internally generated states (J. Lisman & Redish, 2009). Furthermore, the perception

of scene-gist can be facilitated when scenes are perceived in a spatiotemporally coherent

order, and research suggests that the predictability of an upcoming scene contributes to

this effect (M. E. Smith & Loschky, 2019). Moreover, this effect appears to reduce the

amplitude of the N400 event-related potential (M. Smith et al., 2021). The N400 has been

linked to semantic integration and has a heightened amplitude for semantically incongruent

or unexpected content. Therefore, its reduced amplitude for predictable scenes supports

the idea that ongoing predictions of upcoming events can aid efficient perceptual processing.

However, although the findings of these studies are in line with a predictive coding account

of perception that makes use of prior knowledge to make temporal predictions of the future,
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this research has not addressed how these ongoing predictions influence subsequent memory

or could lead to the generation of mnemonic schema effects.

In the following experiments, I use a temporal order memory paradigm to investigate

whether schema effects can emerge when a core feature of a schema is the temporal order

of events that could allow for temporal predictions of the future. The studies are split into

two sessions separated by 24 hours. During session 1, participants pre-learned sequence

schemas which related to the order of semantic categories within a given context. During

pre-learning participants also made animacy judgements on the categories which introduced

a categorisation and motor response element to the schemas. During session 2, participants

repeated the pre-learning task before moving on to the main temporal order memory task.

The main task was split into study-test blocks. At study, participants were presented with

new sequences that used novel exemplars (different from those used at pre-learning) but

that either affirmed, violated or were unrelated to the pre-learned schemas. While studying

these novel sequences participants continued to make animacy judgements, and response

times and accuracy were assessed to determine whether pre-learned knowledge was being

used to make predictions of upcoming events. At test, participants’ memory for temporal

order was assessed in a cued recall four-alternative forced-choice task. Participants were

cued with an exemplar from a sequence and were required to retrieve the following two

items, that I refer to as Cue+1 and Cue+2 respectively. Notably, I also aimed to distinguish

between gist-like and detailed encoding as predicted by SLIMM. This was done by assessing

memory at both the category (gist-like) and exemplar level (detailed). In line with Greve

et al. (2019), I predicted that temporal order memory should follow a U-shaped function of

congruency with memory for schema-congruent and schema-incongruent sequences being

enhanced relative to sequences that were unrelated to the schemas.
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2.2 Behavioural Experiment 1

2.2.1 Methods

2.2.1.1 Participants

A power analysis was conducted using G*Power 3.1.9.7 (Faul et al., 2007) to determine

the required sample size to detect both a schema congruency and schema incongruency

effect. Effect sizes were taken from prior literature and assumed d = .89 for a schema

congruency effect (Greve et al., 2017) and d = .57 for a schema incongruency effect (Brod

et al., 2015). Power was calculated for a two-tailed paired-samples t-test. Based on these

parameters a sample size of N = 30 was determined which would give 99% power to detect

a congruency effect and 85% power to detect an incongruency effect. Given the novelty of

the present paradigm, these effect sizes may not be entirely applicable. However, the data

from Experiment 1 was used to calculate more accurate effect sizes for the power analyses

of future experiments.

Thirty participants were recruited via SONA systems. Two participants were excluded

as they were not significantly above chance at retrieval or encoding as determined by a

one-sided binomial test. This left a final sample size of N = 28 participants (23 females, 5

males; M ± SD age in years = 20.16 ± 0.91). All participants were fluent English speakers

with normal or corrected-to-normal vision. Participants gave informed consent for the

experiment, which was approved by the Research Ethics Committee of the Department of

Psychology, University of York. All participants participated for course credit.

2.2.1.2 Materials

The experiment used 196 images of exemplars from each of eight different categories: build-

ings, dogs, cars, faces, furniture, insects, plants, and tools. Half of these categories can
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be classified as animate (dogs, faces, insects, plants) and half can be classified as inani-

mate (buildings, cars, furniture, tools). Face images were taken from the Chicago Face

Database (CFD) (Ma et al., 2015). For copyright reasons, face images displayed in figures

are AI-generated and are not taken from CFD. A subset of the dog and insect images

were taken from the C.A.R.E stimulus set of normed animal images (Russo et al., 2018).

All other images were sourced from Google and DuckDuckGo image searches. Images had

their backgrounds removed to transparency and were scaled to fit within a 600x600 pixel

square.

The eight categories were used to create two six-item sequence schemas for each partici-

pant. For each participant, each schema contained the same six categories, three of which

were animate and three of which were inanimate. Thus, each participant only ever saw

six of the eight possible categories, however, which categories the participants saw was

counterbalanced across participants. A schema for each sequence existed at both the cat-

egory and the animacy level. The schemas at the animacy level for all participants were

as follows: (a) inanimate-animate-inanimate-animate-inanimate-animate, (b) inanimate-

animate-inanimate-inanimate-animate-animate. Which categories fell into which positions

was counterbalanced across participants, however, a category could never be neighboured

by the same categories across the two schemas. For example, if the category face was neigh-

boured by building and car in schema A, face could not be neighboured by building or car

in schema B. Finally, each schema was paired with a colour, either red or blue. This colour

was used as a context cue at the beginning of each sequence to indicate which schema the

participant was about to see. As such, an example of the schemas at the category level

for any given participant could be as follows: (red) tool-dog-building-face-car-plant, (blue)

building-plant-tool-car-dog-face.
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2.2.1.3 Design

The experiment used a 2x3 (Test x Congruency) within-subject design. The key manip-

ulation was whether a specific sequence was congruent, incongruent, or unrelated to the

pre-learned sequence schemas. The independent variable Congruency therefore had three

levels: Congruent (sequence conforms to a pre-learned schema), Unrelated (sequence is

unrelated to any pre-learned schema) and Incongruent (sequence violates a pre-learned

schema). The second independent variable, Test, had two levels, however, the levels of

Test differed between the encoding (study) and retrieval (test) analyses. At encoding, the

levels of Test were Cue vs. Cue+1. At retrieval, the levels of Test were Cue+1 vs. Cue+2.

The Cue relates to the exemplar prior to any potential schema violation (in the Incongru-

ent condition), Cue+1 relates to the exemplar that potentially violates the schema, and

Cue+2 relates to the exemplar following the potential violation.

2.2.1.4 Procedure

A schematic of the experimental procedure can be seen in Figure 2.1. The study was split

into two sessions separated by approximately 24 hours. In session 1, participants completed

the pre-learning task. Twenty-four hours later in session 2, participants repeated the pre-

learning task before moving onto the main temporal order memory task.

2.2.1.4.1 Pre-learning task

During pre-learning participants learned the sequence schemas in an explicit manner, that

is, participants were told that the sequence schemas (referred to as “sequence structures”

to the participants) existed and that their goal was to try and learn them.

During pre-learning, participants engaged in study-test blocks. During study, participants

viewed a single sequence. At the beginning of each trial an empty box appeared in the
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centre of the screen for 2000 ms. The square was then filled with the colour red or blue

for 1500 ms to indicate which schema the participant was about to view. The colour was

then removed, and a fixation cross appeared in the centre of the box for 500 ms. Each

exemplar was then presented on the screen for 1000 ms each, each separated by a 500 ms

fixation cross. While each exemplar was on the screen participants were instructed to make

an animacy judgement (animate vs. inanimate) on the image using the “b” and “m” keys

which were counterbalanced across participants.

At test, participants were required to recall the order of the categories for the sequence

they just saw. To do this, the six exemplars were presented in a row on the top half of the

screen in a random order with a coloured rectangle (representing the colour of that schema)

below. Participants used the 1-6 keys to reorder the categories into the order that they saw

them. Upon reordering the categories, participants received feedback as to whether they

had recalled the order correctly or not. If the participant got the order correct, the word

“Correct!” appeared in green text for 1000 ms. If the participant got the order incorrect,

the word “Wrong!” appeared in red text for 1000 ms.

To complete the pre-learning phase, participants were required to reach criterion and pass

a test. At the beginning of the pre-learning phase participants saw three red and three

blue sequences randomly intermixed. After this, a counter was started to keep track of how

many sequences had been reordered correctly in a row. Reordering a sequence incorrectly

reset the counter to zero. Participants were required to get six sequences in a row correct

before a test was triggered. Importantly, each six sequences a participant viewed was made

up of three blue and three red sequences randomly intermixed. The test was preceded by

an instruction screen informing the participants they were about to be tested. The test

involved participants reordering both the red and blue sequence as described above but

doing so back-to-back and without being shown an example of the sequence first. If they

got both test sequences correct, pre-learning was complete. However, if they got one or

more of the test sequences incorrect, they were sent back to the criterion task and were
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required to get another six sequences in a row correct before being tested again. To further

reinforce learning upon completion of the test, participants were provided with a pen and

paper and were asked to write down the order of the categories for each schema using free

recall.

After a 24-hour delay, participants returned to the lab for the second session. The second

session began with a repeat of the pre-learning task. At session 2, participants still had to

reach criterion and complete a test, however, participants were not required to free recall

the schemas using a pen and paper after completion of the pre-learning test.

2.2.1.4.2 Temporal order memory task

After completion of the second pre-learning phase on day two, participants engaged in

the main temporal order memory task. The main task was split into 50 study-test blocks.

During study the task was identical to that described for the study phase of the pre-learning

task, however, rather than seeing just one sequence, participants were presented with three

in a row. All sequences in the main task used novel exemplars that had not been seen

during the pre-learning task or in any previous sequences in the main task. Crucially,

these sequences could fall into any one of the three Congruency conditions. Red and

blue sequences could either be Congruent or Incongruent with the pre-learned schemas.

Incongruent sequences were initially congruent with the schema, however, on the third or

fourth item the order of the remaining categories was altered so that the categories appeared

in an unexpected order. In the main task, I also introduced Unrelated sequences that

contained the same six categories but presented in a random order. Unrelated sequences

were preceded by the context colour yellow. Participants were explicitly instructed that

the yellow sequences had no structure to them and that the categories would appear in a

random order. Any given block contained one yellow sequence along with either two red,

two blue, or a red and a blue sequence. For the red/blue sequences in any block, either

both sequences were Congruent, both were Incongruent, or one was Congruent, and the
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other was Incongruent. In total there were 50 sequences in each Congruency condition.

The order in which the three sequences were viewed at encoding was randomised.

At test, temporal order memory was assessed using a four-alternative forced-choice cued-

recall task. The test order of the three previously encoded sequences was randomised so

that it could differ from the order presented at study. For example, if a participant saw

a red, a blue, and then a yellow sequence at study, any of these three sequences could

be tested first, second or last at test. On any given test trial participants would see a

white square containing a fixation cross in the centre of the screen for 2000 ms. After this,

a cue would appear in the box for 1500 ms. The cue was an exemplar from one of the

three sequences viewed during the study phase. The cue could either be the second or the

third image from the sequence being tested (i.e., the item immediately before the violation

in the Incongruent condition). After the cue, four options appeared on the screen (one

target, three foils) each contained in a white square presented as a 2x2 grid. Participants

were required to select the exemplar they thought came after the cue (Cue+1). Upon

selecting an option for Cue+1, another four options would appear, and participants were

required to select the image they thought came after the one they had just selected (Cue+2).

Participants responded using the “t”, “o”, “b” and “m” keys which represented quadrants

on the screen: top-left, top-right, bottom-left, and bottom-right respectively. The locations

of the target and foil exemplars on the screen were randomised. For each set of options,

participants had 5000 ms to respond before being timed out. A time out resulted in the

text “TIME OUT!” being presented in red font for 1000 ms. Time out trials were marked

as incorrect. Participants were instructed to prioritise accuracy over speed but, if they

were unsure of the correct answer, that it was better to take their best guess than to let

the trial time out.

Critically, the foils were set up to allow the distinction of performance at both the category

and the exemplar level. If a participant selected the correct target exemplar, they got

both exemplar and category information correct. However, one foil used was a different
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exemplar of the same category as the target. If this foil was selected, the participant got

category information correct but exemplar information incorrect. The other two foils were

two exemplars of a different category, if the participant selected either of these foils, they

got both category and exemplar information incorrect. All foils were exemplars presented

in other sequences from the same study block, controlling for overall stimulus familiarity

at test.
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Figure 2.1: Schematic of the experimental procedure. (A) An example of a study trial.
Participants would see a context colour telling them what schema they were
in, and the associated exemplars would appear one at a time for a second each.
Participants were required to make an animacy judgement on each image while
it was on the screen. (B) A test trial during pre-learning. After seeing a single
sequence as in panel A, participants would see the same exemplars in a random
order and would use the 1-6 keys to reorder them back into the correct order.
Participants received feedback on their accuracy. (C) A study block in the
main temporal order memory task. Participants saw three sequences presented
in a row in the same manner as in panel A. The figure shows a congruent and
an incongruent sequence both of which are from the red schema. However, it
was also possible for both of these to be congruent or both to be incongruent.
Likewise, both could be from the blue schema, or one could be from the red
schema and one could be from the blue schema. A block always contained a
single unrelated trial with yellow as the context colour. (D) A test trial in the
main temporal order memory task. Participants were cued with an exemplar
from one of the three previous sequences and were required to retrieve Cue+1
and Cue+2 in a four-alternative forced-choice task. The sequence tested in
panel D is the incongruent sequence presented in panel C.
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2.2.1.5 Analysis approach

Analyses were conducted in R 4.3.3 (R Core Team, 2023) using the Buildmer package

(Voeten, 2020). Alpha level was set at 0.05. Buildmer was provided with a maximal model

including all fixed and random effects. From this maximal model, Buildmer determined the

maximal model that still converged and performed stepwise elimination of random effects

to determine the most parsimonious model. Analysis of accuracy for both the encoding and

retrieval tasks used logistic mixed-effects (GLME) models. Response time analysis for the

encoding task used a linear mixed-effects (LME) model. The fixed effects of Congruency

and Test were coded using treatment contrasts. The contrast of Congruency used the

Unrelated condition as the baseline. The contrast of Test used Cue and Cue+1 as the

baselines in the encoding and retrieval analyses respectively.

Brehm & Alday (2022) have highlighted that contrast coding in models such as the one de-

scribed above are often misinterpreted. When using treatment contrasts, the effect of each

factor (Congruency or Test) is assessed at the baseline level of the other factor. Therefore,

in the present model, the comparisons of Congruency (Congruent vs. Unrelated; Incongru-

ent vs. Unrelated) will be performed at the baseline level of Test; those baselines being

Cue and Cue+1 for the encoding and retrieval analyses respectively. Likewise, the com-

parison of Test (encoding: Cue vs. Cue+1; retrieval: Cue+1 vs. Cue+2) will be assessed

at the baseline of Congruency, i.e., the Unrelated condition. Using treatment contrasts in

the present study is crucial as it explicitly sets the Unrelated condition as the control, as

intended by the experimental design. However, it also means that our main model leaves

some important comparisons unaddressed.

At encoding, the main model does not provide any information concerning how perfor-

mance differs within each Congruency condition between Cue and Cue+1. Likewise, at

retrieval, it does not provide information concerning Congruency effects at Cue+2 nor

when collapsing across the levels of Test. As such, I broke down the models using the R
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package emmeans. At encoding, I first investigated all three pairwise comparisons of the

Congruency factor at Cue and Cue+1 separately. This allowed me to assess how perfor-

mance in the Congruent and Incongruent conditions differed from the Unrelated condition

(and each other) both before and after the violation in the Incongruent condition. Sec-

ond, I compared performance in each Congruency condition across Cue and Cue+1 to

assess whether the violation at Cue+1 influenced performance in the Incongruent condi-

tion specifically. At retrieval, I first investigated all three comparisons of the Congruency

factor while collapsing across Test. I then investigated these comparisons at Cue+1 and

Cue+2 separately to assess any interactions between Congruency and Test. This allowed

me to assess how recall differed across the levels of Congruency. As I conducted all three

pairwise comparisons, the p-values reported in the text are all Holm corrected for multiple

comparisons. However, the uncorrected outputs of the main mixed-effects models can be

found in the tables referenced throughout the text.

By assessing differences in response time and accuracy at encoding I aimed to provide

evidence that participants were using the schemas to make predictions about what is likely

to happen next in a sequence, and that these ongoing predictions were followed by enhanced

memory in the Congruent and Incongruent conditions. Specifically, I made the following

predictions:

1. (H1) At encoding, animacy judgements would be faster and more accurate in the

Congruent condition relative to the Unrelated condition.

2. (H2) At encoding, animacy judgements would be less accurate and slower in the

Incongruent condition on Cue+1 trials as compared to Cue trials.

3. (H3) At retrieval, both category and exemplar-level performance would be enhanced

in the Congruent and Incongruent conditions relative to the Unrelated condition at

both Cue+1 and Cue+2.
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Throughout the results section, analyses addressing the above hypotheses are accompanied

by other complementary analyses. As such, the statistics that address the above predictions

will be accompanied with a note (e.g., H1) highlighting that those analyses directly test

the predictions made here. Experiment 1 was not pre-registered, however, Experiments

2-4 were.

2.2.2 Results

2.2.2.1 Pre-learning

Participants learned the sequence schemas across two sessions and were required to reach

criterion in both sessions. I ran an analysis on trials-to-criterion in each session to assess

whether participants were retaining knowledge from the first pre-learning session. A paired

t-test revealed that participants required more trials to reach criterion in session 1 (M =

49.9, SD = 26.56) than in session 2 (M = 19.07, SD = 8.2), t(29) = 5.8, p <.001 , d =

1.57. This suggests that, coming into session 2, participants were retaining knowledge of

the schemas from the first pre-learning session.

2.2.2.2 Encoding

To be included in the encoding analyses participants were required to be significantly above

chance (50%) on the animacy judgement task as determined by a one-tailed binomial test.

The final sample size for the encoding analysis was n = 26.

Mean accuracy and response times across the Congruency and Test manipulations can be

seen in Table 2.1. A full summary of the mixed-effects model at encoding in Experiment 1

can been seen in Table 2.2. The results of the encoding analysis are plotted in Figure 2.2.
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Table 2.1: Mean accuracy and response times at encoding between Cue and Cue+1 across
the three Congruency conditions in Experiment 1. Standard deviations are
shown in parentheses.

Metric Congruency Cue Cue+1

Accuracy (%) Unrelated 80.77 (12.29) 80.15 (12.11)

Congruent 85.65 (10.63) 88.91 (10.51)

Incongruent 87.82 (11.18) 66.99 (17.91)

Response Time (ms) Unrelated 627.36 (64.89) 637.14 (68.97)

Congruent 570.51 (88.97) 591.64 (87.23)

Incongruent 581.74 (85.51) 666.28 (71.67)

2.2.2.2.1 Accuracy

I first assessed whether accuracy differed as a function of Congruency on Cue trials (where

the categories were still congruent on both the Congruent and Incongruent trials). Accuracy

was significantly greater in the Congruent (𝛽 = 0.38, SE = 0.15, z = 2.47, p = .027; H1)

and Incongruent (𝛽 = 0.58, SE = 0.16, z = 3.56, p = .001) conditions on Cue trials as

compared to Unrelated Cue trials. This suggests participants had some knowledge of the

category (or animacy or motor response) associated with the next trial in the sequence in

both the Congruent and Incongruent conditions relative to the Unrelated condition.

I next assessed differences between the Congruency conditions at Cue+1 (after the change

had occurred in the Incongruent condition). Accuracy was greater in the Congruent con-

dition as compared to the Unrelated (𝛽 = 0.73, SE = 0.16, z = 4.51, p <.001; H1) and

Incongruent conditions (𝛽 = 1.47, SE = 0.15, z = 9.54, p <.001). In contrast to the results

at Cue, performance in the Incongruent condition at Cue+1 was significantly lower than

performance in the Unrelated condition (𝛽 = −0.74, SE = 0.14, z = -5.52, p <.001). This
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indicates that the incongruency that occurred at Cue+1 may have disrupted any ongoing

predictions that were being used to facilitate performance.

Notably, in line with the above comparisons, the main model revealed a significant Con-

gruency by Test interaction for the Incongruent vs. Unrelated comparison (𝛽 = −1.32, SE

= 0.21, z = -6.27, p <.001) but there was no interaction for the Congruent vs. Unrelated

comparison (𝛽 = 0.35, SE = 0.22, z = 1.58, p = .114).

I then investigated differences within each Congruency condition across Cue and Cue+1.

Here, I found that there was no difference in accuracy between Cue and Cue+1 in the

Congruent (𝛽 = 0.31, SE = 0.19, z = 1.59, p = .111) or Unrelated condition (𝛽 = −0.05,
SE = 0.17, z = -0.27, p = .790). However, there was a significant decrease in accuracy from

Cue to Cue+1 in the Incongruent condition (𝛽 = −1.37, SE = 0.18, z = -7.72, p <.001; H2).

Again, this indicates that the violation of the schemas at Cue+1 disrupted performance

in the Incongruent condition, potentially due to a disruption of ongoing predictions of

upcoming events.

2.2.2.2.2 Response time

Note, upon inspection of the response time data there were a very small number of nega-

tive response times. All of these responses occurred within 16 ms of stimulus onset which

is within the frame rate of the monitor used (1000 ms / 60 Hz = 16.7 ms). When the

screen was flipped, there was up to a 16.7 ms delay before the stimulus actually appeared.

Although responses could be registered as soon as the screen was flipped, response times

were calculated against the time when the stimulus actually appeared on the screen. These

negative response times are therefore a consequence of participants making anticipatory

responses, as correct responses were predictable in this paradigm, and the response being

registered in this 16 ms window before the stimulus actually appeared. Given that an-

ticipatory responses were expected in this paradigm, I have opted to keep these negative
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response times in the dataset for completeness.

On cue trials, response times were significantly faster in the Congruent (𝛽 = −53.98, SE

= 8.92, z = -6.05, p <.001; H1) and Incongruent (𝛽 = −45.07, SE = 9.04, z = -4.98, p

<.001) conditions as compared to Unrelated Cue trials. This indicates that prior to any

violations in the Incongruent condition, knowledge of the sequence schemas was facilitating

faster responses in the Congruent and Incongruent conditions.

I next assessed differences between the Congruency conditions at Cue+1 (after the change

had occurred in the Incongruent condition). Response times were faster in the Congruent

condition as compared to both the Unrelated (𝛽 = −46.5, SE = 8.86, z = -5.25, p <.001;

H1) and Incongruent conditions (𝛽 = −77.16, SE = 9.44, z = -8.17, p <.001). Notably,

response times were also slower in the Incongruent condition relative to the Unrelated

condition (𝛽 = 30.66, SE = 9.73, z = 3.15, p = .002).

Once again, there was also a significant Congruency by Test interaction for the Incongruent

vs. Unrelated comparison (𝛽 = 75.72, SE = 13.28, z = 5.7, p <.001), however, there was

no interaction for the Congruent vs. Unrelated comparison (𝛽 = 7.48, SE = 12.57, z =

0.59, p = .552)

Finally, when investigating the differences between Cue and Cue+1 within each congruency

condition I found that there was no difference in response times between Cue and Cue+1

in the Unrelated condition (𝛽 = 12.27, SE = 9.15, z = 1.34, p = .180). However, response

times were slower at Cue+1 as compared to Cue trials for both the Congruent (𝛽 = 19.75,
SE = 8.62, z = 2.29, p = .022) and Incongruent conditions (𝛽 = 87.99, SE = 9.63, z = 9.14,

p <.001; H2). It is unclear why response times would be slower in the Congruent condition

at Cue+1, however, response times in the Congruent condition remained faster than those

in the Unrelated condition indicating that the schemas were still facilitating performance

as compared to the baseline. Once again, the increase in response times between Cue
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and Cue+1 in the Incongruent condition indicates that the incongruency manipulation

disrupted performance due to a violation of prior knowledge.

Table 2.2: Summary of the mixed-effects model at encoding for both accuracy and response
time in Experiment 1. P-values are uncorrected and therefore may differ from
those in the text.

Metric Fixed effect Estimate SE z/t p

Accuracy (%) Intercept 1.57 0.17 9.21 <.001

Congruent (vs. unrelated) 0.38 0.15 2.47 .014

Incongruent (vs. unrelated) 0.58 0.16 3.56 <.001

Test (Cue vs. Cue+1) -0.05 0.17 -0.27 .790

Congruent x Test 0.35 0.22 1.58 .114

Incongruent x Test -1.32 0.21 -6.27 <.001

Response Time (ms) Intercept 625.08 15.48 40.39 <.001

Congruent (vs. unrelated) -53.98 8.92 -6.05 <.001

Incongruent (vs. unrelated) -45.07 9.04 -4.98 <.001

Test (Cue vs. Cue+1) 12.27 9.15 1.34 .180

Congruent x Test 7.48 12.57 0.59 .552

Incongruent x Test 75.72 13.28 5.70 <.001
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Figure 2.2: (A) Mean accuracy (%) and (B) response time (ms) across the Congruency
and Test manipulations at encoding in Experiment 1. Diamonds show sample
means. Density and scatter plots show the distribution of participant means.
Error bars represent 95% confidence intervals.
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2.2.2.3 Retrieval

Mean accuracy across the Congruency and Test manipulations at retrieval can be seen in

Table 2.3. A full summary of the mixed-effects model at retrieval can be seen in Table 2.4.

The results of the retrieval analysis are plotted in Figure 2.3.

Table 2.3: Mean percentage accuracy at retrieval between Cue+1 and Cue+2 across the
three Congruency conditions at the category, exemplar, and conditional exem-
plar level in Experiment 1. Standard deviations are shown in parentheses.

Level Congruency Cue+1 Cue+2

Category Unrelated 58.53 (6.65) 56.27 (7.92)

Congruent 64.27 (8.17) 64.67 (5.94)

Incongruent 60.27 (10.17) 58.67 (8.93)

Exemplar Unrelated 38.11 (8.74) 34 (9.36)

Congruent 38.89 (10.52) 40 (6.96)

Incongruent 36.11 (8.33) 32.22 (9.05)

Conditional Exemplar Unrelated 69.31 (10.92) 66.78 (8.84)

Congruent 65.44 (12.81) 63.72 (8.52)

Incongruent 65.06 (6.53) 58.72 (10.42)

2.2.2.3.1 Category level

To be included in the category-level retrieval analysis participants were required to be

significantly above chance (50%) in terms of category-level accuracy collapsed across Con-

gruency and Test manipulations. This resulted in a final sample size of n = 15.

Collapsing across Test (Cue+1 and Cue+2), I saw that accuracy was significantly greater

in the Congruent condition as compared to both the Unrelated (𝛽 = 0.3, SE = 0.08, z

= 3.96, p <.001) and Incongruent conditions (𝛽 = 0.21, SE = 0.08, z = 2.82, p = .010).
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There was no difference between the Incongruent and Unrelated conditions (𝛽 = 0.09, SE

= 0.07, z = 1.15, p = .251).

Despite no evidence for a Congruency by Test interaction (see Table 2.4), I assessed the

Congruency effect at Cue+1 and Cue+2 separately for completeness. After correction

for multiple comparisons there were no significant effects at Cue+1 at the category level.

When investigating the differences across the Congruency conditions at Cue+2 I found

that accuracy was higher in the Congruent condition relative to the Unrelated condition

(𝛽 = 0.35, SE = 0.11, z = 3.33, p = .003; H3) and relative to the Incongruent condition

(𝛽 = 0.25, SE = 0.11, z = 2.39, p = .034). There was no difference between the Incongruent

and Unrelated conditions (𝛽 = 0.1, SE = 0.1, z = 0.94, p = .347; H3). Overall, these results

suggest the presence of a congruency effect at the category level, however, there was no

indication of an effect due to schema incongruency.

2.2.2.3.2 Exemplar level

To be included in the exemplar-level retrieval analysis participants were required to be

significantly above chance (25%) in terms of exemplar-level accuracy collapsed across Con-

gruency and Test manipulations. This resulted in a final sample size of n = 18.

Collapsing across Test, neither the Congruent (𝛽 = 0.15, SE = 0.07, z = 2.12, p = .067)

nor the Incongruent condition (𝛽 = −0.08, SE = 0.07, z = -1.19, p = .232) differed

from the Unrelated baseline. However, there was a difference between the Congruent

and Incongruent conditions, with performance being worse in the Incongruent condition

(𝛽 = 0.23, SE = 0.07, z = 3.32, p = .003). Assessing Cue+1 and Cue+2 separately, there

were no significant effects at Cue+1 at the exemplar level. However, at Cue+2, I found that

accuracy was higher in the Congruent condition as compared to the Unrelated condition

(𝛽 = 0.26, SE = 0.1, z = 2.65, p = .016; H3) and the Incongruent condition (𝛽 = 0.34, SE =

0.1, z = 3.45, p = .002). These results provide some preliminary evidence of a congruency
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effect at the exemplar level. However, given that exemplar and category-level performance

are not independent in this design, I next moved on to investigate exemplar-level accuracy

while controlling for performance at the category level.

2.2.2.3.3 Conditional exemplar level

In this experiment, exemplar-level performance is conditional on category-level knowledge.

That is, chance performance at the exemplar level is 25% if the participant does not know

the correct category. However, if the participant knows the correct category, chance per-

formance at the exemplar level increases to 50%. To account for this, I analysed the

exemplar-level data while only including trials on which participants selected the correct

category. This allowed me to determine whether overall exemplar-level performance, and

any schema effects at the exemplar level, were purely driven by category-level accuracy.

To be included in the conditional exemplar-level analysis participants were required to be

above chance performance at the exemplar level when only considering trials on which

category-level information was accurately recalled (50%). This resulted in a final sample

size of n = 13.

Collapsing across Test, I observed that accuracy in the Incongruent condition was signifi-

cantly lower than accuracy in the Unrelated condition (𝛽 = −0.27, SE = 0.11, z = -2.43,

p = .045). However, this contrast was not significant when analysing Cue+1 and Cue+2

trials independently. All other comparisons were non-significant. This indicates that after

controlling for category-level performance there were no schema effects at the exemplar

level.
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Table 2.4: Summary of the mixed-effects model at retrieval for the category, exemplar, and
conditional exemplar-level analyses in Experiment 1. P-values are uncorrected
and therefore may differ from those in the text.

Level Fixed effect Estimate SE z p

Category Intercept 0.35 0.08 4.41 <.001

Congruent (vs. unrelated) 0.24 0.11 2.28 .023

Incongruent (vs. unrelated) 0.07 0.11 0.68 .494

Test (Cue+1 vs. Cue+2) -0.09 0.10 -0.89 .374

Congruent x Test 0.11 0.15 0.73 .463

Incongruent x Test 0.03 0.15 0.18 .859

Exemplar Intercept -0.49 0.09 -5.55 <.001

Congruent (vs. unrelated) 0.03 0.10 0.34 .733

Incongruent (vs. unrelated) -0.09 0.10 -0.88 .377

Test (Cue+1 vs. Cue+2) -0.18 0.10 -1.83 .068

Congruent x Test 0.23 0.14 1.64 .100

Incongruent x Test 0.01 0.14 0.04 .969

Conditional Exemplar Intercept 0.83 0.12 6.65 <.001

Congruent (vs. unrelated) -0.19 0.15 -1.26 .206

Incongruent (vs. unrelated) -0.20 0.16 -1.29 .197

Test (Cue+1 vs. Cue+2) -0.12 0.16 -0.75 .456

Congruent x Test 0.06 0.22 0.26 .798

Incongruent x Test -0.13 0.22 -0.60 .547
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Figure 2.3: Mean accuracy (%) at retrieval across the Congruency and Test manipulations
at (A) category level, (B) exemplar level, and (C) conditional exemplar level
in Experiment 1. Diamonds show the sample means. Density and scatter
plots show the distribution of participant means. Error bars represent 95%
confidence intervals. 71
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2.2.3 Discussion

In Experiment 1, I provided evidence that participants are able to use their prior knowledge

of sequence structure to make predictions regarding upcoming items. Notably, before

any schema violations, performance in the animacy categorisation task at encoding was

enhanced in both the Congruent and Incongruent conditions relative to the Unrelated

baseline. However, after the schema violation, performance was impeded in the Incongruent

condition resulting in accuracy and response times that were impaired relative to the

Unrelated baseline condition. Crucially, at test, these apparent predictions were followed

by evidence of a schema congruency effect. At the category level, retrieval accuracy was

greater in the Congruent condition as compared to the Unrelated condition. However, in

contrast to the prior literature on this topic, I saw no evidence of an incongruency advantage

in Experiment 1 and there was little evidence of any schema effects at the exemplar level.

What might explain the lack of an incongruency effect? It is thought that incongruency

advantages arise due to prediction errors triggered by unexpected events. However, in the

present study, as a participant sees more and more Incongruent trials, schema incongruency

may become somewhat expected, weakening any prediction errors. This problem may be

exacerbated by the fact that Experiment 1 contained an equal number of Congruent and

Incongruent trials, meaning that schema incongruency was just as common as schema con-

gruency. In the next experiment, I therefore tried to address this issue by introducing some

controls that were aimed at increasing the unexpectedness of the Incongruent trials. First,

I introduced extra congruent filler blocks to reinforce the congruent schemas throughout

the experiment and to make schema congruency more expected than schema incongruency.

I also implemented pseudo-randomisation of the blocks to ensure that large chunks of Incon-

gruent trials could not occur back-to-back, as large chunks of incongruency may reinforce

the idea that the schemas cannot be used to make accurate predictions. Finally, in Exper-

iment 1, it was possible for the very first blocks of the experiment to include Incongruent
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trials (and could potentially include only Incongruent and Unrelated sequences). Exposing

participants to Incongruent trials early in the experiment could potentially set a precedent

for the rest of the task, indicating to participants that the sequences do not conform to the

pre-learned structures. Therefore, in Experiment 2, I forced the first three blocks to only

include Congruent sequences in order to reinforce the idea that the sequences in the main

temporal order memory task conformed to the pre-learned structures.

It is also noteworthy that Experiment 1 saw a large number of exclusions due to poor

overall performance. To be included in any of the analyses, participants were required

to perform at an above chance level as determined by a one-tailed binomial test on their

trial-level data. Given the large number of trials per participant (150), this is by no means

a conservative criterion, and the lack of participants achieving this level of performance

suggests the task may be too difficult in general. As such, Experiment 2 aimed to improve

overall performance by reducing the length of the sequences from six items to four.

Overall, Experiment 2 had three aims: (1) replicate the schema congruency effects observed

in Experiment 1 in a pre-registered design (note, Experiment 1 was not pre-registered), (2)

try to induce an incongruency advantage by controlling the balance of Congruent and

Incongruent trials throughout the experiment, and (3) improve overall performance and

reduce the number of exclusions due to low accuracy by reducing the sequence length from

six items to four.
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2.3 Behavioural Experiment 2

2.3.1 Methods

2.3.1.1 Participants

Based on the data collected from n = 16 participants who were above chance at the category

level in Experiment 1, I ran a power analysis for generalised mixed-effects models using

the R package SIMR. From this, a sample size of N = 45 was determined, which gives 99%

power to detect a congruency effect assuming an effect size of at least d = 0.28 and 80%

power to detect an incongruency effect assuming an effect size of at least d = 0.12. Thus,

Experiment 2 had at least 80% power to detect a “small” effect (d < 0.20). For consistency

across experiments, all further behavioural experiments aimed for a sample size of N =

45.

Fifty-six participants were recruited via SONA systems. Two participants were excluded

for not being above chance at encoding or retrieval as determined by a one-tailed binomial

test. This left a final sample of N = 54 (44 females, 8 males, 2 prefer not to say; M ± SD

age in years = 19.74 ± 1.81). All participants were fluent English speakers with normal or

corrected-to-normal vision. Participants gave informed consent for the experiment, which

was approved by the Research Ethics Committee of the Department of Psychology, Uni-

versity of York. Participants were reimbursed for their time with either course credit or a

£15 Amazon voucher.

2.3.1.2 Procedure

Experiment 2 aimed to replicate the effects observed in Experiment 1 but had a few ad-

justments. Sequence length was reduced from six items to four in order to increase overall

performance. I also implemented some controls to try and promote the emergence of an
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incongruency advantage. Experiment 2 included 12 congruent filler blocks. Filler blocks

contained either two red and one blue sequence, or two blue and one red sequence, all of

which were schema-congruent. Filler blocks were pseudo-randomly spread throughout the

task making congruency more common than incongruency across the experiment. Filler

blocks were removed from the data prior to analysis. In addition to adding the filler blocks,

I also made it so that the first three blocks of the task were guaranteed to only include Con-

gruent and Unrelated sequences. I also pseudorandomised the remaining blocks to prevent

blocks containing two Incongruent trials from occurring back-to-back. This ensured that

throughout the experiment a participant could not see more than three Incongruent trials

before at least one Congruent trial would occur. Finally, during pre-learning, participants

were required to get ten sequences in a row correct (instead of six) before reaching criterion

and being tested.

Other than the shortening of the sequences from six items to four, and the implementa-

tion of the controls outlined above, Experiment 2 had an identical design to Experiment

1. There were 50 sequences for each Congruency condition spread across 50 experimen-

tal blocks. There were also 12 congruent filler blocks giving 18 blue and 18 red filler

sequences. In total, this gave 62 blocks in Experiment 2. The schemas at the animacy level

in Experiment 2 were as follows: (a) animate-inanimate-animate-inanimate (b) inanimate-

inanimate-animate-animate. As before, different participants saw different categories in

different positions and which categories a participant saw was counterbalanced across par-

ticipants.

It is also noteworthy that due to the reduction in sequence length, controls had to be put in

place regarding the order of the categories in the Unrelated condition. When using six-item

sequences there are 720 possible permutations of the six categories. As such, in Experiment

1, Unrelated sequences were simply the categories presented in a random order. Given the

large number of permutations, it was possible, but unlikely that the Unrelated sequence

could closely resemble one of the schemas. However, with four-item sequences there are
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only 24 possible permutations of the categories, meaning that it was highly likely that an

Unrelated sequence could closely resemble one of the schemas. To control for this, the

Unrelated sequences could only take one of six predetermined orders that were determined

to be distinct enough from the schemas such that knowledge of schema structure could not

enhance performance in the Unrelated condition. Despite this, participants were still told

that the yellow (Unrelated) sequences occurred in a random order.

The shortening of the sequences also had consequences for where I could cue from. In

Experiment 1, I used either the second or third item in the sequence as a cue. However,

with four-item sequences, it was not possible to cue using the third item as this would not

leave enough remaining categories to test both Cue+1 and Cue+2. Therefore, Experiment

2 cued participants with either the first or the second item in a sequence. Critically, this

meant that incongruency now occurred either on the second or third item in a sequence.

Finally, in Experiment 1, all foils at test came from different sequences from the same

study block. However, given the shortening of the sequences in Experiment 2, the number

of exemplars that could be selected from to be used as foils was reduced. This meant that

on a minority of trials in Experiment 2, it was possible for a foil exemplar to come from

the same sequence as the one being tested.

2.3.1.3 Analysis approach

The analysis approach used in Experiment 2 mirrored that used in Experiment 1 and was

pre-registered on the Open Science Framework (Exp 2 pre-registration).

76

https://doi.org/10.17605/OSF.IO/BKRZH


2 Schema Effects in Temporal Order Memory

2.3.2 Results

2.3.2.1 Pre-learning

I ran an analysis on trials-to-criterion in each session to assess whether participants were

retaining knowledge from the first pre-learning session. A paired t-test revealed that par-

ticipants required more trials to reach criterion in session 1 (M = 32.62, SD = 17.81) than

in session 2 (M = 22.75, SD = 11.57), t(54) = 3.49, p <.001, d = 0.66. This suggests that

participants had retained knowledge of the sequence schemas acquired during session 1.

2.3.2.2 Encoding

To be included in the encoding analyses participants were required to be significantly above

chance (50%) on the animacy judgement task. This resulted in a sample size of n = 51.

Once again, the data were filtered to only include the sequence items that were used as the

Cue and Cue+1 at test.

Mean accuracy and response times across the Congruency and Test manipulations can be

seen in Table 2.5. A full summary of the mixed-effects model at encoding in Experiment 2

can been seen in Table 2.6. The results of this analysis are plotted in Figure 2.4.
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Table 2.5: Mean accuracy and response times at encoding between Cue and Cue+1 across
the three Congruency conditions in Experiment 2. Standard deviations are
shown in parentheses.

Metric Congruency Cue Cue+1

Accuracy (%) Unrelated 75.65 (12.42) 83.25 (9.47)

Congruent 82.51 (11.52) 89.37 (8.28)

Incongruent 83.14 (10.41) 78.94 (9.82)

Response Time (ms) Unrelated 714.45 (55.3) 670.05 (62.8)

Congruent 666.24 (63.19) 615.97 (78.56)

Incongruent 665.3 (62.61) 658.26 (66.84)

2.3.2.2.1 Accuracy

First, I investigated whether accuracy differed as a function of Congruency on Cue trials

(where the categories were still congruent on both Congruent and Incongruent trials). Accu-

racy was significantly greater on Congruent (𝛽 = 0.52, SE = 0.09, z = 6.01, p <.001; prereg

H1) and Incongruent (𝛽 = 0.46, SE = 0.09, z = 5.24, p <.001) Cue trials as compared to

Unrelated Cue trials. This suggests that prior to any schema violations, prior knowledge

was being used to facilitate performance in the Congruent and Incongruent conditions.

I next assessed differences between the Congruency conditions at Cue+1 (after the change

had occurred in the Incongruent condition). Accuracy was significantly greater in the Con-

gruent condition as compared to both the Unrelated (𝛽 = 0.6, SE = 0.1, z = 6.14, p <.001;

prereg H1) and Incongruent conditions (𝛽 = 0.89, SE = 0.1, z = 8.73, p <.001). Crucially,

accuracy was now lower in the Incongruent condition as compared to the Unrelated condi-

tion (𝛽 = −0.29, SE = 0.09, z = -3.35, p <.001). Together, these results indicate that the

violation of the schemas at Cue+1 resulted in less accurate performance in the Incongruent

condition.
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In line with the comparisons above, there was also a significant Congruency by Test in-

teraction when comparing the Incongruent and Unrelated conditions (𝛽 = −0.75, SE =

0.1, z = -7.24, p <.001), however, there was no Congruency by Test interaction for the

Congruent vs. Unrelated comparison (𝛽 = 0.08, SE = 0.11, z = 0.7, p = .486).

I then compared Cue vs. Cue+1 within each Congruency condition. There was a signifi-

cant difference in all three comparisons. Performance significantly improved between Cue

and Cue+1 trials in both the Congruent (𝛽 = 0.53, SE = 0.1, z = 5.27, p <.001) and

Unrelated condition (𝛽 = 0.45, SE = 0.09, z = 5.12, p <.001). However, there was a

significant decrease in performance between Cue and Cue+1 in the Incongruent condition

(𝛽 = −0.3, SE = 0.09, z = -3.31, p <.001; prereg H2). This decrease in performance in

the Incongruent condition suggests that the schema violations perturbed ongoing cognitive

processing leading to reduced accuracy. However, it is unclear why I observed an increase

in performance in the Congruent and Unrelated conditions between Cue and Cue+1. This

may be a consequence of shortening the sequences in Experiment 2 and a more detailed

discussion of why this occurred is included in the discussion. Overall, this pattern of results

is highly consistent with the pattern of results observed in Experiment 1.

2.3.2.2.2 Response time

During Cue trials response times were significantly faster in the Congruent (𝛽 = −46.93,
SE = 6.23, z = -7.53, p <.001; prereg H1) and Incongruent (𝛽 = −48.76, SE = 5.46, z =

-8.93, p <.001) conditions as compared to the Unrelated trials. Once again this indicates

that prior to any schema violation, prior knowledge was facilitating performance in the

Congruent and Incongruent conditions.

I next assessed differences between the Congruency conditions at Cue+1 (after the change

had occurred in the incongruent condition). Response times were faster in the Congruent

condition as compared to both the Unrelated (𝛽 = −53.75, SE = 6.07, z = -8.86, p
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<.001; prereg H1) and Incongruent conditions (𝛽 = −42.58, SE = 4.99, z = -8.53, p

<.001). However, in contrast to my findings in the accuracy analysis, response times in

the Incongruent condition at Cue+1 were still faster than response times in the Unrelated

condition (𝛽 = −11.17, SE = 5.41, z = -2.06, p = .039). These results indicate that

response times were not significantly impacted by the schema violations at Cue+1.

Once again there was a significant Congruency by Test interaction when comparing the

Incongruent and Unrelated conditions (𝛽 = 37.59, SE = 6.74, z = 5.58, p <.001) but no

interaction when comparing the Congruent and Unrelated condition (𝛽 = −6.82, SE =

6.64, z = -1.03, p = .305).

Finally, when comparing response times between Cue and Cue+1 within each Congruency

condition I observed a significant increase in response speed in both the Congruent (𝛽 =
−50.25, SE = 5.73, z = -8.76, p <.001) and Unrelated conditions (𝛽 = −43.43, SE = 5.89,

z = -7.38, p <.001). However, in contrast to the accuracy analysis, there was no difference

in response times between Cue and Cue+1 in the Incongruent condition (𝛽 = −5.84, SE =

5.84, z = -1, p = .317; prereg H2). Overall, these results may suggest that, in contrast to

Experiment 1, there was no effect of incongruency on response times. However, I address

a potential explanation for this discrepancy in an exploratory analysis below.
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Table 2.6: Summary of the mixed-effects model at encoding for both accuracy and response
time in Experiment 2. P-values are uncorrected and therefore may differ from
those in the text.

Metric Fixed effect Estimate SE z/t p

Accuracy (%) Intercept 1.24 0.11 11.62 <.001

Congruent (vs. unrelated) 0.52 0.09 6.01 <.001

Incongruent (vs. unrelated) 0.46 0.09 5.24 <.001

Test (Cue vs. Cue+1) 0.45 0.09 5.12 <.001

Congruent x Test 0.08 0.11 0.70 .486

Incongruent x Test -0.75 0.10 -7.24 <.001

Response Time (ms) Intercept 713.29 7.68 92.83 <.001

Congruent (vs. unrelated) -46.93 6.23 -7.53 <.001

Incongruent (vs. unrelated) -48.76 5.46 -8.93 <.001

Test (Cue vs. Cue+1) -43.43 5.89 -7.38 <.001

Congruent x Test -6.82 6.64 -1.03 .305

Incongruent x Test 37.59 6.74 5.58 <.001
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Figure 2.4: (A) Mean accuracy (%) and (B) response time (ms) across the Congruency
and Test manipulations at encoding in Experiment 2. Diamonds show sample
means. Density and scatter plots show the distribution of participant means.
Error bars represent 95% confidence intervals.
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2.3.2.2.3 Exploratory encoding analysis

In Experiment 2, I saw that incongruency did not lead to an increase in response times

between Cue and Cue+1. This finding is not in line with my prediction that incongruency

should induce slower response times, nor the results from Experiment 1 where Incongruent

trials led to slower responses. This prediction is based on the notion that participants

should be using their prior knowledge to make predictions regarding upcoming categories.

However, it is important to highlight that participants are not making motor responses

to specific categories, but to the animacy (animate vs. inanimate) of those categories. In

Experiment 2, it was possible for an Incongruent Cue+1 trial to be incongruent at the

category and animacy level (e.g., building to plant). However, some trials were only in-

congruent at the category level (e.g., building to tool). In this case, although the category

differed, the motor response required would be the same as that required by a Congruent

sequence. Therefore, if predictions are primarily occurring at the animacy/motor response

level, this may account for the lack of an increase in response times between Cue and Cue+1

in the Incongruent condition. To investigate this, I ran a 2x2 ANOVA on the Incongru-

ent data with Test (Cue vs. Cue+1) and the type of Incongruency (Category+animacy

vs. Category-only) as predictors.

Accuracy

When considering the accuracy data, there was a main effect of Incongruency, F(1, 50) =

54.37, p <.001, 𝜂2 = 0.19 and a significant Test by Incongruency interaction, F(1, 50) =

59.59, p <.001, 𝜂2 = 0.15. However, there was no main effect of Test, F(1, 50) = 0.77, p

= .384, 𝜂2 < .01.

I then ran pairwise t-tests to investigate the differences between Cue and Cue+1 within

each Incongruency type. When incongruency occurred at both the category and animacy

levels, accuracy decreased at Cue+1 (M = 71.9%, SD = 14.15%) relative to at Cue (M =

82.59%, SD = 12.15%), t(50) = -5.14, p <.001, d = -0.81. However, when incongruency
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only occurred at the category level, accuracy increased at Cue+1 (M = 92.62%, SD =

8.14%) relative to at Cue (M = 84.2%, SD = 10.88%), t(50) = 5.81, p <.001, d = 0.88.

Response time

When considering the response time data, there was a main effect of Test, F(1, 50) = 5.24,

p = .026, 𝜂2 = 0.01, a main effect of Incongruency, F(1, 50) = 56.43, p <.001, 𝜂2 = 0.13,
and a significant Test x Incongruency interaction F(1, 50) = 76.23, p <.001, 𝜂2 = 0.09.

When breaking the model down, I found that when Cue+1 was incongruent at both the

category and animacy level, response times were significantly slower at Cue+1 (M = 699.92

ms, SD = 57.05 ms) than at Cue (M = 670.12 ms, SD = 69.57 ms), t(50) = 3.58, p <.001,

d = 0.47. Moreover, response times at Cue+1 (M = 598.75 ms, SD = 90.23 ms) were faster

than at Cue (M = 658.01 ms, SD = 71.39 ms) when Cue+1 was incongruent at only the

category level, t(50) = -7.31, p <.001, d = -0.73.

Overall, these findings are in line with the interpretation that predictions in the encoding

task are primarily occurring at the animacy and/or motoric level and explain why I failed

to see slower response times at Cue+1 in the main encoding analysis.

2.3.2.3 Retrieval

Mean accuracy across the Congruency and Test manipulations at retrieval in Experiment

2 can be seen in Table 2.7. A full summary of the mixed-effects model at retrieval can be

seen in Table 2.8. The results of this analysis are plotted in Figure 2.5.
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Table 2.7: Mean percentage accuracy at retrieval between Cue+1 and Cue+2 across the
three Congruency conditions at the category, exemplar, and conditional exem-
plar level in Experiment 2. Standard deviations are shown in parentheses.

Level Congruency Cue+1 Cue+2

Category Unrelated 63.43 (10.72) 66.94 (8.64)

Congruent 67.35 (8.34) 68.53 (9.23)

Incongruent 62.2 (11.11) 65.35 (9.49)

Exemplar Unrelated 44.98 (13.97) 45.47 (13.7)

Congruent 47.59 (12.53) 46.12 (11.88)

Incongruent 45.55 (14.08) 43.18 (13.69)

Conditional Exemplar Unrelated 73.74 (11.23) 70.92 (12.51)

Congruent 73.83 (11.33) 70.02 (10.62)

Incongruent 75.09 (12.11) 69.35 (12.5)

2.3.2.3.1 Category level

To be included in the category-level retrieval analysis participants were required to be

significantly above chance (50%) in terms of category-level accuracy collapsed across Con-

gruency and Test. The final sample for the category analysis was n = 49. Note that

this sample size is greater than the pre-registered n = 45. These extra participants were

already recruited when n = 45 was reached due to the multi-day nature of the study and

uncertainty as to how many participants would be above chance.

Collapsing across Test, I saw that accuracy at the category level was greater in the Con-

gruent condition relative to the Unrelated (𝛽 = 0.12, SE = 0.05, z = 2.46, p = .028) and

Incongruent conditions (𝛽 = 0.18, SE = 0.05, z = 3.34, p = .002), however, there was no

difference between the Incongruent and Unrelated condition (𝛽 = −0.06, SE = 0.05, z =

-1.3, p = .193).
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Despite there being no evidence of a Congruency by Test interaction, for completeness I

investigated effects at Cue+1 and Cue+2 separately. At Cue+1, category-level accuracy

was greater on Congruent trials than Unrelated trials (𝛽 = 0.18, SE = 0.07, z = 2.66, p =

.016; prereg H3) and Incongruent trials (𝛽 = 0.23, SE = 0.07, z = 3.25, p = .003). However,

there was no difference between the Incongruent and Unrelated condition (𝛽 = −0.05, SE

= 0.06, z = -0.81, p = .416; prereg H3). At Cue+2, there were no significant differences.

These results indicate the presence of a schema congruency effect at the category level,

however, there appears to be no effect of incongruency.

2.3.2.3.2 Exemplar level

To be included in the exemplar-level retrieval analysis participants were required to be

significantly above chance (25%) in terms of exemplar-level accuracy collapsed across Con-

gruency and Test manipulations. This resulted in a sample size of n = 49

When investigating effects collapsed across Test, accuracy was greater in the Congruent

condition as compared to the Incongruent condition (𝛽 = 0.11, SE = 0.05, z = 2.3, p =

.064). However, no other comparisons were significant. Moreover, there were no significant

effects at the exemplar level when Cue+1 and Cue+2 were analysed independently. Overall,

these results suggest that there were no schema effects at the exemplar level.

2.3.2.3.3 Conditional exemplar level

To be included in the conditional exemplar level analysis participants were required to

be above chance performance at the exemplar level when only considering trials on which

category-level information was accurately recalled (50%). This resulted in sample size of

n = 39. There were no significant effects in any of the conditional exemplar-level analyses

with p > .15 in all cases after correction for multiple comparisons.
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Table 2.8: Summary of the mixed-effects model at retrieval for the category, exemplar and
conditional exemplar-level analyses in Experiment 2. P-values are uncorrected
and therefore may differ from those in the text.

Level Fixed effect Estimate SE z p

Category Intercept 0.57 0.06 9.02 <.001

Congruent (vs. unrelated) 0.18 0.07 2.66 .008

Incongruent (vs. unrelated) -0.05 0.06 -0.81 .416

Test (Cue+1 vs. Cue+2) 0.16 0.06 2.61 .009

Congruent x Test -0.10 0.09 -1.19 .235

Incongruent x Test -0.02 0.09 -0.21 .831

Exemplar Intercept -0.21 0.08 -2.49 .013

Congruent (vs. unrelated) 0.11 0.06 1.77 .076

Incongruent (vs. unrelated) 0.02 0.06 0.39 .698

Test (Cue+1 vs. Cue+2) 0.02 0.06 0.36 .722

Congruent x Test -0.08 0.08 -0.99 .321

Incongruent x Test -0.12 0.08 -1.47 .141

Conditional Exemplar Intercept 1.08 0.10 10.68 <.001

Congruent (vs. unrelated) -0.14 0.09 -1.54 .123

Incongruent (vs. unrelated) 0.02 0.09 0.21 .837

Test (Cue+1 vs. Cue+2) 0.09 0.09 0.99 .321

Congruent x Test -0.07 0.13 -0.53 .599

Incongruent x Test -0.17 0.13 -1.36 .175

87



2 Schema Effects in Temporal Order Memory

Figure 2.5: Mean accuracy (%) at retrieval across the Congruency and Test manipulations
at (A) category level, (B) exemplar level, and (C) conditional exemplar level
in Experiment 2. Diamonds show the sample means. Density and scatter
plots show the distribution of participant means. Error bars represent 95%
confidence intervals. 88
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2.3.2.3.4 Exploratory retrieval analysis

The results at retrieval in Experiment 2 suggest the presence of a congruency advantage at

the category but not exemplar level. Although this does indeed indicate that the schemas

are modulating performance in some way, it is not clear whether this modulation is occur-

ring at encoding or retrieval. Given that the schemas concern the order of the categories,

it is possible to use schema knowledge to aid performance at the point of retrieval. For

example, if I know that building predicts dog, and I am cued with a building, I can use my

knowledge of the schemas at retrieval to know that I should pick an image of a dog. This

could produce the observed congruency advantage at the category level without any need

for encoding-based schema processes.

I therefore considered ways to assess whether the observed congruency advantage was driven

by encoding-based or retrieval-based processes. One way of assessing whether schema

knowledge is being used at retrieval is to investigate how the foils used at test modulate

performance. It is possible for a foil being used to test a sequence from one schema

(schema A) to match what a sequence from the other schema (schema B, that is not being

tested) would predict. For example, the schemas could be: (schema A) face-building-dog-

car, (schema B) building-car-face-dog. Assuming we were testing schema A, the participant

could be cued with building and required to recall dog. However, it is possible for the foil

category in this case to be car, which is what schema B would predict. If participants were

using the schemas to facilitate performance at the point of retrieval, we might expect foils

that match what the other schema would predict to modulate performance in some way

(if participants are not fully aware of which schema is being tested). For example, when

testing a Congruent trial, if the foil category matches what the opposite schema would

predict, this may negatively impact performance as both the target and the foil category

are potentially correct responses based on the schemas.

To test this, I ran an exploratory analysis on category-level accuracy at Cue+1 at each
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level of Congruency. For each trial, I took the Cue used and determined whether the foil

category at Cue+1 matched what the opposite schema would predict. For example, if a

participant was being tested on a sequence that used the red schema, the opposite schema

would be the blue schema. I then used a t-test to determine whether accuracy could be

predicted depending on whether the foil matched what the opposite schema would predict.

The results of these analyses are plotted in Figure 2.6.

In the Congruent condition I found that when a foil matched what the opposite schema

would predict (M = 66.53%, SD = 12.65%) this did not significantly impact performance

as compared to when the foil was not a prediction of the opposite schema (M = 67.69%,

SD = 10.38%), t(48) = -0.51, p = .614, d = -0.1. Likewise, I found no difference in accuracy

in the Incongruent condition when the foil did (M = 66.88%, SD = 22.07%) or did not

match (M = 61.51%, SD = 11.2%) what the opposite schema would predict t(48) = 1.83,

p = .074, d = 0.31. However, in the Unrelated condition I found that performance was

modulated by the foil used. Specifically, I saw that accuracy was decreased when a foil

matched (M = 61.77%, SD = 11.76%) what either the red or blue schema would predict

relative to when the foil did not match (M = 65.77%, SD = 13.59%) the prediction of

either of these schemas t(48) = -2.1, p = .041, d = -0.31.

Overall, this analysis suggests that, at least in the Congruent and Incongruent conditions,

the nature of the foils used at test did not tend to impact performance. This finding

does not clearly align with a model that suggests the schema effects in this study are

purely driven by retrieval-based mechanisms. I discuss these results in more detail in the

discussion below.
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Figure 2.6: Accuracy at the category level on Cue+1 trials broken down by whether the
foil category matched what would be predicted by a schema that was not being
tested on that trial. Bars show the sample means. Scatter plots show the dis-
tribution of participant means. Error bars represent 95% confidence intervals.

2.3.2.4 Experiment 2 Discussion

Experiment 2 successfully replicated the main findings from Experiment 1. Participants

showed enhanced reaction times and accuracy at encoding in both the Congruent and

Incongruent conditions relative to the Unrelated baseline at Cue, before any violation

occurred in the Incongruent condition. At Cue+1, accuracy decreased in the Incongruent

condition. However, in contrast to Experiment 1, there was no difference in response time

between Cue and Cue+1 in the Incongruent condition.

At retrieval, the congruency advantage at the category level was present at Cue+1 suggest-

ing that this congruency advantage is a robust phenomenon. Notably, as in Experiment

1, there was no effect of incongruency on memory retention. This indicates that the lack

of an incongruency advantage in Experiment 1 was not due to poorer overall performance

due to the six, rather than four-item sequences. In addition, this suggests that the rela-
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tive frequency of Congruent and Incongruent sequences in Experiment 1 (equal numbers

of each) was not responsible for the lack of an incongruency effect. Experiment 2 con-

tained congruent filler blocks, making congruency more common than incongruency, and

an incongruency effect was still not observed.

Exploratory analyses were conducted on both the encoding and retrieval data. These indi-

cated that predictions at encoding were primarily occurring at the animacy, not category

level, and that retrieval-based strategies may not fully account for the congruency advan-

tage observed at Cue+1. The implications of these analyses are discussed in more detail

in the discussion section below.

2.3.3 Discussion

Across two experiments I investigated whether schema effects could be observed in a tem-

poral order memory paradigm in which a core feature of the schema was the chronology of

events. After participants were trained on the sequence schemas, I found that knowledge

of these schemas facilitated accuracy and response times during encoding. Moreover, the

violation of these schemas in the Incongruent condition at encoding led to a reduction in

accuracy and increases in response times. Together these results suggest that the schemas

were indeed being used to make predictions of upcoming events. At retrieval, I observed

schema congruency effects for the temporal order of the categories in a sequence. However,

there was no effect of congruency at the exemplar level and there was no effect of incon-

gruency in any of the retrieval analyses. Existing neurocognitive models of schema effects

in memory suggest that schema effects emerge due to encoding-based processes. However,

the present results may be more in line with the use of schemas at retrieval instead.
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2.3.3.1 Interpretation of encoding results

In the encoding analyses I set out to investigate whether I could index behavioural evidence

of ongoing temporal predictions during sequence encoding. Overall, the results support this

hypothesis suggesting that prior knowledge can be used to predict upcoming events in this

paradigm. Moreover, these predictions were followed by enhanced recollection for the pre-

dictable schema-congruent sequences. This is in line with a model that suggests schema

effects emerge due to the modulation of encoding-based processes via ongoing predictions.

However, it must be noted that although these predictions did occur prior to a boost in

memory at retrieval, this study does not provide direct evidence that the congruency ad-

vantage was necessarily induced by the affirmation of these predictions. Notably, I also

observed that accuracy and response times were degraded in the Incongruent condition at

Cue+1 relative to during Cue trials. Again, this is in line with the notion that participants

were making predictions of upcoming items in a sequence and that the violation of these

predictions impeded performance. However, contrary to what was observed in the Congru-

ent condition, there was no evidence of a memory advantage in the Incongruent condition

at retrieval.

This research provides evidence that predictability at encoding can precede enhanced mem-

ory for schema-congruent events. However, an important consideration here is at what

level these predictions are occurring. The schemas used in the present study contained

information regarding the order of the sequences at both the category level (e.g., face-

building-dog-car) and animacy level (e.g., animate-inanimate-animate-inanimate). Impor-

tantly, predictions at encoding were assessed based on judgements at the animacy level,

raising the question as to whether predictions were being made with regards to the cate-

gories as well. The exploratory analysis on this suggests that impairments in performance

at Cue+1 in the Incongruent condition were a consequence of incongruency at the animacy

level and provided little evidence that incongruency at the category level impacted perfor-
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mance. This indicates that predictions may primarily be occurring at the animacy level

with motor response options being made before any semantic assessment of the category.

Nevertheless, this analysis only concerned performance between Cue and Cue+1 in the

Incongruent condition and thus it cannot be ruled out that predictions at the category

level were occurring, especially under schema-congruent circumstances. Further research

is required to fully establish whether ongoing neural predictions are taking place at the

category level, a question I aim to address with the use of neuroimaging in a later chapter.

In Experiment 2, I also observed an increase in accuracy and a reduction in response times

between Cue and Cue+1 in the Congruent and Unrelated conditions. There is no clear

theoretical explanation for why this would occur, however, this may be a consequence of

the shortening of the sequences in Experiment 2. All sequences in Experiment 2 consisted

of two animate and two inanimate categories. Hence, once a participant knows the animacy

of the first category, the animacy of the following categories becomes somewhat predictable.

For example, if the first category is animate, then there is a two thirds chance that the

next category will be inanimate (as the following three categories have to consist of one

animate and two inanimate categories). Therefore, even in sequences where the order of the

categories is unpredictable (i.e., the Unrelated condition), the animacy of those categories

can become more and more predictable as a sequence progresses. Importantly, despite this

anomalous finding, overall performance in the Congruent condition was still higher than

in the Unrelated condition, and incongruency still led to a reduction in accuracy between

Cue and Cue+1. Therefore, this increase between Cue and Cue+1 in the Congruent and

Unrelated conditions does not impact our overall conclusions that the schemas could be

used to make predictions of upcoming categories.
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2.3.3.2 Retrieval vs. encoding-based accounts of schema effects at retrieval.

SLIMM predicts that during the perception of an event, encoding is modulated based on

how the experience relates to existing schemas. The observation of a congruency effect

at the category level is potentially in line with this model. However, it is notable that

schemas may also exert influence at the point of retrieval. That is, although the original

instance may not have been encoded sufficiently to facilitate accurate recall at test, the

correct response can still be deduced in some cases via recall of the schema itself. Using

a restaurant schema as an example, although an individual may not remember specific

details regarding a visit to a restaurant, they could still use their schemas to infer that

they were seated at their table before they received their food. In the present paradigm,

schemas relate to the order of the categories in a given context. Therefore, knowledge of

the temporal order of the categories in the schema could be used to enhance category-level

performance at the point of retrieval. If you know from your schemas that face is reliably

followed by dog, then when you are cued with a face, you can accurately select a dog as the

subsequent category despite having no memory for the encoding instance. For encoding-

based processes to become necessary to explain results in the current study, I would need to

observe an incongruency effect at the category level, or a congruency and/or incongruency

effect at the exemplar level. However, I did not see any of these effects.

Greve et al. (2019) highlight how the use of so-called generate-and-recognise strategies at

retrieval can influence schema effects. If a participant does not know the correct response,

they may retrieve a plausible response from memory based on their schemas, and then

recognise whether this would be an accurate response in the current context. Crucially, this

in turn can impact the emergence of incongruency effects. Under a circumstance in which

a participant does not know the correct answer in the Incongruent condition, they may fall

back on their knowledge of the schema to try and select the correct category. Notably, in

the Incongruent condition, this may actually result in a detriment in performance if the foil
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used is schema-congruent, as this would result in them selecting the foil category. Indeed,

Greve et al. (2019) highlight that the ability to utilise schemas at the point of retrieval

may help to explain why many studies observe a congruency advantage but fail to see an

effect of incongruency.

However, my exploratory analyses on the foils used at retrieval provide some evidence that

retrieval-based mechanisms may not fully account for our observed pattern of results. If the

effects were purely driven by retrieval-based mechanisms such as generate-and-recognise,

then when a foil is congruent with what another schema would predict, this should have

a negative impact on performance, as a participant may be more likely to select that foil

(provided they don’t know which schema to retrieve). However, I saw that in both the

Congruent and Incongruent conditions, the nature of the foils had no significant impact on

performance. Interestingly, however, performance was worse in the Unrelated condition

when a foil matched what a Congruent schema would predict. Given that this detriment oc-

curred in the Unrelated condition but not in the Congruent or Incongruent conditions, this

may indicate generally poorer encoding in the Unrelated condition resulting in a greater

reliance on retrieval-based strategies at test. Overall, this analysis provides at least some

evidence that retrieval-based strategies were not routinely employed at test; and given that

retrieval and encoding-based strategies are not mutually exclusive, this indicates the possi-

bility that encoding-based mechanisms may have contributed to these effects. Nonetheless,

this analysis is not conclusive, and retrieval-based mechanisms are still likely to be a major

contributing factor to the observed results. Further studies are required to try and estab-

lish whether encoding-based mechanisms are contributing to memory in this paradigm. For

example, a congruency effect at the exemplar level or an incongruency effect at either level

would be difficult to explain via retrieval-based mechanisms. The next section discusses

why we may not have observed an incongruency effect and how future studies can try and

address this issue.
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2.3.3.3 Lack of an incongruency effect

Previous research suggests that schema-incongruent events should be remembered better

than events that are unrelated to our existing schemas. However, across two experiments

I failed to observe any incongruency advantage. Why might this be? Incongruency effects

are believed to be a consequence of prediction errors triggered by unexpected events. Based

on mathematical models of learning, the extent of learning is proportional to the size of

this prediction error (Rescorla & Wagner, 1972). As such, one simple explanation for the

lack of an incongruency effect in this study is a failure to produce a prediction error that

was large enough to potentiate learning. The paradigm used here is quite abstract and

the reordering of arbitrary categories in this way may simply not be that surprising. This

problem may be exacerbated further given that the schemas were pre-trained over only

two sessions. Although this provides some period for the knowledge to be consolidated,

research suggests that the construction of a unified schema in memory is dependent on slow-

wave sleep (Durrant et al., 2011), and it may be that several offline consolidation periods

are required before a schema is established enough for its violation to become particularly

surprising. However, incongruency effects have been observed in studies that have used

shorter consolidation periods than the present study (Greve et al., 2019), indicating that

this is unlikely to be the reason why I did not observe one.

It should also be noted that the studies presented in this chapter used overlapping schemas.

That is, both schemas used the same categories but presented in different orders. This could

potentially lead to interference between the schemas making it more difficult to make

accurate predictions of upcoming items. For example, in the red schema, face may be

followed by building, however, in the blue schema, face may be followed by dog. Therefore,

interference may result in poor pattern separation and difficulties in accurately predicting

the next item. As such, future studies may benefit from constructing each schema from

entirely unique categories in order to reduce any ambiguities as to what each category
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predicts.

Another potential explanation for the lack of an incongruency effect may come from the

nature of the predictions taking place. Davachi & DuBrow (2015) have suggested that when

a sequence is learned through repetition, this results in the construction of a predictive

code in the hippocampus. When a sequence is encountered numerous times, enhanced

hippocampal activity can be observed during sequence perception. This increase in activity

has been hypothesised to be indicative of hippocampal pattern completion, the process by

which a partial cue from an episode can result in the holistic recollection of the entire

event (Horner et al., 2015; Marr, 1971; Nakazawa et al., 2002; Rolls, 2013). Thus, it may

be possible that as an individual views a sequence they are predicting the next item in

the sequence. For example, if you know from your schemas that face is reliably followed

by dog, you may be predicting dog either during the presentation of face or during the

inter-stimulus interval between the two stimuli. However, it is also possible that when you

begin to view a sequence there is holistic reactivation of the entire sequence representation,

such that all upcoming elements of the sequence are somewhat pre-activated. Such a model

would be in line with models of temporal difference learning that suggest that upcoming

events are modeled using a cache, with information concerning all upcoming items being

stored in the cache at any given time, but with more proximate items being represented

more strongly (Dayan, 1993).

If holistic reactivation of this sort does occur, then although stimuli are presented in a

different order in the Incongruent condition, these stimuli are still somewhat predicted

and therefore no strong prediction error may be produced. Further studies in the coming

chapters will attempt to address this hypothesis by investigating whether different forms

of surprise (other than temporal reordering) influence the emergence of incongruency ad-

vantages. For example, rather than introducing incongruency effects by reordering existing

elements of a sequence, incongruency could be triggered by introducing categories that are

completely unexpected in a given context. If incongruency effects could be observed in a
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such a case this would provide evidence for a model in which predictive representations con-

tain information regarding multiple upcoming categories, rather than individual sequence

elements being predicted one at a time.

2.3.3.4 Conclusion

In this chapter, I have successfully developed a temporal order memory task that produces

schema congruency effects at the category level. Moreover, these congruency effects are

preceded by evidence of ongoing predictions during encoding, indicating that predictions

during encoding may contribute to congruency effects at retrieval. Crucially, however, the

congruency effects observed at retrieval may not require encoding-based mechanisms to be

explained and may be explicable via the use of retrieval-based strategies instead. Given

that many models propose that encoding-based mechanisms play an integral role in the

generation of schema effects, the next experimental chapter will attempt to find evidence

of encoding-based mechanisms in this paradigm. This will be done by (a) using non-

overlapping schemas (Experiment 3), and (b) varying the form of violation (Experiment

4).
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Violations

3.1 Introduction

In the previous chapter, I was able to demonstrate schema congruency effects for temporal

order memory of four-item sequences. Notably, however, I did not see any indication of a

schema incongruency effect. Given the strong evidence that incongruency can drive learn-

ing, the following chapter aimed at investigating what factors may influence the emergence

of incongruency effects in this paradigm. As I see it, there are two predominant reasons

why I may not have observed incongruency effects in the previous experiments. First, Ex-

periments 1 and 2 used overlapping schemas. Both schemas contained the same categories

presented in different orders. This meant that transitions from one category to the next,

although technically predictable, were somewhat ambiguous, and predictions in one schema

were susceptible to interference from knowledge of the other schema’s structure. This could

have inhibited the participants’ ability to make reliable predictions, preventing learning via

prediction error signals. Second, thus far, I have been working on the assumption that pre-

dictions of upcoming categories occur in a chain-like manner. For example, if a sequence

is made up of the categories face-building-dog-car then participants will predict face first,

then building, then dog, and then car, in a category-by-category manner as the sequence

unfolds. Under this assumption, the change in the temporal order of the categories should
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conflict with the participant’s current prediction, resulting in a prediction error that could

enhance learning. However, rather than chaining predictions for each individual category,

participants could have a more holistic prediction concerning all categories that are ex-

pected throughout the sequence. That is, predictions could be occurring multiple steps

into the future, rather than at the level of individual categories, with predictive representa-

tions containing information about all upcoming categories. If this were the case, temporal

reordering may not trigger a strong prediction error because although the category occurs

in an unexpected position it is still included in the current prediction of what items are

expected to occur.

Across the two Experiments in this chapter, I investigated these two possibilities. Experi-

ment 3 adopted the same design as Experiment 2, however, the schemas were constructed

of unique categories with no overlap in the content of the two schemas. This meant that

any given category only ever predicted one other, rather than predicting different things in

different contexts. For example, the schemas could be face-building-dog-tool, and, furniture-

car-plant-inesct, such that each category only ever predicts one other category (e.g., build-

ing always predicts dog and nothing else). In theory, this should enhance a participant’s

ability to predict what is coming next in a sequence, increasing the likelihood of a strong

prediction error that could drive learning in the Incongruent condition.

Note, Experiments 3 and 4 are presented in the opposite order to which they were actually

conducted. That is, data collection and analysis for Experiment 3 was conducted after

Experiment 4 had been completed. I have altered their order here for narrative purposes.

This change does not alter the interpretation or implications of the experimental results.
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3.2 Behavioural Experiment 3

3.2.1 Methods

3.2.1.1 Participants

Fifty participants were recruited via SONA systems. Two participants were excluded be-

cause they did not attend session 2, resulting in a final sample of 48 participants (39 females,

9 males; M ± SD age in years = 21.85 ± 4.23). All participants were fluent English speak-

ers with normal or corrected-to-normal vision. Participants gave informed consent for the

experiment, which was approved by the Research Ethics Committee of the Department of

Psychology, University of York. Participants were reimbursed for their time with either

course credit or a £15 Amazon voucher.

3.2.1.2 Procedure

The main aim of Experiment 3 was to replicate the findings of Experiment 2 but under

conditions in which predictions are unlikely to be perturbed due to interference between

overlapping schemas. To achieve this, I implemented the same design as that used in

Experiment 2 that used four-item sequences. The key difference in Experiment 3 was

that each schema was constructed of unique categories that never occurred in the opposite

schema. For example, the schemas for a given participant could be: (red) face-building-

dog-tool, (blue) furniture-car-plant-insect. The animacy structure of the schemas was kept

the same as Experiment 2: (red) animate-inanimate-animate-inanimate, (blue) inanimate-

inanimate-animate-animate. Incongruency was still defined as a reordering of the remaining

categories after the Cue. The differences in design between Experiments 2 and 3 can be

seen in Figure 3.1.
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A notable change in Experiment 3 was that the Unrelated sequences could now contain

any of the eight categories presented in a pseudo-random order. Participants were told

that these sequences were random, however, these sequences were carefully constructed to

ensure that they provided the foils needed at test. For example, in a block that contained

a red, blue and yellow sequence, the lack of any overlap between the red and blue schemas

meant that they could not provide foils for each other at test. If a block contained a red

sequence consisting of face-building-dog-tool and a blue sequence consisting of furniture-car-

plant-insect, both of which were using their second item as the Cue, it would be necessary

to test participants on their memory for a dog, a tool, a plant, and an insect. As such, the

Unrelated sequence was forced to include a dog, a tool, a plant, and an insect to ensure the

necessary foils were available at test.

The new structure of the Unrelated sequences potentially makes them somewhat pre-

dictable. As such, I also administered a post-experimental questionnaire asking partici-

pants about any strategies they were using to try and remember the sequences and what

they thought the experimental manipulation was. A qualitative review of the question-

naires indicated that the majority of participants noticed the incongruency manipulation

(n = 33) and that the sequences did not always conform to the pre-learned structures. De-

spite this, there was little indication that any of the participants gained explicit knowledge

of predictability in the Unrelated sequences or tried to employ any strategies based on this

predictability.

Due to the lack of overlap between the schemas it was also no longer possible to have

congruent filler blocks that contained both red and blue sequences (e.g., red-red-blue) as

there would not be any foils for the sequence that only occurred once. As such, congruent

filler blocks in this chapter contained three of only one type of sequence (i.e., red-red-red

or blue-blue-blue). The number of filler blocks was also increased to fourteen, giving 21 red

and 21 blue filler sequences in total. This meant Experiment 3 had 64 blocks in total, 50

of which were included in the final analysis.
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3.2.1.3 Analysis approach

The analysis approach used in Experiment 3 mirrored that used in Experiment 2 and was

pre-registered on the Open Science Framework (Exp 3 pre-registration).

Figure 3.1: The differences in design between Experiments 2 and 3. In Experiment 2, all
sequences were created from the same four categories presented in different
orders. The red and blue schemas therefore had overlapping categories that
differed in temporal order. This could make it harder to make accurate pre-
dictions because the same category could predict different things in different
contexts. For example, in the red schema, building predicts dog, however, in
the blue schema, building predicts tool. In Experiment 2, the yellow Unrelated
sequences contained the same four categories as the Congruent red and blue
sequences but were presented in one of six pre-determined orders that were
distinct enough from the schemas such that schema knowledge could not fa-
cilitate performance on Unrelated trials. In Experiment 3, the schemas were
constructed of unique, non-overlapping categories. As such, each category only
ever predicted one other category. In Experiment 3, the Unrelated condition
could now contain any of the eight categories.
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3.2.2 Results

3.2.2.1 Pre-learning

First, I ran a trials-to-criterion analysis on the pre-learning data to establish whether

participants were reaching criterion faster in session 2 than in session 1. Many participants

were at ceiling in session 1 (n = 32), resulting in a violation of normality of differences. As

such, median and interquartile range values are reported with a Wilcoxon test. In contrast

to my previous experiments, I found that there was no significant difference between the

number of trials to reach criterion in session 1 (Median = 22, IQR = 3.5) and session 2

(Median = 22, IQR = 0), V = 183.5, p = .346, r = 0.17. The lack of a difference here is

likely a consequence of the new experimental design, in which the schemas were constructed

of non-overlapping categories. This is likely to have made the task easier, resulting in a

large number of participants at ceiling in session 1.

3.2.2.2 Encoding

To be included in the encoding analyses participants were required to be significantly above

chance (50%) on the animacy judgement task. As such, the sample size for this analysis

was n = 46. For the encoding analysis, the data were filtered to only include items that

were used as the Cue and Cue+1 at test.

Mean accuracy and response times across the Congruency and Test manipulations can be

seen in Table 3.1. A full summary of the mixed-effects model at encoding in Experiment 1

can been seen Table 3.2. The results of the encoding analysis are plotted in Figure 3.2.
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Table 3.1: Mean accuracy and response times at encoding between Cue and Cue+1 across
the three Congruency conditions in Experiment 3. Standard deviations are
shown in parentheses.

Metric Congruency Cue Cue+1

Accuracy (%) Unrelated 75.04 (15.83) 82.17 (12.74)

Congruent 85.65 (14.07) 90.09 (9.46)

Incongruent 83.78 (13.69) 78.61 (9.97)

Response Time (ms) Unrelated 702.03 (60.48) 675.95 (74.7)

Congruent 630.57 (84.64) 618.06 (79.77)

Incongruent 632.45 (77.83) 678.87 (69.59)

3.2.2.2.1 Accuracy

When investigating whether accuracy differed as a function of Congruency on Cue trials

(where the categories were still congruent on both the Congruent and Incongruent trials)

I found that accuracy was significantly greater in the Congruent (𝛽 = 0.78, SE = 0.08, z

= 9.58, p <.001; prereg H1) and Incongruent (𝛽 = 0.62, SE = 0.08, z = 7.81, p <.001)

conditions on Cue trials as compared to the Unrelated Cue trials. This suggests that par-

ticipants were able to use their prior knowledge of sequence structure to facilitate accurate

responses.

I then assessed differences between the Congruency conditions at Cue+1 (after the change

had occurred in the Incongruent condition). Accuracy was greater in the Congruent con-

dition as compared to the Unrelated (𝛽 = 0.72, SE = 0.09, z = 7.91, p <.001; prereg H1)

and Incongruent conditions (𝛽 = 0.96, SE = 0.09, z = 10.84, p <.001). Performance in the

Incongruent condition at Cue+1 was significantly lower than performance in the Unrelated

condition (𝛽 = −0.24, SE = 0.08, z = -3.16, p = .002). This suggests that the Incongruent

trial at Cue+1 had a negative impact on performance.
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In line with the above findings, the main model output showed that there was a significant

Congruency by Test interaction for the Incongruent vs. Unrelated comparison (𝛽 = −0.86,
SE = 0.11, z = -7.81, p <.001), however, this interaction was not present for the Congruent

vs. Unrelated comparison (𝛽 = −0.06, SE = 0.12, z = -0.53, p = .599).

When investigating differences between Cue and Cue+1 in each Congruency condition, I

found that there was a significant increase in accuracy between Cue and Cue+1 in the

Congruent (𝛽 = 0.32, SE = 0.12, z = 2.71, p = .007) and Unrelated conditions (𝛽 = 0.38,
SE = 0.1, z = 3.77, p <.001). However, there was a significant decrease in accuracy from

Cue to Cue+1 in the Incongruent condition (𝛽 = −0.48, SE = 0.1, z = -4.6, p <.001; prereg

H2). Again, this indicates that the violation of the schemas at Cue+1 disrupted perfor-

mance in the Incongruent condition, potentially due to a disruption of ongoing predictions

of upcoming events.

3.2.2.2.2 Response time

During Cue trials, response times were significantly faster in the Congruent (𝛽 = −72.83,
SE = 6.98, z = -10.44, p <.001; prereg H1) and Incongruent (𝛽 = −71.73, SE = 6.16, z =

-11.65, p <.001) conditions as compared to Unrelated trials. This indicates that prior to

the schema violation, prior knowledge was facilitating performance in the Congruent and

Incongruent conditions.

At Cue+1 (after the change had occurred in the Incongruent condition), response times

were faster in the Congruent condition as compared to both the Unrelated (𝛽 = −56.69,
SE = 6.86, z = -8.27, p <.001; prereg H1) and Incongruent conditions (𝛽 = −60.75, SE =

5.5, z = -11.04, p <.001). However, there was no difference in response times between the

Incongruent and Unrelated trials at Cue+1 (𝛽 = 4.06, SE = 6.12, z = 0.66, p = .507).

Once again there was a significant Congruency by Test interaction when comparing the

Incongruent and Unrelated conditions (𝛽 = 75.79, SE = 6.76, z = 11.21, p <.001). However,
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in contrast to previous experiments, there was now also an interaction when comparing

the Congruent and Unrelated condition (𝛽 = 16.14, SE = 6.64, z = 2.43, p = .015).

When comparing response times between Cue and Cue+1 in each Congruency condition

there was no difference in response times in the Congruent condition (𝛽 = −11.77, SE =

6.85, z = -1.72, p = .086). However, response times were faster at Cue+1 relative to Cue

in the Unrelated condition (𝛽 = −27.91, SE = 7.03, z = -3.97, p <.001). This indicates

that the Congruent vs. Unrelated interaction with Test was driven by differences between

Cue and Cue+1 in the Unrelated condition with faster responses at Cue+1. Most notably,

response times were slower at Cue+1 in the Incongruent condition (𝛽 = 47.88, SE = 6.97,

z = 6.87, p <.001; prereg H2). Together, these results suggest that ongoing predictions

based on schemas were indeed disrupted by the violation at Cue+1.

Overall, the effects observed in the encoding analysis of Experiment 3 were, with minor

variations, highly consistent with the pattern of results observed in Experiments 1 and 2.

This suggests that these effects are highly robust and replicable across experiments.
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Table 3.2: Summary of the mixed-effects model at encoding for both accuracy and response
time in Experiment 3. P-values are uncorrected and therefore may differ from
those in the text.

Metric Fixed effect Estimate SE z/t p

Accuracy (%) Intercept 1.29 0.15 8.81 <.001

Congruent (vs. unrelated) 0.78 0.08 9.58 <.001

Incongruent (vs. unrelated) 0.62 0.08 7.81 <.001

Test (Cue vs. Cue+1) 0.38 0.10 3.77 <.001

Congruent x Test -0.06 0.12 -0.53 .599

Incongruent x Test -0.86 0.11 -7.81 <.001

Response Time (ms) Intercept 702.69 9.73 72.19 <.001

Congruent (vs. unrelated) -72.83 6.98 -10.44 <.001

Incongruent (vs. unrelated) -71.73 6.16 -11.65 <.001

Test (Cue vs. Cue+1) -27.91 7.03 -3.97 <.001

Congruent x Test 16.14 6.64 2.43 .015

Incongruent x Test 75.79 6.76 11.21 <.001
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Figure 3.2: (A) Mean accuracy (%) and (B) response time (ms) across the Congruency
and Test manipulations at encoding in Experiment 3. Diamonds show sample
means. Density and scatter plots show the distribution of participant means.
Error bars represent 95% confidence intervals.
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3.2.2.3 Retrieval

Mean accuracy across the Congruency and Test manipulations at retrieval in Experiment

3 can be seen in Table 3.3. A full summary of the mixed-effects model at retrieval can be

seen in Table 3.4. The results of this analysis are plotted in Figure 3.3.

Table 3.3: Mean percentage accuracy at retrieval between Cue+1 and Cue+2 across the
three Congruency conditions at the category, exemplar, and conditional exem-
plar level in Experiment 3. Standard deviations are shown in parentheses.

Level Congruency Cue+1 Cue+2

Category Unrelated 59.13 (11.1) 58.7 (10.61)

Congruent 80.78 (11.43) 79.78 (10.78)

Incongruent 55.52 (13.49) 59.57 (11.78)

Exemplar Unrelated 42.74 (14.31) 42.22 (15.13)

Congruent 56.57 (17.05) 54.52 (16.18)

Incongruent 40.52 (16.36) 39.7 (15.82)

Conditional Exemplar Unrelated 74.9 (10.72) 74.36 (13.22)

Congruent 73.57 (11.76) 70.96 (12.24)

Incongruent 73.73 (12.65) 67.76 (14.54)

3.2.2.3.1 Category level

To be included in the category-level retrieval analysis participants were required to be

significantly above chance (50%) in terms of category-level accuracy collapsed across Con-

gruency and Test. The final sample for the category analysis was n = 46.

Collapsing across Test, I found that accuracy at the category level was greater in the

Congruent condition relative to the Unrelated (𝛽 = 1.16, SE = 0.1, z = 11.25, p <.001)

and Incongruent conditions (𝛽 = 1.21, SE = 0.09, z = 12.72, p <.001), however, there was
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no difference between the Incongruent and Unrelated condition (𝛽 = −0.05, SE = 0.06, z

= -0.78, p = .437).

There was also a significant Congruency by Test interaction for the Incongruent vs. Un-

related contrast (𝛽 = 0.19, SE = 0.09, z = 2.23, p = .026). When breaking the model

down by Test, at Cue+1, category-level accuracy was greater on Congruent trials than

Unrelated (𝛽 = 1.18, SE = 0.11, z = 10.36, p <.001; prereg H3) and Incongruent trials

(𝛽 = 1.33, SE = 0.11, z = 12.42, p <.001). However, there was no difference between the

Incongruent and Unrelated conditions (𝛽 = −0.14, SE = 0.07, z = -1.93, p = .053; prereg

H3). At Cue+2, I saw the same pattern of results as at Cue+1. Accuracy was higher in

the Congruent condition relative to both the Unrelated (𝛽 = 1.14, SE = 0.11, z = 9.98, p

<.001) and Incongruent conditions (𝛽 = 1.09, SE = 0.11, z = 10.19, p <.001). However,

there was no difference between the Incongruent and Unrelated conditions (𝛽 = 0.05, SE

= 0.07, z = 0.66, p = .509). This indicates that the interaction was driven by numerical

differences between the Incongruent and Unrelated conditions, the Incongruent condition

was numerically lower at Cue+1 but higher at Cue+2, however, neither of these effects

reached statistical significance when analysed on their own.

Overall, this pattern of results indicates that the use of non-overlapping schemas did not

produce an incongruency advantage at the category level. However, in line with previous

experiments, the congruency advantage was present, indicating its high replicability.

3.2.2.3.2 Exemplar level

To be included in the exemplar-level retrieval analysis participants were required to be

significantly above chance (25%) in terms of exemplar-level accuracy collapsed across Con-

gruency and Test manipulations. This left a sample size of n = 46.

Overall, the effects at the exemplar level mirrored those seen at the category level. Col-

lapsed across Test, accuracy was greater in the Congruent condition as compared to the
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Unrelated (𝛽 = 0.57, SE = 0.06, z = 9.01, p <.001) and Incongruent conditions (𝛽 = 0.68,
SE = 0.07, z = 9.28, p <.001). But there was no difference between the Incongruent

and Unrelated conditions (𝛽 = −0.11, SE = 0.06, z = -1.81, p = .070). In contrast to

the category-level model, there were no interactions between Congruency and Test at the

exemplar level.

When breaking the exemplar model down by Test, at Cue+1, accuracy was higher in the

Congruent condition relative to the Unrelated (𝛽 = 0.61, SE = 0.08, z = 7.85, p <.001)

and Incongruent conditions (𝛽 = 0.71, SE = 0.09, z = 8.25, p <.001). However, there was

no difference in accuracy between the Incongruent and Unrelated conditions (𝛽 = −0.1, SE

= 0.07, z = -1.35, p = .176). I observed the same pattern of results at Cue+2. Accuracy

was higher in the Congruent condition relative to the Unrelated (𝛽 = 0.54, SE = 0.08, z =

6.97, p <.001) and Incongruent conditions (𝛽 = 0.65, SE = 0.09, z = 7.63, p <.001), but

there was no difference between the Incongruent and Unrelated conditions (𝛽 = −0.11, SE

= 0.07, z = -1.55, p = .121).

3.2.2.3.3 Conditional exemplar level

To be included in the conditional exemplar-level analysis participants were required to be

above chance performance at the exemplar level when only considering trials on which

category-level information was accurately recalled (50%). This resulted in a final sample

size of n = 38.

There were no significant effects when collapsing across Test. However, there was a signifi-

cant Congruency by Test interaction for the Incongruent vs Unrelated contrast (𝛽 = −0.29,
SE = 0.14, z = -2.08, p = .037). When breaking the model down by Test, the only sig-

nificant finding was that accuracy was lower in the Incongruent condition relative to the

Unrelated baseline at Cue+2 (𝛽 = −0.34, SE = 0.1, z = -3.54, p = .001), indicating that
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the interaction was driven by a reduction in performance in the Incongruent condition at

Cue+2.

Overall, this indicates that constructing the schemas from non-overlapping categories did

not have any impact on the emergence of exemplar-level schema effects.
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Table 3.4: Summary of the mixed-effects model at retrieval for the category, exemplar, and
conditional exemplar-level analyses in Experiment 3. P-values are uncorrected
and therefore may differ from those in the text.

Level Fixed effect Estimate SE z p

Category Intercept 0.38 0.07 5.37 <.001

Congruent (vs. unrelated) 1.18 0.11 10.36 <.001

Incongruent (vs. unrelated) -0.14 0.07 -1.93 .053

Test (Cue+1 vs. Cue+2) -0.02 0.06 -0.30 .760

Congruent x Test -0.05 0.10 -0.50 .618

Incongruent x Test 0.19 0.09 2.23 .026

Exemplar Intercept -0.31 0.09 -3.23 .001

Congruent (vs. unrelated) 0.61 0.08 7.85 <.001

Incongruent (vs. unrelated) -0.10 0.07 -1.35 .176

Test (Cue+1 vs. Cue+2) -0.02 0.06 -0.37 .710

Congruent x Test -0.07 0.09 -0.78 .438

Incongruent x Test -0.01 0.09 -0.17 .867

Conditional Exemplar Intercept 1.16 0.11 10.23 <.001

Congruent (vs. unrelated) 0.00 0.10 0.01 .992

Incongruent (vs. unrelated) -0.06 0.09 -0.70 .484

Test (Cue+1 vs. Cue+2) -0.05 0.10 -0.52 .606

Congruent x Test -0.12 0.13 -0.89 .371

Incongruent x Test -0.29 0.14 -2.08 .037
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Figure 3.3: Mean accuracy (%) at retrieval across the Congruency and Test manipulations
at (A) category level, (B) exemplar level, and (C) conditional exemplar level
in Experiment 3. Diamonds show the sample means. Density and scatter plots
show the distribution of participant means. Error bars represent 95% within-
subject confidence intervals. 116
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3.2.2.4 Exploratory analysis

In Experiments 2 and 3, I observed no incongruency effect. However, I did observe evidence

of prediction errors at encoding. Moreover, the exploratory analyses of Experiment 2

indicated that these prediction errors were primarily occurring at the animacy level, with

no prediction errors being observed when a violation occurred at the category level only.

This raises the question as to whether the presence or absence of a violation at the animacy

level could impact the emergence of an incongruency effect at retrieval. That is to say, is an

incongruency effect at retrieval dependent on a violation at the animacy level? To address

this hypothesis, I broke the data down by whether the violation at Cue+1 violated the

schema at the animacy level (and the category level) or only violated the schema at the

category level. I then investigated whether the emergence of an incongruency advantage

at the category level at Cue+1 during retrieval was dependent on the presence of absence

of an animacy violation at encoding. I conducted this analysis as 2x3 mixed ANOVA

with the combined data from Experiments 2 and 3. The overall design of this model was

a within-subjects predictor, Violation, with three levels: Unrelated (baseline), Category-

only violation, Animacy violation, and a between-subjects predictor, Experiment, with two

levels: Experiment 2 and Experiment 3.

This model revealed a main effect of Experiment, F(1, 93) = 6.4, p = .013, 𝜂2 = 0.04,
but no main effect of Violation, F(1.81, 168.33) = 1.39, p = .252, 𝜂2 < .01, and no

interaction, F(1.81, 168.33) = 0.64, p = .512, 𝜂2 < .01. Together, these results suggest

that whether a violation occurred at the animacy level had no effect on whether there was a

difference between the Unrelated and Incongruent conditions for category-level performance

at Cue+1.
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3.2.3 Discussion

In Experiment 3, I successfully replicated the major findings from Experiment 2. When

using four-item sequences, schema congruency effects were observed at the category level.

Moreover, these congruency effects were preceded by evidence of predictions at encoding.

Performance on the animacy judgements was higher in the Congruent and Incongruent con-

ditions relative to the Unrelated condition on Cue trials. However, at Cue+1, performance

was reduced in the Incongruent condition at Cue+1, suggesting a disruption of ongoing ex-

pectations. Crucially, I also replicated the finding that schema incongruency had no effect

on memory retention. At both the category and exemplar level, there was no difference in

recall between the Incongruent condition and the Unrelated baseline.

This latter finding suggests that the lack of an incongruency effect in the preceding chapter

was not due to interference caused by overlapping schema structures. Overall, this leads to

the possibility that temporal reordering is not effective at producing incongruency effects

in the present paradigm. Importantly, this finding has implications for the nature of

the schemas that are being generated in this paradigm. As previously discussed, given

the spatiotemporal nature of episodic memories, we would expect some schemas to be

sensitive to chronology. However, the results here suggest that, even when temporal order

information is highly relevant, this may not always be the case. I will return to this point in

more detail in the general discussion. For now, the crucial point is that the schemas being

generated may not contain any information regarding temporal order. Instead, the schemas

may simply contain information regarding content, e.g., what categories are included in

the sequence.

Notably, one reason to doubt this interpretation is that it would predict a “congruency”

advantage in the Incongruent condition. That is, if all categories are equally predicted,

then any presentation order is technically schema-congruent. Given that no memory ad-

vantage was seen in the Incongruent condition, this problem requires an explanation. One
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possibility is that the congruency effects in the Congruent condition are purely driven by

retrieval-based strategies. If this were the case, there would be no reason to expect the

predictions occurring in the Incongruent condition to produce a congruency advantage, as

they would need to exert their influence at encoding. A second possibility is that tem-

poral order information is indeed represented in some way. Rather than each category

being predicted equally, multiple categories may be predicted, but their degree of activa-

tion may be relative to their proximity, with more proximal categories being predicted

more strongly than distal ones. If this were the case, temporal reordering would still be

schema-incongruent, preventing any congruency advantages in the Incongruent condition.

However, the partial activation of categories multiple steps into the future may be enough

to suppress a prediction error strong enough to drive new learning when those categories

occur earlier than expected.

Experiment 4 aimed to address this hypothesis by using an incongruency manipulation

that manipulates content, rather than temporal order. By introducing a category that

is completely unexpected in a given schema, not even partial activation of that category

should be possible. If an incongruency advantage could be demonstrated in such a case,

this would provide evidence that predictions are indeed occurring multiple steps into the

future with temporal order represented as stronger activation for more proximal items.

Experiment 4 used the same design as Experiment 3, however, incongruency was now

defined as the introduction of a category that was completely unexpected for a given

context.
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3.3 Behavioural Experiment 4

3.3.1 Methods

3.3.1.1 Participants

Fifty-two participants were recruited via SONA systems. Three participants were excluded

due to a software error leading to an incomplete dataset. This left a final sample of N

= 49 participants (40 females, 8 males, 1 prefer not to say; M ± SD age in years =

20.62 ± 2.92). All participants were fluent English speakers with normal or corrected-to-

normal vision. Participants gave informed consent for the experiment, which was approved

by the Research Ethics Committee of the Department of Psychology, University of York.

Participants were reimbursed for their time with either course credit or a £15 Amazon

voucher.

3.3.1.2 Procedure

Experiment 4 used the same design as Experiment 3. However, incongruency was now de-

fined as an introduction of a category that is completely unexpected for a context (rather

than the reordering of expected categories). I achieved this by introducing a category from

the other schema during Incongruent trials. This controlled for overall category familiar-

ity while violating schematic expectations at the level of the category. For example, if

the Congruent schemas were: (red) face-building-dog-tool, (blue) furniture-car-plant-insect,

then an Incongruent sequence could be: (red) face-building-car-insect, (blue) furniture-face-

dog-insect. A schematic outlining this new manipulation can be seen in Figure 3.4.
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3.3.1.3 Analysis approach

The analysis approach used in Experiment 4 mirrored that used in Experiment 3 and was

pre-registered on the Open Science Framework (Exp 4 pre-registration).

Figure 3.4: Schematic depicting the incongruency manipulation in Experiment 4. The Con-
gruent and Unrelated conditions were identical to those used in Experiment 3.
In the Incongruent condition, incongruency was defined as the introduction of
a category that was completely unexpected in that context. For example, in
the red schema, an Incongruent trial would be the introduction of any of the
categories from the blue schema. If incongruency occurred on the second trial,
as in the blue example above, the final item in the sequence would still be
schema-congruent.

3.3.2 Results

3.3.2.1 Pre-learning

First, I ran an analysis on trials-to-criterion in each session to assess whether participants

were retaining knowledge from the first pre-learning session. As with Experiment 3, a

large number of participants were at ceiling at session 1 (n = 31), resulting in a violation
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of normality of differences. As such, median and interquartile range values with a Wilcoxon

test are reported. Although the median values were identical in session 1 (Median = 22,

IQR = 7) and session 2 (Median = 22, IQR = 0), the Wilcoxon test reached statistical

significance V = 173.5, p = .011, r = 0.43, indicating that variability differed between

the sessions. This indicates that although many participants showed no difference between

sessions, there was a group level effect by which more trials were required to reach criterion

on the first session. This suggests that participants were retaining knowledge from the first

pre-learning session.

3.3.2.2 Encoding

To be included in the encoding analyses participants were required to be significantly above

chance (50%) on the animacy judgement task. Therefore, the sample size for this analysis

was n = 49. For the encoding analysis, the data were filtered to only include items that

were used as the Cue and Cue+1 at test.

Mean accuracy and response times across the Congruency and Test manipulations can be

seen in Table 3.5. A full summary of the mixed-effects model at encoding in Experiment 1

can been seen Table 3.6. The results of the encoding analysis are plotted in Figure 3.5.

122



3 The Influence of Sequential vs. Categorical Violations

Table 3.5: Mean accuracy and response times at encoding between Cue and Cue+1 across
the three Congruency conditions in Experiment 4. Standard deviations are
shown in parentheses.

Metric Congruency Cue Cue+1

Accuracy (%) Unrelated 76.86 (14.51) 81.18 (13.19)

Congruent 85.47 (12.95) 89.02 (9.13)

Incongruent 84.57 (12.21) 74.86 (14.07)

Response Time (ms) Unrelated 701.91 (64.89) 680.36 (66.1)

Congruent 629.93 (75.06) 616.55 (81.26)

Incongruent 640.46 (77.54) 712.54 (60.56)

3.3.2.2.1 Accuracy

First, I investigated whether accuracy differed as a function of Congruency on Cue trials

(where the categories were still congruent on both the congruent and incongruent trials).

Accuracy was significantly greater on Congruent (𝛽 = 0.64, SE = 0.08, z = 8.12, p <.001;

prereg H1) and Incongruent (𝛽 = 0.56, SE = 0.08, z = 7.23, p <.001) Cue trials as

compared to the Unrelated Cue trials. This suggests that prior knowledge was facilitating

performance in the Congruent and Incongruent conditions.

On Cue+1 trials accuracy was significantly greater in the Congruent condition as compared

to both the Unrelated (𝛽 = 0.67, SE = 0.09, z = 7.89, p <.001; prereg H1) and Incongruent

conditions (𝛽 = 1.07, SE = 0.08, z = 13.05, p <.001). Crucially, accuracy was now lower

in the Incongruent condition as compared to the Unrelated condition (𝛽 = −0.4, SE =

0.07, z = -5.57, p <.001). These results indicate the violation of the schemas at Cue+1

negatively impacted performance in the Incongruent condition.

In line with the interpretation that performance varied in the incongruent condition across
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the Test manipulation, there was a significant Congruency by Test interaction when com-

paring the Incongruent and Unrelated conditions (𝛽 = −0.97, SE = 0.11, z = -9.09, p

<.001). Moreover, there was no Congruency by Test interaction for the Congruent vs. Un-

related comparison (𝛽 = 0.03, SE = 0.12, z = 0.27, p = .788).

When comparing Cue vs. Cue+1 in each Congruency condition I found a significant differ-

ence in all three comparisons. Performance significantly improved between Cue and Cue+1

trials in both the Congruent (𝛽 = 0.25, SE = 0.1, z = 2.38, p = .017) and Unrelated condi-

tion (𝛽 = 0.22, SE = 0.09, z = 2.41, p = .016). However, there was a significant decrease

in performance between Cue and Cue+1 in the Incongruent condition (𝛽 = −0.75, SE =

0.09, z = -8.18, p <.001; prereg H2). The decrease in performance in the Incongruent

condition supports the notion that participants’ ongoing predictions of upcoming events

were perturbed by the sequence violations.

3.3.2.2.2 Response time

During Cue trials, response times were significantly faster in the Congruent (𝛽 = −72.44,
SE = 7.42, z = -9.76, p <.001; prereg H1) and Incongruent (𝛽 = −62.09, SE = 5.08,

z = -12.22, p <.001) conditions as compared to Unrelated trials indicating that schema

knowledge was facilitating performance.

After the schema violation at Cue+1, response times were faster in the Congruent condition

as compared to both the Unrelated (𝛽 = −65.08, SE = 7.35, z = -8.85, p <.001; prereg

H1) and Incongruent conditions (𝛽 = −95.55, SE = 6.44, z = -14.83, p <.001). However,

the response times in the Incongruent condition at Cue+1 were slower than response times

in the Unrelated condition (𝛽 = 30.47, SE = 5.15, z = 5.91, p <.001) indicating that the

schema violation perturbed performance.

Once again there was a significant Congruency by Test interaction when comparing the

Incongruent and Unrelated conditions (𝛽 = 92.56, SE = 6.49, z = 14.25, p <.001) but no
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interaction when comparing the Congruent and Unrelated condition (𝛽 = 7.36, SE = 6.35,

z = 1.16, p = .246).

When comparing response times between Cue and Cue+1 in each Congruency condition I

observed a significant increase in response speed in both the Congruent (𝛽 = −12.8, SE =

4.38, z = -2.93, p = .003) and Unrelated conditions (𝛽 = −20.16, SE = 4.6, z = -4.38, p

<.001). However, in the Incongruent condition, response times were significantly slower at

Cue+1 (𝛽 = 72.4, SE = 4.58, z = 15.79, p <.001; prereg H2).
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Table 3.6: Summary of the mixed-effects model at encoding for both accuracy and response
time in Experiment 4. P-values are uncorrected and therefore may differ from
those in the text.

Metric Fixed effect Estimate SE z/t p

Accuracy (%) Intercept 1.39 0.14 10.24 <.001

Congruent (vs. unrelated) 0.64 0.08 8.12 <.001

Incongruent (vs. unrelated) 0.56 0.08 7.23 <.001

Test (Cue vs. Cue+1) 0.22 0.09 2.41 .016

Congruent x Test 0.03 0.12 0.27 .788

Incongruent x Test -0.97 0.11 -9.09 <.001

Response Time (ms) Intercept 701.36 9.30 75.44 <.001

Congruent (vs. unrelated) -72.44 7.42 -9.76 <.001

Incongruent (vs. unrelated) -62.09 5.08 -12.22 <.001

Test (Cue vs. Cue+1) -20.16 4.60 -4.38 <.001

Congruent x Test 7.36 6.35 1.16 .246

Incongruent x Test 92.56 6.49 14.25 <.001
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Figure 3.5: (A) Mean accuracy (%) and (B) response time (ms) across the Congruency
and Test manipulations at encoding in Experiment 4. Diamonds show sample
means. Density and scatter plots show the distribution of participant means.
Error bars represent 95% confidence intervals.
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3.3.2.3 Retrieval

Mean accuracy across the Congruency and Test manipulations at retrieval in Experiment

4 can be seen in Table 3.7. A full summary of the mixed-effects model at retrieval can be

seen in Table 3.8. The results of this analysis are plotted in Figure 3.6.

Table 3.7: Mean percentage accuracy at retrieval between Cue+1 and Cue+2 across the
three Congruency conditions at the category, exemplar, and conditional exem-
plar level in Experiment 4. Standard deviations are shown in parentheses.

Level Congruency Cue+1 Cue+2

Category Unrelated 60.4 (11.71) 61.47 (9.88)

Congruent 82.09 (10.45) 81.16 (10.14)

Incongruent 68.31 (11.31) 63.64 (10.93)

Exemplar Unrelated 43.28 (16.7) 44.13 (14.96)

Congruent 59.53 (16.68) 57.66 (16.66)

Incongruent 48.13 (17.8) 43.96 (15.83)

Conditional Exemplar Unrelated 74.57 (12.21) 74.79 (12.17)

Congruent 75.48 (12.11) 74.29 (11.51)

Incongruent 72.17 (15.01) 71.55 (13.55)

3.3.2.3.1 Category level

To be included in the category-level retrieval analysis participants were required to be

significantly above chance (50%) in terms of category-level accuracy collapsed across Con-

gruency and Test. This resulted in a final sample size of n = 45

Collapsing across Test, I saw that accuracy at the category level was greater in the Con-

gruent condition relative to the Unrelated (𝛽 = 1.08, SE = 0.05, z = 21.66, p <.001) and

Incongruent conditions (𝛽 = 0.85, SE = 0.05, z = 16.9, p <.001). Crucially, and in contrast
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to the previous experiments, there was now a significant difference between the Incongru-

ent and Unrelated condition (𝛽 = 0.23, SE = 0.04, z = 5.1, p <.001) with accuracy being

higher in the Incongruent condition.

I also observed a significant Incongruency by Test interaction (𝛽 = −0.26, SE = 0.09, z

= -2.94, p = .003). When breaking the model down by Test, at Cue+1, category-level

accuracy was greater on Congruent trials than Unrelated trials (𝛽 = 1.14, SE = 0.07, z

= 16.04, p <.001; prereg H3) and Incongruent trials (𝛽 = 0.78, SE = 0.07, z = 10.76, p

<.001). However, category-level accuracy was higher in the Incongruent condition relative

to the Unrelated condition (𝛽 = 0.36, SE = 0.06, z = 5.65, p <.001); prereg H3). At

Cue+2, performance was still greater in the Congruent condition relative to the Unrelated

(𝛽 = 1.03, SE = 0.07, z = 14.62, p <.001) and Incongruent conditions (𝛽 = 0.93, SE =

0.07, z = 13.19, p <.001). However, there was no difference between the Incongruent and

Unrelated condition at Cue+2 (𝛽 = 0.1, SE = 0.06, z = 1.54, p = .123).

Overall, these results replicated the Congruency advantage observed in the previous exper-

iments, further emphasising the robustness of the congruency effect. Crucially, I also ob-

served a significant incongruency advantage indicating that the critical U-shaped function

of schema congruency was present in Experiment 4. Notably, however, the incongruency

advantage is only present at Cue+1 and at the category level. The presence of an incon-

gruency advantage for categorical violations has important implications for the nature of

the predictions that are taking place which I will return to in the discussion section.

3.3.2.3.2 Exemplar level

To be included in the exemplar-level retrieval analysis participants were required to be

significantly above chance (25%) in terms of exemplar-level accuracy collapsed across Con-

gruency and Test manipulations. This resulted in a final sample size of n = 47.
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Collapsed across Test, accuracy was greater in the Congruent condition as compared to the

Incongruent (𝛽 = 0.56, SE = 0.06, z = 9.48, p <.001) and Unrelated condition (𝛽 = 0.66,
SE = 0.05, z = 13.9, p <.001). Likewise, exemplar-level accuracy was greater in the

Incongruent condition as compared to the Unrelated condition (𝛽 = 0.11, SE = 0.05, z =

2.14, p = .032).

Once again, I observed a significant Incongruency by Test interaction (𝛽 = −0.22, SE =

0.09, z = -2.57, p = .010). When breaking the model down by Test, at Cue+1, exemplar-

level accuracy was greater in the Congruent condition as compared to both the Unrelated

(𝛽 = 0.73, SE = 0.06, z = 11.18, p <.001) and the Incongruent condition (𝛽 = 0.51, SE

= 0.07, z = 6.92, p <.001). Likewise, performance was also greater in the Incongruent

condition relative to the Unrelated condition (𝛽 = 0.22, SE = 0.07, z = 3.31, p <.001). At

Cue+2, accuracy was greater in the Congruent condition relative to the Unrelated (𝛽 = 0.6,
SE = 0.06, z = 9.32, p <.001) and Incongruent condition (𝛽 = 0.61, SE = 0.07, z = 8.29, p

<.001), however, there was no difference between the Incongruent and Unrelated condition

(𝛽 < .01, SE = 0.07, z = -0.09, p = .930).

3.3.2.3.3 Conditional exemplar level

To be included in the conditional exemplar-level analysis participants were required to be

above chance performance at the exemplar level when only considering trials on which

category-level information was accurately recalled (50%). This resulted in a final sample

size of n = 39.

When collapsing across Test, there was no difference between the Congruent and Unrelated

condition (𝛽 < .01, SE = 0.06, z = 0.01, p = .988). However, performance in the Congruent

condition was higher than in the Incongruent condition (𝛽 = 0.15, SE = 0.06, z = 2.49, p

= .039). Likewise, performance in the Incongruent condition was lower than performance

in the Unrelated condition (𝛽 = −0.15, SE = 0.07, z = -2.28, p = .045). This suggests
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a potential incongruency disadvantage for conditional exemplar-level performance. How-

ever, when the model was broken down by Test to evaluate effects at Cue+1 and Cue+2

independently, there were no significant effects in any of the comparisons with p > .16 in

all cases after correction for multiple comparisons. That is, the incongruency disadvantage

was only significant when data was collapsed across Cue+1 and Cue+2.
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Table 3.8: Summary of the mixed-effects model at retrieval for the category, exemplar, and
conditional exemplar-level analyses in Experiment 4. P-values are uncorrected
and therefore may differ from those in the text.

Level Fixed effect Estimate SE z p

Category Intercept 0.45 0.08 5.55 <.001

Congruent (vs. unrelated) 1.14 0.07 16.04 <.001

Incongruent (vs. unrelated) 0.36 0.06 5.65 <.001

Test (Cue+1 vs. Cue+2) 0.05 0.06 0.75 .453

Congruent x Test -0.11 0.10 -1.11 .268

Incongruent x Test -0.26 0.09 -2.94 .003

Exemplar Intercept -0.28 0.10 -2.82 .005

Congruent (vs. unrelated) 0.73 0.06 11.18 <.001

Incongruent (vs. unrelated) 0.22 0.07 3.31 <.001

Test (Cue+1 vs. Cue+2) 0.04 0.06 0.62 .538

Congruent x Test -0.12 0.09 -1.41 .159

Incongruent x Test -0.22 0.09 -2.57 .010

Conditional Exemplar Intercept 1.18 0.12 9.60 <.001

Congruent (vs. unrelated) 0.04 0.09 0.44 .662

Incongruent (vs. unrelated) -0.13 0.09 -1.34 .180

Test (Cue+1 vs. Cue+2) 0.02 0.10 0.15 .878

Congruent x Test -0.08 0.13 -0.61 .544

Incongruent x Test -0.05 0.13 -0.40 .691
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Figure 3.6: Mean accuracy (%) at retrieval across the Congruency and Test manipulations
at (A) category level, (B) exemplar level, and (C) conditional exemplar level
in Experiment 4. Diamonds show the sample means. Density and scatter plots
show the distribution of participant means. Error bars represent 95% within-
subject confidence intervals. 133
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3.3.2.4 Exploratory analyses

3.3.2.4.1 Retrieval-based accounts of the incongruency advantage

In Experiment 4, I observed an incongruency advantage at the category level. This is

important for several reasons, one of which being that it provides evidence that the effects

observed at retrieval are a consequence of encoding-based processes, as would be predicted

by neurocognitive models of schema effects in memory. It is possible that the congruency

effects observed in Experiments 1 - 3 could be a consequence of retrieval-based strategies,

in which a participant uses their prior knowledge of schema structure to deduce the cor-

rect category at the point of retrieval. An incongruency effect is, however, much harder

to explain via such retrieval-based strategies. That said, there are a few retrieval-based

strategies that could improve performance in the incongruent condition, if applied reliably.

The following exploratory analyses aim to address two of these strategies and to elucidate

whether they could be driving the incongruency advantage observed in Experiment 4.

Avoiding within-schema foils

The majority of Incongruent sequences occur in blocks in which two of the three sequences

are schema-incongruent (the third being an Unrelated sequence). In addition to this, we

also know from the post-experimental questionnaires that participants did tend to notice

the incongruency manipulation. Given their explicit knowledge that some sequences change,

it may be possible for participants to simply remember that a change occurred. Upon

noticing this, a participant could simply apply the schema at retrieval and avoid any foil

categories that are usually in the same schema as the cue. This would work because the

correct incongruent category is guaranteed to come for the opposing schema. For example,

suppose the schemas were: (red) face-building-dog-car, (blue) furniture-tool-plant-insect,

and the participant saw an incongruent sequence: face-building-tool-plant. The participant

would be cued with building and would need to retrieve tool. However, if the participant

remembered that a change occurred, but not the specific category, they could deduce the
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correct category if the foil being used on that trial came from the same schema as the cue,

in this case, face, dog or car. For example, if the foil category was car, the participant

could eliminate that foil as the correct answer as an incongruent target can’t come from

the same schema as the cue.

To investigate this hypothesis I ran a 2x3 mixed-effects model with category-level Cue+1

accuracy as the dependent variable. The first predictor, Congruency, had three levels:

Unrelated (baseline), Congruent, and Incongruent. The second predictor, Same-different,

had two levels: Same and Different, referring to whether the target and the foil came from

the same or different schemas. I ran this model using treatment contrasts and then broke

the model down in a pairwise manner using emmeans with Holm correction for multiple

comparisons.

Of particular note, there was no interaction between the Incongruent vs. Unrelated contrast

and the Same-different predictor (𝛽 = −0.13, SE = 0.18, z = -0.74, p = .457) indicating

that the effect of incongruency was equivalent in both the Same and Different condition.

For completeness, I investigated the incongruency effect in each Same-different condition.

When looking at trials in which the target and the foil came from different schemas, per-

formance in the Incongruent condition was significantly higher than performance in the

Unrelated baseline (𝛽 = 0.44, SE = 0.07, z = 5.89, p <.001). However, when investigat-

ing effects for trials where the target and foil came from the same schema, the difference

between the Incongruent and Unrelated condition failed to reach statistical significance

(𝛽 = 0.31, SE = 0.16, z = 1.86, p = .063). This suggests that there may be some evidence

that the target and the foil coming from different schemas may be driving performance in

the Incongruent condition.

However, it is worth inspecting the descriptive statistics here. In the Incongruent condition,

when the target and the foil came from the same schema (i.e., when performance couldn’t

be enhanced by rejecting within-schema foils) performance was actually numerically higher
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(M = 69.78%, SD = 23.6%) than when the target and foil came from different schemas (M =

68.15%, SD = 12.03%). This finding is not in line with the interpretation that Incongruent

performance was enhanced by the use of the retrieval-based strategy. Crucially, in the

Unrelated baseline condition performance was higher when the target and the foil came

from the same schema (M = 63.33%, SD = 14.26%) than when they came from different

schemas (M = 58.44%, SD = 13.12%), and this difference was numerically larger than the

difference in the Incongruent condition. This finding indicates that the lack of statistical

significance in the Incongruent vs. Unrelated comparison when the target and foil came

from the same schema is more so driven by increased performance in the Unrelated case,

rather than performance being worse in the Incongruent condition.

Additionally, there is a caveat to consider here. When breaking the data down in this way

there was a large imbalance in the number of trials in the Same and Different levels of

the Same-different predictor. Only five (out of fifty) trials per participant had a target

and a foil that came from the same schema at Cue+1 in the Incongruent condition. This

imbalance resulted in a lack of statistical power which may explain why the Incongruent

contrast narrowly missed significance (p = .063). This caveat highlights that this analysis

should be interpreted with caution. Overall, the analysis does not seem to support the

notion that the incongruency advantage was solely driven by the nature of the foils at

test.

Avoiding foils that come first in the sequence

Another related strategy that a participant could use to enhance performance in the Incon-

gruent condition would be to avoid foils that they know usually come at the beginning of a

schema-congruent sequence. For example, if the Congruent schema was face-building-dog-

car and the participant saw an Incongruent sequence face-building-tool-plant, the target

category would be tool, but the foil category could be face. In such a case, the participant

could eliminate face as the correct response because they know that this category was
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presented before the cue during encoding, not after.

To test whether this strategy could be driving performance in the Incongruent condition,

I broke down the category-level data at Cue+1 based on whether the foil was the cate-

gory that occurs at the beginning of the sequence. Crucially, I was interested in whether

performance in the Incongruent condition differed when the foil was the first category in

the Congruent schema. I found that accuracy did not significantly differ when the foil at

Cue+1 was not the first category in the Congruent sequence (M = 68.03%, SD = 11.12%)

as compared to when it was (M = 67.03%, SD = 22.08%), t(45) = -0.37, p = .710, d =

-0.06. This suggests that performance in the Incongruent condition was not driven by a

retrieval-based strategy where participants eliminated foils based on the category being the

first item in a congruent schema.

3.3.2.4.2 Prediction errors at encoding and retrieval-based performance

Experiment 4 was the only behavioural experiment in which I observed a significant in-

congruency advantage. However, all four experiments revealed significant evidence of pre-

diction errors at the point of encoding. Accuracy and response times were consistently

perturbed in the Incongruent condition at Cue+1, indicating an error regarding the cate-

gory / animacy of the upcoming item. Interestingly, this suggests that the mere presence

of a prediction error of some sort is not always sufficient to drive learning; rather, the spe-

cific nature of the prediction error may be of importance. I will return to this point in the

general discussion. Importantly, this raises the question as to whether the behavioural er-

rors that occurred at encoding bear any influence on accuracy for Incongruent trials at test.

Here, I investigate whether performance at Cue+1 at encoding is predictive of performance

in the Incongruent condition at test, and whether this depends on the kind of violation

taking place (i.e., temporal reordering or categorical violation). To do this, I ran two

mixed-effects models on the combined data from Experiments 3 and 4 with category-level

retrieval accuracy at Cue+1 in the Incongruent condition as the dependent variable. The
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two models investigated whether encoding-based accuracy or encoding-based response time

predicted retrieval-based performance respectively. The first between-subjects predictor,

Violation type, had two levels: Sequential (Experiment 3) and Categorical (Experiment

4), and was included in both models. The second predictor varied across the two models.

The accuracy model used encoding-based accuracy at Cue+1 as the predictor and had

two levels: Accurate vs. Inaccurate, where inaccurate trials would indicate a prediction

error. The second model used response time on accurate encoding-based Cue+1 trials as a

continuous predictor, where longer response times are an indication of greater prediction

error. These models were run using treatment contrasts and were then broken down using

emmeans (accuracy model) or emtrends (response time model).

Accuracy model

The first model attempted to predict category-level accuracy in the Incongruent condition

at Cue+1 during retrieval using accuracy at Cue+1 at encoding as a predictor. When col-

lapsing across encoding accuracy (accurate vs. inaccurate), there was a significant effect of

Violation type with performance being higher for categorical violations than for sequential

violations (𝛽 = −0.57, SE = 0.12, z = -4.58, p <.001), as would be expected given that

an incongruency advantage was only observed in Experiment 4. However, when breaking

the model down by encoding accuracy, encoding-based performance did not predict perfor-

mance at retrieval in either Experiment 3 (𝛽 = −0.09, SE = 0.11, z = -0.86, p = .392) or

in Experiment 4 (𝛽 = −0.1, SE = 0.11, z = -0.9, p = .367). This indicates that the explicit

behavioural errors at encoding were not the primary driver on any incongruency advantage

at retrieval, but that this advantage was instead driven by the categorical vs. sequential

distinction.

Response Time model

The second model predicted category level accuracy in the Incongruent condition at Cue+1

during retrieval using response time at Cue+1 at encoding as a predictor. Only trials
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where participants made an accurate animacy judgement at encoding were included in this

analysis. When assessing the effect of Violation type at the mean encoding response time,

I found that Violation type was a significant predictor of retrieval-based accuracy with

performance being higher for categorical than sequential violations (𝛽 = −0.56, SE = 0.13,

z = -4.47, p <.001). Again, this is in line with our finding that only Experiment 4 produced

an incongruency advantage. When breaking the model down by Experiment, I found that

response time did not predict retrieval-based accuracy in Experiment 3 (𝛽 = 0.16, SE =

0.41, z = 0.39, p = .698) or in Experiment 4 (𝛽 = 0.35, SE = 0.48, z = 0.73, p = .467).

This indicates that slower responses on Incongruent trials at encoding were not predictive

of retrieval-based performance on those trials.

Overall, these analyses suggest the encoding-based performance was not predictive of

category-level performance at retrieval on Incongruent trials. Importantly, this indicates

that the incongruency advantage observed in Experiment 4 was probably not driven by

violations at the animacy or motoric level and is instead more likely to be related to the

type of violation, sequential vs. categorical.

3.3.2.5 Experiment 4 Discussion

Experiment 4 replicated the main findings from the previous experiments. At retrieval,

there was a congruency advantage at the category, but not exemplar level. These effects

were also preceded by evidence of ongoing predictions and prediction errors during sequence

encoding. Overall, this suggests that across four behavioural experiments the congruency

advantage at the category level, and the effects of Congruency on the animacy judgements

at encoding, are very robust and, with minor exceptions, were consistently replicated across

all experiments. Crucially, and in contrast to the previous experiments, Experiment 4

also revealed a significant incongruency effect at the category level with accuracy being

greater in the Incongruent condition at Cue+1 relative to the Unrelated baseline. Notably,
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this incongruency advantage was not present at Cue+2 or at the exemplar level. This

indicates that while violations of sequential order do not induce an incongruency advantage,

violations of content do. I will review this finding in more detail in the Chapter’s general

discussion.

Exploratory analyses of Experiment 4 also revealed that the incongruency effect observed

was unlikely to be a consequence of retrieval-based strategies. Two potential strategies were

identified: (1) avoiding within-schema foils on Incongruent trials, because incongruency in

Experiment 4 necessitates an out-of-schema category, and (2) avoiding foils that are usually

the first item in the sequence, because this item is known to come first it can’t be the correct

answer. Exploratory analyses revealed that when these factors were controlled there was

no impact on performance in the Incongruent condition, suggesting that these strategies

were not responsible for the observed incongruency advantage and that encoding-based

mechanisms were likely employed.

A final exploratory analysis investigated whether explicit behavioural errors during encod-

ing predicted incongruent performance at test. Neither accuracy nor response time on the

animacy judgements predicted Incongruent accuracy at retrieval. This indicates that the

observed incongruency effect was not a consequence of explicit behavioural errors but was

instead driven by the violation of the expected category.

3.3.3 Discussion

Across two experiments in this chapter, I observed that the type of violation was critical

to the emergence of an incongruency advantage, with advantages only being observed for

categorical and not sequential violations. This raises the question as to why violations in

content, rather than violations in temporal order, would produce an incongruency effect?

One obvious answer to this question is that the schemas generated in this paradigm simply

don’t contain information concerning temporal order, they only represent content. However,
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participants in Experiments 3 and 4 did seem to have explicit knowledge of sequence order.

They were required to pass a test during each pre-learning phase, in which they reordered

a scrambled sequence and wrote out the sequence using free recall. Moreover, when asked

whether they noticed anything about the sequences in the post-experimental questionnaire,

most participants in Experiment 3 (n = 33) and Experiment 4 (n = 34) stated that they

noticed that the order or content was changed for some sequences. As such, it seems

unlikely that the lack of an incongruency effect is due to a lack of knowledge regarding

sequence order or a lack of awareness of violations to sequence order.

Another possibility is that it may be due to the nature of the predictions that are taking

place. Rather than predicting which category will be occurring next, participants may have

an ongoing predictive representation that contains information concerning all the categories

that are expected in the sequence, regardless of whether a given category is expected to

occur next or not. If this is the case, the change in temporal order may not trigger a strong

prediction error because the incongruent category is still included in the representation of

categories that are expected in that context. In contrast to this, a change in content, as in

Experiment 4, could produce a stronger prediction error because the incongruent category

is not included in the representation of currently expected categories.

However, one issue with this interpretation is that if temporal order information is absent

from the schemas, and all categories are equally predicted, this would make incongruent

sequences with sequential violations equivalent to schema-congruent sequences. If all cat-

egories are equally predicted at all times, order of presentation should not matter, and a

schema congruency effect should be observed in the Incongruent condition. One solution

to this problem is that the congruency advantage observed in the Congruent condition

is purely driven by retrieval-based strategies. Such strategies would be ineffective in the

Incongruent condition, even if all categories were equally predicted, explaining why no

advantage was observed. However, exploratory analyses in Experiment 2 revealed that

retrieval-based strategies may not fully account for the observed congruency advantages,
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suggesting that other processes may be at play.

The data here may be most in line with a model whereby predictions are occurring multiple

steps into the future, with temporal order represented as the strength of activation of an

upcoming category. With proximal categories represented more strongly than distal ones,

temporal order could be represented, however, the partial activation of distal categories

could be sufficient to inhibit strong prediction errors for sequential violations. Notably,

congruency advantages would still be possible in a Congruent condition as the expected

temporal order is still present.

In the following chapter I will use multivariate decoding to try and decode stimulus-specific

representations before a category actually occurs. If the above explanation is correct, we

would expect within-schema categories to be decodable (relative to out-of-schemas cate-

gories) throughout a sequence even if the category is not next.

3.3.3.1 Retrieval- vs. encoding-based accounts of schema effects at retrieval.

In Experiments 1 - 3, it was unclear whether encoding–based processes were contributing

to the observed effects. I only observed congruency benefits, and it is possible that these

effects could be driven by retrieval-based strategies. Some exploratory analyses suggested

that retrieval–based strategies may not entirely account for these effects, but these anal-

yses were by no means conclusive. The incongruency benefit observed in Experiment 4

is, however, much harder (though not impossible) to explain in terms of retrieval-based

strategies. I have noted two retrieval-based strategies that might explain the incongruency

effect. First, on incongruent blocks, it may be possible for participants to simply remember

that a change occurred, while retaining no other instance-specific information. Knowing

that the sequences changed, a participant could then apply the schema at retrieval but

avoid any categories that are included in the same schema as the cue. Second, it may be

possible to eliminate the foil category on Incongruent retrieval trials if that foil is normally
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the first item in the Congruent sequence. If the foil is known to be the first item in a

Congruent sequence, it can’t be the correct response. Although these techniques could in

theory drive performance in the Incongruent condition, it is somewhat implausible that

participants could reliably apply them while under the cognitive load of the task (assum-

ing they recognised them as viable strategies to begin with). Moreover, the exploratory

analyses provided little evidence that the incongruency effect observed in Experiment 4

was driven by these strategies. Overall, this suggests that encoding-based processes are

likely contributing to the schema effects observed in Experiment 4, which is in line with

neurocognitive models of how schema effects emerge.

I contend that the encoding-based mechanisms driving this incongruency effect relate to

some kind of predictive coding process by which unexpected categories are triggering pre-

diction errors that potentiate learning. However, it is worth considering other mechanisms

that could be at work here. For example, we know from the post-experimental questionnaire

that most participants notice the incongruency manipulation. If this is the case, partici-

pants might recognise that the unexpected items are of particular importance for the test

phase. If so, rather than encoding being potentiated by prediction errors, participants may

simply be engaging in explicit rehearsal of the incongruent items. Although possible, this

rehearsal account may struggle to account for the lack of an incongruency effect at Cue+2.

If the incongruency effect is due to prediction errors, the lack of an effect at Cue+2 is sim-

ple to explain: the prediction error at Cue+1 perturbs ongoing predictions, and therefore

the schema-incongruency at Cue+2 does not produce a prediction error because it wasn’t

predicted to be schema-congruent. The rehearsal account struggles to account for this

discrepancy, as it is unclear why Cue+1 would be rehearsable but Cue+2 would not. It

might be argued that participants may be biased towards rehearsing the first incongruent

item due to its proximity to the cue and due to issues surrounding cognitive load when

rehearsing two items. However, this account is the less parsimonious explanation of this

finding, which the predictive account can account for with fewer assumptions.
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Finally, it may be argued that the lack of an incongruency effect in Experiments 1 – 3

was due to participants noticing the incongruency manipulation. If participants notice the

manipulation, this may result in an explicit expectation of incongruent events, reducing

surprise and any prediction errors that could drive learning. The finding of an incongru-

ency effect in Experiment 4 makes this explanation less plausible. In both Experiments 3

and 4, post-experimental questionnaires revealed that the majority of participants noticed

that some trials violated the pre-learned structure. However, despite explicit knowledge

of the incongruency manipulation for both sequential and categorical violations, only cate-

gorical violations produced an incongruency advantage, indicating that explicit knowledge

of the incongruency manipulation was not responsible for the absence of an incongruency

advantage in Experiments 1 – 3.

3.3.3.2 Lack of an exemplar-level incongruency effect

One notable finding from Experiment 4, that is not in line with existing models of schema

effects (e.g., SLIMM, van Kesteren, 2012), is the lack of an incongruency advantage at the

exemplar level. SLIMM predicts that under schema-incongruent encoding conditions there

should be enhanced memory for incidental details of the encoding instance. In the present

experiment, this was expected to manifest as enhanced memory at the exemplar level in

the incongruent condition, however this was not observed. It is worth noting that SLIMM

predicts enhanced memory for incidental detail, i.e., detail that may not be task-relevant.

In Experiment 4, this was not strictly the case, in fact, recalling exemplar-level detail was

central to the task demands. It might be argued that the task-relevance of the exemplar-

level detail in this task was the reason no schema effects were observed at the exemplar level.

Indeed, Greve et al. (2019) observed an advantage for incidental detail in an incongruent

condition, but this detail was completely irrelevant to the task at hand. However, it

is unclear what the adaptive advantage of encoding incidental details, rather than task-

relevant details, would be. If schemas have primarily evolved due to the advantage they
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provide in facilitating adaptive behaviours, one might expect that both incidental and task-

relevant details would be equally important to encode when a surprising event occurred.

When an unexpected event occurs, it is often unclear what factors caused this change or

what factors might allow for its prediction in the future. As such, it would be most adaptive

to encode all instance-specific information, incidental or not, such that a predictor could

be deduced from its repeated occurrence in future incongruent events. Either way, the

studies presented in this thesis have failed to provide evidence for enhanced memory for

exemplar-level detail.

3.3.3.3 Prediction errors at encoding

Experiment 4 established that it is possible to observe incongruency effects when violations

occur at the category but not sequential level. This distinction is notable because the

encoding analyses indicated that prediction errors were present in all four experiments.

That is, prediction errors were evident at encoding, but they did not consistently precede

enhanced memory performance at test. This pattern suggests that the specific nature of

a prediction error may be a critical determinant of its impact on learning. The present

findings indicate that prediction errors during encoding likely occurred at the animacy

level, yet this level of discrepancy was insufficient to facilitate memory improvements at

the broader category level. Exploratory analyses showed that the presence or absence of

an animacy violation had no effect on the emergence of an incongruency advantage at test,

despite participants showing explicit behavioural errors to these animacy violations. Thus,

the presence of a prediction error, in itself, does not appear to guarantee learning across

all forms of task-relevant information.

Notably, prediction errors in this paradigm are indexed via a learned motor response. It is

possible that this motor response is simply divorced from the underlying mechanism that

is generating the incongruency effect in Experiment 4. Indeed, our exploratory analysis is
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in line with this notion, indicating that it was the categorical violation that was crucial

for the emergence of the incongruency advantage. Nevertheless, the presence of reduced

accuracy and increased response times at Cue+1 in the Incongruent condition is indicative

of a prediction error taking place, but this error did not potentiate learning. As such,

a key takeaway here may be that the prediction error may need to concern the specific

information that is to be recalled, hence why categorical violations produced a category-

level incongruency advantage (they are the same level of information), but violation in

animacy and/or sequential order did not. Likewise, this may also shed light on our lack

of an effect at the exemplar level, simply, violations were not occurring at the exemplar

level.

3.3.3.4 Conclusion

In this chapter I have successfully replicated the U-shaped function predicted by SLIMM,

however, under limited circumstances. In the present paradigm, it appears this effect is

only present when violations occur at the category level, with sequential violations being

insufficient to produce a memory advantage at the Incongruent side of the curve.

In the following chapter I combine Experiment 4’s behavioural paradigm with magnetoen-

cephalography (MEG). This Experiment has three broad goals. First, I aimed to replicate

the behavioural findings of Experiment 4 to ensure the reliability of the incongruency ef-

fect. Second, I attempted to provide evidence of stimulus-specific neural predictions prior

to a category’s actual occurrence. I did this by applying multivariate decoding techniques

to the pre-stimulus period. Using variables such as decoding accuracy and the oscillatory

power spectrum of decoding time series, I aimed to uncover evidence of ongoing predictive

processing during sequence encoding. By breaking this data down by whether a category

is expected to occur next, or whether it is a within or out-of-schema category, I could also

be able to shed light on the nature of the predictions taking place (do they concern a single
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category, or multiple upcoming categories). Third, I investigated how neural responses

differed between the Congruency conditions post-stimulus onset. To do this, I contrast

time-frequency responses across the experimental conditions to assess changes in spectral

power dependent on whether a schematic prediction was affirmed or violated. In doing so,

I provide evidence that encoding-based mechanisms are indeed contributing to the effects

observed at retrieval.
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4 The Neural Dynamics of Schema Effects

via Magnetoencephalography

4.1 Introduction

In this chapter, I will investigate the neural mechanisms underlying the effects observed in

the previous behavioural experiments. To do this, I will combine the behavioural paradigm

from Experiment 4, where I observed a U-shaped function of schema congruency at the

category level, with magnetoencephalography (MEG) and multivariate pattern analysis

(MVPA). Specifically, I will examine whether the emergence of schema effects is preceded

by evidence of ongoing neural predictions during the pre-stimulus period, and whether the

affirmation or violation of these predictions is followed by prediction error signals.

Before presenting the experiments in this chapter, I will briefly review three relevant topics:

(1) the neuroscience of schema processing, (2) the use of MVPA to study neural represen-

tations, and (3) previous research on pre-stimulus neural predictions.

4.1.1 The neuroscience of schemas

Numerous brain regions have been implicated in schema processing. Most prominent among

these are the hippocampus (HPC) and the medial prefrontal cortex (mPFC). However,

other regions such as the anterior temporal lobe, the middle and superior temporal gyri,
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the temporoparietal junction, and the angular gyrus have also been associated with schema-

related functions (Gilboa & Marlatte, 2017). This distributed collection of brain regions

aligns well with the mnemonic, semantic, and attentional networks that one might expect

to be involved in the processing of schemas (Buckner et al., 2008; Corbetta & Shulman,

2002; Jackson, 2021; Kim, 2010; Ralph et al., 2016; Thakral et al., 2017). Given that

schemas are believed to act as a template against which ongoing experiences are routinely

interpreted, it is of little surprise that neuroimaging research would reveal engagement of re-

gions associated with episodic recollection, semantic control, and stimulus-driven attention

and saliency signals.

Although there is a general consensus that the hippocampus and medial prefrontal cor-

tex are crucial for schema processing, the precise contributions of each region are still

debated. SLIMM (van Kesteren et al., 2012) predicts a division of labour between the

mPFC and HPC with either region being specifically involved in schema-congruent or

schema-incongruent encoding respectively. Under this framework, the mPFC enacts top-

down inhibition of HPC encoding when events are schema-congruent, resulting in gist-like

encoding, whereas the HPC is particularly sensitive to prediction errors and supports en-

hanced encoding of episodic detail. Indeed, several studies have supported this proposal of

an mPFC-HPC distinction. van Kesteren et al. (2013) had participants study scene-object

pairs during fMRI and rate them on how likely they were to co-occur in the real world. The

following day, recognition and associative memory for the scene-object pairs was highest

for pairs rated as most likely to co-occur. Crucially, mPFC activity increased linearly with

subjective ratings of congruency, whereas parahippocampal areas of the medial temporal

lobes showed increasing activity with decreasing congruency. Together, these findings are

in line with SLIMM’s prediction that congruent information is detected by the mPFC

which subsequently inhibits activity in the medial temporal lobes. In a different study,

it was found that patients with mPFC lesions show fewer false alarms to new items that

are perceptually similar to previously viewed items, potentially indicating greater pattern
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separation due to less inhibition of the HPC by the mPFC under schema-congruent con-

ditions (Spalding et al., 2015). SLIMM has also been corroborated by its prediction of a

U-shaped function of schema congruency that has now been demonstrated across several

studies (Greve et al., 2019; Ortiz-Tudela et al., 2024; Quent et al., 2022; Yacoby et al.,

2025), including by Experiment 4 in the preceding chapter. However, as has been revealed

both in this thesis and in the wider literature (Ortiz-Tudela et al., 2024; Yacoby et al.,

2025), the presence of this U-shaped function appears to be highly context-dependent.

Beyond the fact that the U-shaped function is not observed as consistently as SLIMMmight

predict, several neuroimaging studies suggest that mPFC-HPC interactions may be more

complementary than proposed by SLIMM. Raykov et al. (2019) familiarised participants

with the lead character’s of a TV show over the course of a week to create schematic knowl-

edge regarding the characters identities. At test, a schema congruency effect was observed

where participants had better recognition memory for novel pictures of the characters they

had been trained on over those they had not. Critically, whole-brain fMRI analyses re-

vealed that both the ventral mPFC (vmPFC) and the HPC showed greater activation for

trained vs. untrained identities, with no interaction between the regions, suggesting that

both regions had a similar preference for schema-congruent information. Moreover, trained

vs. untrained identities did not modulate vmPFC-HPC connectivity. These findings are

at odds with SLIMM that would predict greater preference for schema congruency in the

mPFC, and for schema congruency to modulate mPFC-HPC interactions. In a different

study investigating expectation violations, Garrido et al. (2015) investigated the neural

dynamics of prediction violations by combining dynamic causal modelling (DCM) with

MEG. They found theta activity in both the vmPFC and HPC was engaged by prediction

violations. Crucially, DCM on theta phase-locked activity suggested that violation-induced

theta in the HPC was driven by vmPFC theta, a finding not predicted by SLIMM. Taken to-

gether, these studies indicate that both schema-congruent and schema–incongruent events

engage the HPC and mPFC, suggesting that neither region is predominantly selective for
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only one type of information.

Despite an ongoing debate regarding the precise contributions of the HPC and mPFC to

schema effects in memory, there is broad consensus that schema effects are the consequence

of a predictive coding process (Gilboa & Marlatte, 2017; Huang et al., 2023; Ortiz-Tudela

et al., 2024; Quent et al., 2021; van Kesteren et al., 2012; van Kesteren & Meeter, 2020).

Under this framework, schemas facilitate ongoing neural predictions that are continuously

compared with sensory inputs. This predictive processing modulates mPFC-HPC interac-

tion which results in the behavioural manifestation of schema effects. In line with this pre-

dictive account, van Kesteren et al. (2012) note that schema effects can be modeled using

a Bayesian framework, where a prior distribution represents existing schematic knowledge

and a likelihood distribution represents incoming sensory experience. Indeed, the lack of an

incongruency effect in an Unrelated condition, despite maximal novelty, is well-explained

from a Bayesian perspective. When both the prior and likelihood distributions are both

relatively flat (i.e., inputs are novel but predictions are imprecise), the lack of a strong

prediction leads to little prediction error, and little learning occurs. More concretely, be-

havioural evidence of ongoing predictions has also been linked to enhanced memory. In a

study where participants were trained on a board game across multiple sessions, schema-

based predictive eye movements during encoding were associated with enhanced memory

retention, effects that were most prevalent in participants with the most well-developed

expertise (Huang et al., 2023). Finally, neuroimaging studies of prediction and learning

frequently report neural correlates of prediction error in regions associated with schema-

related processes (e.g., mPFC-HPC). In particular, hippocampal theta oscillations and

PFC-MTL connectivity are frequently linked to prediction violations (Garrido et al., 2015;

Recasens et al., 2018), indicating that these regions support the comparison of incoming

events with prior expectations.

Despite the evidence that schema effects are driven by predictive processing, the precise

temporal dynamics by which this occurs remains underexplored. In particular, while pre-
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diction violation and the pre-stimulus activation of predictable representations have been

observed independently, they have not yet been jointly linked to schema effects in a single

study. The present study seeks to bridge this gap by using multivariate pattern analysis

(MVPA) to test whether schema-based expectations manifest as pre-stimulus neural reac-

tivation, and whether these anticipatory signals are subsequently followed by prediction

error responses and behavioural schema effects. Before doing this, I will first move on to

introduce the use of MVPA in neuroscience more generally.

4.1.2 Multivariate pattern analysis in neuroscience

The use of multivariate methods in cognitive neuroscience first came to prominence via the

seminal fMRI paper of Haxby et al. (2001). This research allowed for the discrimination

of neural representations that classic univariate approaches could not. Haxby et al. (2001)

demonstrated that patterns of activity across voxels in the ventral temporal cortex could

distinguish between object and face representations, even when average activation did not

significantly differ. This finding highlighted that stimuli are often represented in terms

of distributed patterns of activation rather than in the activation of distinct regions or

voxels.

Crucially, the introduction of these methods has allowed for the decoding of task-relevant

information both when a stimulus is online but also during periods of spontaneous neural

activity when that information may still be cognitively relevant (Liu et al., 2022; Staresina

et al., 2013). A classic example of decoding spontaneous activity comes from episodic

memory research where the representation of a memory can be decoded from its replay

during recall or consolidation. For example, Deuker et al. (2013) combined Support Vector

Machines (SVM) with concurrent fMRI and EEG. Participants learned object-location

paired-associates and SVM classifiers were trained on the accompanying neural data. In a

subsequent rest period, participants slept in the scanner. It was found that stimulus-specific
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representations could be decoded during the resting period both during sleep and during

wakeful rest. Thus, multivariate methods have provided a method for analysing brain

data and decoding stimulus-specific representations when the averaging of event-related

responses is not valid or possible.

The extension of multivariate decoding techniques to high-precision time series data such

as MEG has further highlighted the approach’s utility in advancing our understanding

of human cognition. Owing to MEG’s superior temporal resolution compared to fMRI,

it is possible to decode representations with millisecond precision (Grootswagers et al.,

2017). This makes it possible to pinpoint precisely when a representation emerges and

how it evolves over time. A prominent example of this comes from the method known as

time generalisation (King & Dehaene, 2014). By training and testing classifiers on every

combination of training and test time points, it can be established how well a pattern of

activity at one time point predicts the pattern of activity at another, giving an indication

as to whether a representation is stable across time or whether it transforms as cognition

unfolds.

Importantly, decoding methods have also allowed researchers to establish the temporal

dynamics of visual perception and precisely when different forms of visual information are

decodable from a brain signal (T. Carlson et al., 2013). Features such as category, animacy

and exemplar information all have different time courses with respect to the onset and the

peak of their decodability. T. Carlson et al. (2013) found that category membership could

be decoded from a neural signal as early as 80 ms post stimulus onset with peak decoding

occurring anywhere between 120 - 180 ms. However, higher-level conceptual characteristics

such as animate vs. inanimate distinctions did not become apparent until 160 ms with a

peak decoding time of 240 ms. Notably, the discriminability of a set of stimuli can be

dependent on the way in which they are grouped. For example, the same set of stimuli

could be discriminated earlier when grouped as Faces vs. Bodies than when grouped as

Human vs. Animal, further emphasising that more abstract information emerges later in
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the processing hierarchy.

Importantly, MPVA has also been used to reveal the dynamics of memory retrieval. By

applying MVPA both at encoding and retrieval, it has been possible to determine specific

temporal windows that are associated with the reactivation of memory traces (Jafarpour

et al., 2013). Early decoding during stimulus encoding has been associated with enhanced

memory at test. Moreover, during cued recall, it is possible to decode associates of the cue

from approximately 500 ms after cue onset, with successful decoding predicting accurate

recall (Bramão & Johansson, 2018). Crucially, decoding also seems to be possible during

inter-stimulus or pre-stimulus periods. For example, in a working memory task, Fuentemilla

et al. (2010) demonstrated stimulus decoding during a maintenance period whereby neural

patterns representing specific items were periodically reactivated in synchrony with the

phase of ongoing theta cycles. Likewise, Moccia et al. (2022) found that a retrieval goal

(retrieval of visual vs. auditory targets) could be decoded from a pre-cue EEG time series,

indicating that the ongoing retrieval context was represented in the pre-stimulus period.

Together, these studies indicate that task-relevant representations can be reinstated or

maintained in memory during periods when a stimulus is not actively perceived, and that

MVPA provides a powerful tool for revealing their presence.

In the present chapter, I will use MVPA in an attempt to detect the predictive reactivation

of upcoming categories in a sequence. By using MEG’s fine temporal resolution, we can

pinpoint the peak decoding of a category and attempt to generalise its sensor space repre-

sentation to pre-stimulus periods when the category is expected but not currently online.

In a preliminary pilot experiment, I first examine whether the behavioural task performed

during classifier training influences classifier fidelity. Previous research suggests that en-

gaging in a task, rather than passively viewing images, bears little influence on classifier

performance (T. A. Carlson et al., 2003). Nonetheless, decoding representations during

pre-stimulus periods likely entails poor signal-to-noise ratios, so investigating potential

avenues of enhancing classifier fidelity is still warranted.
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4.1.3 Pre-stimulus markers of prediction and memory

Before moving onto the Experimental work in this chapter, it is worth reviewing previous

research that has revealed pre-stimulus markers of prediction and memory in the brain.

For example, Gilboa & Moscovitch (2017) used electroencephalography (EEG) to provide

evidence of pre-stimulus schema monitoring in the mPFC. Participants viewed faces of

familiar people who they personally knew, famous people they did not personally know,

and unfamiliar faces, and were required to indicate whether they had personally met the

person before. Here, the self acted as a schema against which incoming information could

be assessed. In the 500 ms period prior to a face, theta coherence desynchronisation was

observed between the mPFC and regions of the inferior and lateral temporal cortices, ar-

eas known to be involved in face processing (Kanwisher et al., 1997; Sergent et al., 1992).

This pre-stimulus desynchronisation predicted behavioural accuracy, and modulated the

N170 ERP and a frontal positive ERP at approximately 200 ms, components known to

be associated with face processing (Itier, 2004) and semantic organisation (Blanchet et al.,

2007) respectively. Gilboa & Moscovitch (2017) interpreted these results as reflecting on-

going schema instantiation by the mPFC, whereby the region maintains a context-relevant

schema to support the processing of upcoming stimuli, facilitating memory retrieval and

cognitive performance. However, while this study demonstrated that the mPFC can main-

tain schema-relevant information prior to stimulus onset, it did not provide evidence of

schema-based modulation of sequential predictions or the pre-activation of specific upcom-

ing events. Thus, the extent to which pre-stimulus neural activity reflects not only general

schema instantiation but also the predictive reactivation of upcoming items in a sequence

remains unclear.

More recently, research has gone beyond general schema instantiation to reveal evidence

of category-specific pre-stimulus activity, detectable via multivariate analyses. Sherman

et al. (2022) combined intracranial EEG (iEEG) with a statistical learning task in which
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a continuous sequence of scene categories had a predictable structure. Using a represen-

tational similarity analysis (RSA) approach on sensor-level time-frequency data, it was

shown that patterns of activity prior to a category’s onset were significantly correlated

with the categories online frequency-by-sensor representation. Sherman et al. (2022) re-

lated these effects to subsequent memory and found that neural similarity evidence for a

category prior to its occurrence was greater for remembered items than it was for forgotten

items. This indicates that not only can representations of predictable events be brought

online prior to their occurrence, but that this pre-activation benefits subsequent memory,

a finding which is in line with the predictive account of schema effects in memory. Notably,

however, Sherman et al. (2022) did not manipulate prediction violations (i.e., all predic-

tions were affirmed). Moreover, predictions in this study arose in a single task in which

a continuous stream of exemplars followed a statistical structure, allowing participants to

anticipate repeating patterns. In contrast to this, schemas are thought to be long-term

semantic representations that are formed across multiple episodes and then generalised to

novel situations. It therefore remains unclear whether the predictive effects observed here

would emerge in paradigms such as the one used in this thesis, where schema knowledge is

acquired a priori and then applied to new events.

Finally, research shows that predictive cues can elicit the pre-stimulus activation of sensory

templates. Kok et al. (2017) combined MEG with multivariate decoding and a paradigm

where participants heard predictive audio cues that predicted the orientation of an upcom-

ing grating. Multivariate classifiers applied to the pre-stimulus period between the cue

and the target revealed that orientation could be decoded up to 40 ms prior to stimulus

onset. Notably, a subsequent study revealed that predictive signals may also manifest in

the spectral characteristics of the decoding time series. Hetenyi et al. (2024) conducted a

similar study that attempted to decode shape categories rather than gratings. Classifiers

were trained for these categories while the category was visually perceived and then applied

to the time series between the auditory cue and the onset of the visual category. A Fast
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Fourier Transform (FFT) was then applied to the decoding time series to investigate its

spectral characteristics. It was found that the pre-stimulus classification time series for

predictable categories contained more alpha power (10 - 11 Hz) than decoding time series

from classifiers trained on randomly labeled data. Moreover, pre-stimulus alpha power

correlated with post-stimulus shape discrimination. When an auditory cue was a valid pre-

dictor of shape category, pre-stimulus alpha power in the decoding time series predicted

shape discrimination more so than on trials where the cue was invalid. Again, these re-

sults indicate that predictable information can be pre-activated prior to an event’s actual

occurrence, and that this pre-activation can influence perceptual performance. Notably,

however, this study did not assess subsequent memory. As such, it remains unclear as to

how these predictions, and their affirmation or violation, relate to memory retention.

In the coming sections I aim to investigate whether the schema effects observed in the

previous behavioural experiments are accompanied by evidence of predictive processing

in the brain. To do this, I combined the behavioural paradigm from Experiment 4 with

multivariate decoding and MEG. In a preliminary pilot Experiment, I investigate whether

classifier accuracy is influenced by the task performed during classifier training: Oddball,

Category discrimination, or Exemplar discrimination. The results from the pilot were used

to inform the design of a localiser task that would be used to train the category-specific

classifiers in the main MEG Experiment.

In the main MEG experiment, I opted to use the behavioural paradigm from Experiment

4, as this was the only experiment in which the predicted U-shaped function of schema

congruency was observed (van Kesteren et al., 2012). Participants performed the main

temporal order memory task during MEG, followed by the localiser task determined from

the pilot. Using this data, I conducted time-frequency decomposition to investigate whether

Incongruent trials elicited neural violation signals, such as increases in theta-band activity,

that have previously been associated with prediction errors in the brain (Garrido et al.,

2015; Recasens et al., 2018). Following this, I trained category-specific classifiers on the
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localiser data and applied them to the time series during the main temporal order memory

task. By examining classifier performance and the frequency characteristics of the decoding

time series during the pre-stimulus period, I aimed to determine whether category-specific

representations were activated in advance of a category’s actual occurrence, consistent with

schema-facilitated predictions.

The present study had three main aims:

1. Replicate the behavioural schema effects observed in Experiment 4, where pre-learned

schematic knowledge of sequence structure produced a U-shaped function of schema

congruency at the category level.

2. Link category-level incongruency effects to prediction error signals, such as theta-

band responses.

3. Investigate whether these schema effects and prediction error signals are preceded by

pre-stimulus predictive reactivation of expected categories.

4.2 Classifier Piloting

In this pilot Experiment, I aimed to investigate whether the task used during classifier

training bears any influence on subsequent classifier fidelity. Previous research suggests that

the task used during classifier training has little influence on subsequent performance (T.

A. Carlson et al., 2003). However, given that the main MEG experiment presented in this

chapter investigates pre-stimulus activity where SNR will be poor, even small enhancements

in classifier fidelity would be beneficial. This pilot also offered the opportunity to ensure

that the category images used in the previous experiments could indeed be distinguished

using multivariate decoding.
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During MEG, three different tasks required participants to evaluate the categories at dif-

ferent levels of representation. An oddball task was used as a baseline in which partici-

pants passively viewed the categories without any explicit instruction to retain category or

exemplar-level information. This was accompanied with a category discrimination and an

exemplar discrimination task, which required participants to encode information at either

the category or exemplar level respectively. Classifiers were subsequently trained on the

oscillatory activity associated with each category using a cross-validation approach. By

comparing classifier performance across tasks, I aimed to reveal (1) whether the categories

could indeed be decoded from an MEG time series, and (2) whether the overall performance

of the classifier varied depending on the task used during training.

4.2.1 Methods

4.2.1.1 Participants

Nine participants were recruited from the University of York student body and were re-

imbursed with course credit. One participant was excluded because they did not perform

above chance in the behavioural task as determined by a one-tailed binomial test performed

on their trial-level data. This left a final sample size of N = 8 participants (5 females, 3

males; M ± SD age in years = 22.9 ± 2.82). All participants indicated that they were

fluent English speakers, right-handed, had normal or corrected-to-normal vision, had no

prior or existing neurological or psychological illnesses, and were not on any psycho-active

drugs. Participants gave informed consent for the experiment, which was approved by the

York Neuroimaging Centre’s (YNiC) ethics committee.
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4.2.1.2 Materials

This experiment used the same exemplar images from the eight categories used in the

previous behavioural experiments: faces, dogs, insects, plants, buildings, cars, furniture,

and tools. See Chapter 1 Methods for details.

4.2.1.3 Design

This experiment had a one-way design with a single within-subject independent variable,

Task, that had three levels: Oddball, Category discrimination, and Exemplar discrimina-

tion. The dependent variable was accuracy coded as a binary variable.

4.2.1.4 Procedure

A schematic of the experimental procedure can be seen in Figure 4.1. Participants engaged

in three tasks: Oddball, Category Discrimination, and Exemplar Discrimination. Each

task was completed back-to-back during consecutive MEG runs. The order of the tasks

was counterbalanced across participants.

Each task consisted of 14 blocks. In each block, participants would see a continuous stream

of exemplars from the eight categories. Each block consisted of four exemplars from each

of the eight categories for a total of 32 trials per block. Each stimulus was shown on the

screen for 1000 ms with an inter-stimulus interval (ISI) jittered between 400 - 600 ms for an

average ISI of 500 ms. All 14 blocks contained the same four exemplars from each category,

however, the order of the exemplars in each block was randomised. Different exemplars

were used in each task. This gave a total of 56 presentations of each of the eight categories

per task giving 448 stimulus presentations per task.
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4.2.1.4.1 Oddball task

The oddball task was intended as a baseline condition in which the participants passively

viewed the images, and it was not necessary to process the stimuli at either the category

or the exemplar level. In the oddball task, there were an additional four trials per block

(giving a total of 36 trials per block) that acted as oddball trials on which the participants

must respond. On these oddball trials, participants would see an exemplar in the same

way as any other trial except that a red dot would be superimposed somewhere on the

image. Participants were required to indicate when a trial contained a red dot by pressing

a button on a response pad. Oddball trials were removed from the data prior to MEG

analysis.

4.2.1.4.2 Category discrimination task

The category discrimination task was used to assess whether classifier performance im-

proved when participants were required to process the stimuli at the category level, but

not exemplar level. In the category discrimination task, four trials per block were followed

by a two-alternative forced-choice test. After a trial, a visual mask would appear on the

screen for 500 ms to indicate that a test was about to occur. Two categories would appear,

one on the left and one on the right-hand side of the screen. One category would be a

different exemplar of the same category that the participant just saw, the other would be

an exemplar of a different category. The participant had to select the exemplar that was

of the same category as the trial they just saw by pressing a button on a response pad.

Participants were given 2000 ms to respond before they were timed out. If they were timed

out the words “TIME OUT!” would appear on the screen in red text for 1500 ms. Time

out trials were marked as incorrect. There were four tests per block that occurred after

randomly selected trials.
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4.2.1.4.3 Exemplar discrimination task

The exemplar discrimination task required the participants to process the stimuli at the ex-

emplar level. The exemplar discrimination task was identical to the category discrimination

task apart from the nature of the exemplars used during tests. During tests, participants

would see two exemplars of the same category. One would be the exact same exemplar as

the one they just saw on the previous trial, the other would be a different exemplar from

the same category. Participants were required to select the exemplar that was the same as

the one they just saw on the previous trial.
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Figure 4.1: Schematic of the task used in the MEG pilot. During the oddball task par-
ticipants saw a continuous stream of exemplars, 36 per block. Four of those
trials were oddballs containing a red dot. Participants were instructed to re-
spond whenever they saw an image containing a red dot. During the category
discrimination task participants saw a continuous stream of exemplars, 32 per
block. After four randomly selected trials per block, participants made a two-
alternative forced-choice discrimination judgement as to which category was
the same as the one just seen. During the exemplar discrimination task, partic-
ipants saw a continuous stream of exemplars, 32 per block. After four randomly
selected trials per block, participants made a two-alternative forced-choice dis-
crimination judgement as to which exemplar was the same as the one just seen.

4.2.1.5 MEG data acquisition and processing

MEG recordings were acquired using a 4D Neuroimaging Magnes 3600 whole-head 248-

sensor magnetometer system. Four of the sensors were offline giving a total of 244 sensors

in the final data set. Data was collected at a sampling rate of 1000 Hz. All analyses were

performed in sensor space, so no head digitisation was performed. Data preprocessing and
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analysis were performed using the MATLAB toolbox FieldTrip (Oostenveld et al., 2011).

Raw MEG recordings were first bandpass filtered between 0.5 - 45 Hz using Butterworth

filters and notch filters were applied at 50 and 60 Hz to remove any residual noise from the

mains frequency and projector frame rate. Bad channels were rejected via visual inspection.

The data were then subjected to Independent Components Analysis (ICA) which was used

for the removal of eye blink and cardiac artifacts. Finally, the data were epoched into

-400 ms to +1000 ms segments around stimulus onset. Note that no trial rejection was

performed in any of the MEG work presented in this chapter. The decision not to reject

bad trials was motivated by the fact that in the main temporal order memory experiment,

individual epochs form a part of larger sequences and rejecting individual trials would

remove data from these ongoing sequences. Moreover, this decision was also justified by

recent findings suggesting that the increased SNR that trial rejection provides does not

compensate for loss in statistical power (Delorme, 2023).

4.2.1.6 MVPA

MVPA analyses were conducted using the MVPA-Light framework (Treder, 2020). All

models used Linear Discriminant Analysis (LDA) to find the lower-dimensional projection

of the data that maximised class separability. The analyses used a 5-fold cross-validation

procedure with ten repetitions. A classifier was trained for each of the eight categories

(faces, dogs, insects, plants, buildings, cars, furniture, and tools) using a one-vs-all ap-

proach, resulting in an 87.5% class imbalance in favour of the negative class. To account

for this imbalance, classifier performance was quantified using Area Under the Receiver

Operating Characteristic Curve (ROC AUC). Classifiers were trained on labeled MEG

epochs, with sensors as features. Prior to training, each feature was z-scored across epochs

per timepoint. MVPA-Light performed time-resolved decoding by applying LDA on a

timepoint-by-timepoint basis (e.g., train on -400ms and test on -400ms etc.), yielding an
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ROC AUC metric for each time point, category, and task.

4.2.2 Results

4.2.2.1 Behavioural

Given the small sample size and the exploratory nature of this pilot study, I did not perform

inferential statistics on the group behavioural data. Behavioural accuracy in the three tasks

is plotted in Figure 4.2. Average accuracy was above 90% in all tasks. However, there was

some indication of worse performance in the category discrimination task relative to the

oddball and exemplar discrimination tasks. Nonetheless, all participants were performing

well above chance (50%) indicating that they were engaging with the task as expected.

Figure 4.2: Mean accuracy (%) in each of the three tasks used in the MEG pilot experi-
ment. Dots represent individual participant means. Error bars represent 95%
confidence intervals.
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4.2.2.2 MVPA results

The results from the pilot MVPA analysis are plotted in Figure 4.3. The first analysis

investigated category decoding across the three tasks when the classifiers were trained on

the full sampling rate of 1000 Hz. Category decoding peaked at approximately 200 ms post

stimulus onset with little difference in the classifiers’ peaks across the Oddball (M = 0.61,

SD = 0.06), Category discrimination (M = 0.6, SD = 0.03), or Exemplar discrimination

task (M = 0.6, SD = 0.03). Classifier performance began to rise at approximately 80 ms

post-stimulus and returned to baseline by 600 ms in all three tasks.

I next ran the same analysis investigating whether averaging the MEG data across time

could boost classifier performance. If a representation is maintained in the brain across

time, averaging across time points may help to reduce noise that is unrelated to the ongoing

category representation and boost classifier performance. The data at a sampling rate of

1000 Hz was averaged across 20 ms bins to give a final sample rate of 50 Hz. In this

analysis, classifier performance again peaked at approximately 200 ms and there was a

small numerical increase in classifier performance in the Oddball (M = 0.63, SD = 0.06),

Category discrimination (M = 0.62, SD = 0.03), and Exemplar discrimination task (M

= 0.61, SD = 0.03). The period of decoding was also similar to the previous analysis

with classifier performance beginning to rise at approximately 80 ms post-stimulus and

returning to baseline by approximately 600 ms in all tasks.

Overall, the Oddball task appeared to result in the highest numerical classifier fidelity.

However, the Oddball task also had the widest error margins, that overlapped substantially

with the performance of both the Category and Exemplar discrimination task classifiers,

making the difference in performance difficult to dissociate from chance.
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Figure 4.3: Classifier performance in the MEG pilot experiment from -400 to 1000 ms in
each of the three tasks when performing on the full sampling rate of 1000 Hz
(Left) and when the data were averaged across time in 20 ms bins to produce
a rate of 50 Hz (Right). Shaded areas represent 95% confidence intervals.

4.2.3 Discussion

This pilot experiment demonstrates that the exemplars in the present dataset are decodable

at the category level from sensor space MEG signals. However, consistent with previous

research (T. A. Carlson et al., 2003), there was little evidence that classification accuracy

was impacted by the task performed during classifier training. This indicates that the

choice of a task used as a localiser is unlikely to be of substantial consequence. This lack

of a distinction between tasks, and the early rise (~100 ms) and peak (~200 ms) of the

decoding time series, also suggests that the categories are primarily being decoded using

early visual information, and that category discrimination is less likely to be based on

higher-level conceptual characteristics.

Having confirmed that the categories are indeed decodable, I moved on to the main MEG

experiment. In the main MEG experiment, classifiers were trained using the exemplar

discrimination task. The exemplar discrimination task was chosen as it showed greater
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behavioural accuracy than the category discrimination task and there was less error asso-

ciated with its peak decoding estimate when compared with the oddball task.

4.3 MEG Experiment

The main MEG experiment investigated the neural correlates of the schema effects observed

in Experiment 4. As before, participants were pre-trained on the sequence schemas before

completing the main temporal order memory task during MEG. The key question was

whether the schema effects observed in previous experiments were accompanied by evidence

of predictive processing.

To test this, I applied time-frequency decomposition to Cue, Cue+1 and Cue+2 at encod-

ing across the three Congruency conditions, examining whether prediction error signals

and markers of memory encoding were reflected in modulations of theta-band activity.

Following this, multivariate decoding was used to investigate decoding in the pre-stimulus

period. If significant decoding could be revealed in the pre-stimulus time series, this would

provide strong evidence that prior knowledge was used to generate predictions about up-

coming events. Time-frequency decomposition could then show that these predictions are

followed by prediction error signals, and the behavioural manifestation of mnemonic schema

effects.

4.3.1 Methods

4.3.1.0.1 Participants

Due to the use of MEG in this experiment, a reduction in the number of trials was required

to ensure participants were not in the scanner for more than an hour. To determine an

appropriate number of trials and sample size, a Monte Carlo resampling procedure with

168



4 The Neural Dynamics of Schema Effects via Magnetoencephalography

1000 iterations was conducted on the data from Experiment 4. For 30 participants with 27

trials per condition, the observed data yielded 90.1% detection of the schema incongruency

effect and 100% detection of the schema congruency effect at the category level at Cue+1.

As such, I aimed for a sample of at least N = 30 with 27 trials per condition. Based on the

time constraints of the project a total of N = 38 participants were run to keep the sample

as close in size as possible to the behavioural experiments.

Thirty-eight participants were recruited from the University of York student population.

Participants were reimbursed with course credit or a £20 Amazon voucher. One participant

was excluded due to a software error that meant their MEG data could not be recorded,

however, their pre-study data was still included in the pre-learning analysis. This left a

final sample size of N = 37 participants (31 females, 6 males; M ± SD age in years = 21 ±

3.02). All participants indicated that they were fluent English speakers, right-handed, had

normal or corrected-to-normal vision, had no prior or existing neurological or psychological

illnesses, and were not on any psycho-active drugs. Participants gave informed consent for

the experiment, which was approved by the York Neuroimaging Centre’s (YNiC) ethics

committee.

4.3.1.0.2 Materials and procedure

The study was split into two sessions separated by approximately 24 hours. During the first

session, participants engaged in the same pre-learning task used in the previous behavioural

experiments. In contrast to the previous experiments, I extended the inter-stimulus interval

between the items in a sequence from 500 ms to 1000 ms. This was done to increase the

amount of time in which pre-stimulus activity could be decoded. After the 24-hour delay,

participants would repeat this pre-learning task to ensure the schemas were fresh in their

minds before immediately entering the MEG scanner and completing the main temporal

order memory task. It took approximately 30 minutes to get participants in the scanner,

resulting in a delay between the pre-learning phase and the temporal order memory task
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that was not present in the previous behavioural experiments. The temporal order memory

task was followed by a localiser task that was used for training the classifiers.

Temporal order memory task

The temporal order memory task took the same form as that used in Experiment 4 with the

ISI extended to 1000 ms. The study was split into study-test blocks with three sequences

per block. Participants would study three four-item sequences that were either Congru-

ent, Incongruent, or Unrelated to the pre-learned schemas. In contrast to the previous

behavioural experiments, participants did not make animacy judgements while studying

the sequences in the main task. This was to prevent motor or pre-motor responses from

generating unwanted artifacts in the MEG signal. However, participants did make animacy

judgements during pre-learning. Each test phase was identical to that used in Experiment

4. Participants would be cued with an exemplar from a sequence and required to recall

the following two items in a four-alternative forced-choice task using buttons on a response

pad that represented quadrants on the screen.

To reduce the amount of time spent in the scanner, the total number of blocks was also

reduced. The task consisted of 35 blocks, eight of which were Congruent filler blocks. The

remaining 27 blocks provided 27 Congruent, Incongruent, and Unrelated sequences each.

This is approximately half the number of sequences in the behavioural experiments that

provided 50 sequences per condition. Each of these blocks contained a single Unrelated

sequence with the other two sequences either being two Congruent sequences, two Incon-

gruent sequences, or one Congruent sequence and one Incongruent sequence. Congruent

filler blocks always occurred immediately following a block containing two Incongruent

sequences or on the next block but one. Multiple blocks containing two Incongruent se-

quences could not occur back-to-back. This was done to prevent too many incongruent

sequences from occurring in a row.

For the analysis of the behavioural data, Congruent filler blocks were removed to be in
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line with the previous behavioural experiments. However, given that the MEG analyses

attempted to detect pre-stimulus activation in the Congruent condition, the Congruent

filler blocks were included in the MEG analyses to increase statistical power. This gave 27

sequences in the Incongruent and Unrelated conditions and 51 sequences in the Congruent

condition. When analysing all Congruent trials (four epochs per sequence) this gave a

total of 204 Congruent epochs. When analysing all Unrelated trials there were 108 epochs.

When breaking the sequences down by Cue, Cue+1 and Cue+2 this gave 27 epochs each

for the Incongruent and Unrelated conditions and 51 for the Congruent condition.

Localiser task

The localiser task used the exemplar discrimination task described in the previous pilot

experiment. The only difference was that each of the 14 blocks now contained unique

exemplars. This meant that there were a total of 56 presentations of each category, all of

which were unique exemplars of that category. Which exemplars were used in the localiser

(training set) and which were used in the main temporal order memory task (test set) was

randomised across participants.

4.3.1.1 MEG data acquisition and processing

MEG recordings were acquired using a FieldLine HEDscan Optically-Pumped Magnetome-

ter (OPM) system. The system had 128 sensors, however, due to sensors being down

during different scanning sessions the number of active sensors varied across participants

(M = 118.18, SD = 2.96, range = 111-123). Data was collected at a sampling rate of

5000 Hz. All analyses in this chapter were performed in sensor space, however structural

MRIs and LIDAR scans were performed to facilitate source reconstruction at a later date.

Data preprocessing and analysis were performed using the Python modules MNE Python

(Gramfort, 2013), Numpy (Harris et al., 2020), and Scikit-learn (Pedregosa et al., 2011).
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Raw MEG recordings were bandpass filtered between 0.5 - 45 Hz and notch filters were

applied at 50 and 60 Hz to remove any residual noise from the mains frequency and projector

frame rate respectively. Bad channels were rejected via visual inspection. The data were

then subjected to Independent Components Analysis (ICA) and eye blink and cardiac

artifacts were removed via visual inspection. Finally, data were epoched into -1000 ms to

+2000 ms segments around stimulus onset for the main temporal order memory task. This

created an epoch for each category that extended from the offset of the preceding category

to the onset of the subsequent category. This resulted in overlapping epochs in the temporal

order memory task data that could be cropped as needed for each analysis. For the localiser

task, the data was epoched between -400 to +1000 ms. Data were downsampled to 250 Hz

after epoching.

4.3.1.2 Time-frequency decomposition

Cue, Cue+1 and Cue+2 trials in each Congruency condition during encoding were cropped

between -1000 ms to +1000 ms around stimulus onset and were baseline corrected using a

time period between -900 to -750 ms. This gave 27 trials for Cue, Cue+1 and Cue+2 for

the Incongruent and Unrelated condition and 51 trials for each in the Congruent condition.

Each trial was then convolved with Morlet wavelets, using the MNE compute_tfr method,

to derive the oscillatory power of the MEG signal across time and frequency. Twenty-seven

frequencies ranging from 4 - 30 Hz were used, using a logarithmic spacing to distribute

power across the frequency bands known to be of importance for human cognition. This

logarithmic spacing ensures that frequency bands with greater widths (e.g., Beta, 13 - 30

Hz) are not prioritised over frequency bands with narrower widths (e.g., Theta, 4 - 8 Hz).

For each frequency, the number of cycles was defined as half the frequency to balance

time and frequency resolution across the analysed bands. The data were normalised to

decibels (dB) by applying a log-ratio baseline period between -500 to –250 ms. Finally,

edge artifacts were removed by cropping the epochs between -750 ms to +850 ms. The
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time-frequency representations were then averaged across sensors to give a grand average

for each participant and condition. The raw decompositions were then contrasted in two

different ways. First, Congruent > Unrelated, Incongruent > Unrelated and Incongruent >

Congruent contrasts were performed for Cue, Cue+1 and Cue+2 trials respectively. Second,

Cue+1 > Cue was compared within each Congruency condition. Significant clusters for

each contrast were determined while controlling for multiple comparisons by using cluster-

based permutation tests performing a one-sample t-test against zero. Permutation tests

involved 1000 permutations.

4.3.1.3 Time-resolved decoding and time generalisation

I applied time-resolved decoding to determine whether categories in the temporal order

memory task could be decoded using classifiers that were trained on the localiser data. I

also ran the same analysis using a time generalisation approach to inspect how well training

at one time point generalised to other time points. The localiser data was first baseline

corrected between -200 to -50 ms, the temporal order memory task data was baseline cor-

rected between -900 to -750 ms. MVPA analyses were conducted using a combination

of MNE Python and Scikit-learn. All models used Linear Discriminant Analysis (LDA).

Classifiers were trained for every category on the localiser task in a one-vs-all manner for

each time point between -400 ms to +1000 ms around stimulus onset. There was an 87.5%

class imbalance, so classifier performance was quantified using ROC AUC. Classifiers were

trained on the localiser epochs with sensors as features. Prior to training, each feature was

z-scored across epochs per time point. After being trained on the localiser data, classifiers

were tested on the data in the temporal order memory task around epochs of -400 to +1000

ms in a timepoint-by-timepoint fashion. Classifiers were applied separately for both the

Congruent and the Unrelated conditions, yielding a time series of ROC AUC metrics for

each time point, category, and condition. Time-resolved decoding was applied using the
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MNE SlidingEstimator. Time generalisation was applied using the MNE GeneralizingEs-

timator. All analyses averaged classifier performance across categories within participant.

In total there were 204 trials used in the Congruent analysis and 108 trials used in the

Unrelated analysis.

4.3.1.4 Pre-stimulus decoding

This analysis aimed to see if the sensor space representation present during peak decoding

in the time-resolved decoding analysis could be generalised to the pre-stimulus period,

providing evidence of predictive reactivation of a given category. To do this I took the

localiser data and averaged the MEG signal between 150 - 350 ms post stimulus onset.

This time period was selected as it is approximately ± 100 ms around the peak decoding

time in the time-resolved decoding analysis. For each epoch, I extracted this single average

time point to act as the training data. Classifiers were trained for each category on this

single averaged time point. The localiser data was baseline corrected between -200 to -50

ms and the temporal order memory task data was baseline corrected between -900 to -750

ms prior to analysis.

In this analysis, each category classifier in the Congruent condition was trained against all

other out-of-schema categories. For example, if the schemas were: (red) face-building-dog-

tool, (blue) furniture-car-plant-insect, and I was training a classifier for face, face would be

trained against furniture-car-plant-insect. As the Unrelated condition could contain any of

the eight categories, no categories were strictly out-of-schema. As such, the negative class

was defined as four other categories selected at random. This ensured that the negative

class in both the Congruent and Unrelated condition consisted of four categories. Once

trained, these classifiers were then generalised to every time point in every epoch of -1000

to +1000 ms in the temporal order memory task. For each time point a raw discriminant

value was extracted. This left a data structure concerning the raw discriminant values for
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each category’s classifier over each time point in all epochs in the temporal order memory

task.

For each category classifier, I then broke the test data down based on whether the category

the classifier was trained to discriminate was expected Next in the sequence, whether it

was within-schema but not next, or whether it was out-of-schema. For example, imagine

we were investigating the results of the building classifier and the schemas were: (red)

face-building-dog-tool, (blue) furniture-car-plant-insect. If the building classifier was being

applied to an epoch ± 1000 ms around a trial in which a building was to appear, this epoch

would be labeled as Next. However, if the building classifier was applied to an epoch that

occurred within the same schema as building but when building was not next, for example,

on an epoch when a dog would appear next, that epoch would be labeled Within-schema.

Finally, if the classifier was applied to an epoch from the opposite schema, such as when

furniture was about to appear, that epoch would be labeled Out-of-schema.

This allowed me to plot the raw discriminant values from a classifier for each category

depending on whether it was being applied to an epoch when that category was Next,

the category was Within-schema but not next, or the category was Out-of-schema. This

was done separately for both the Congruent and Unrelated sequences. Notably, in the

Unrelated condition, no categories were strictly Within or Out-of-schema as the Unrelated

sequences can contain any of the eight categories. Therefore, the epochs in the Unrelated

analysis were either labeled as Next or Not next.

As discriminant values can differ in scale between classifiers, the discriminant values were

z-scored prior to any averaging across categories and conditions. Each time series was

averaged across categories within participant before being averaged across participants.

An identical control analysis was also run in which the classifiers were trained on randomly

labeled data.
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4.3.1.5 Frequency analysis of pre-stimulus decoding time series

This analysis was based on the findings of Hetenyi et al. (2024), who found that pre-

stimulus predictions manifest as increases in alpha power in a decoding time series. To

investigate whether this was the case in the present experiment a similar analysis was

applied to the pre-stimulus decoding time series (of z-scored discriminant values) described

under the previous heading. The pre-stimulus decoding time series described above were

cropped to include data between -750 ms to 0 ms. The time point -750 ms was used because

this was the end of the period used for baseline correction of the data. On a trial-by-trial

basis, the time series were tapered using a Hann window and transformed to the frequency

domain via a Fast Fourier Transform (FFT). The power spectrum was then computed as

the squared magnitude of the FFT, yielding power values in arbitrary units. As with the

pre-stimulus decoding analysis above, the results in the present analysis were broken down

based on whether a category was Next, Within-schema, or Out-of-schema in the Congruent

condition. In the Unrelated condition, the results were broken down by whether a category

was Next or Not next. A secondary control analysis was also run where the power spectrum

was computed for decoding time series that had been derived from classifiers trained on

random labels.

4.3.1.6 Cross-validation of pre-stimulus period

Although reactivation in the pre-stimulus period may be decoded using a classifier trained

during stimulus perception, it is also possible that pre-stimulus activity could be category-

specific, but that this activity is not representative of the patterns of activity observed

during perception. Therefore, to determine whether category evidence could be decoded

from the pre-stimulus period itself, a cross-validation analysis was performed on the ISIs

during the main temporal order memory task. For the Congruent and Unrelated conditions,
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I extracted epochs between -1000 ms to 0 ms. This gave epochs containing only the pre-

stimulus period, with no periods during which categories were actively perceived. For each

condition two classifiers were trained, one to decode the upcoming category, and one to

decode the position in the sequence (i.e., the first, second, third, or fourth ISI period in

the sequence). Note, category and position were correlated in the Congruent condition,

but were decoupled in the Unrelated condition, allowing me to ask whether classification

in the ISI of the Congruent condition was related to the upcoming category or sequential

position.

The analyses used a 5-fold cross-validation procedure with ten repetitions. A classifier was

trained for each of the eight categories or four positions using a one-vs-all approach. To

account for class imbalance, classifier performance was quantified using ROC AUC. Classi-

fiers were trained on labeled MEG epochs, with sensors as features. Prior to training, each

feature was z-scored across epochs. Classification was performed in a time-resolved manner

by applying LDA on a timepoint-by-timepoint basis, yielding an ROC AUC metric for each

time point and category / position. The resulting time series were then averaged across

categories / positions within participant to derive a single time series for each participant.

4.3.2 Results

4.3.2.1 Behavioural results

4.3.2.1.1 Pre-learning

A trials-to-criterion analysis was run on the pre-learning data to establish whether partici-

pants were reaching criterion faster in session 1 than in session 2. Many participants were

close to ceiling in the first session, resulting in a violation of normality of differences. As

such, median and interquartile range values are reported with a Wilcoxon test. There was

no significant difference between the median number of trials to reach criterion in session
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1 (Median = 22, IQR = 1.75) and session 2 (Median = 22, IQR = 0), V = 100.5, p =

.098, r = 0.32. This indicates that participants may not have been retaining information

from session 1. However, the large number of participants near ceiling in session 1 (n =

26) suggests that this lack of a difference is likely due to the ease of the task, rather than

a lack of memory between sessions.

4.3.2.1.2 Retrieval

Mean accuracy across the Congruency and Test manipulations at retrieval can be seen in

Table 4.1. A full summary of the mixed-effects model at retrieval can be seen in Table 4.2.

The results of the retrieval analysis are plotted in Figure 4.4.
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Table 4.1: Mean percentage accuracy at retrieval between Cue+1 and Cue+2 across the
three Congruency conditions at the category, exemplar, and conditional exem-
plar level in the MEG experiment. Standard deviations are shown in parenthe-
ses.

Level Congruency Cue+1 Cue+2

Category Unrelated 65.33 (14.09) 68.21 (10.82)

Congruent 83.95 (12.07) 80.25 (11.2)

Incongruent 72.63 (11.95) 62.96 (13.77)

Exemplar Unrelated 51.75 (17.94) 52.88 (15.78)

Congruent 62.86 (17.45) 59.57 (16.38)

Incongruent 58.74 (16.87) 49.18 (17.87)

Conditional Exemplar Unrelated 80.28 (11.73) 77.98 (14.09)

Congruent 74.8 (12.85) 75.08 (11.54)

Incongruent 81.4 (11.91) 78.01 (15.82)

Category level

To be included in the category-level retrieval analysis participants were required to be

significantly above chance (50%) in terms of category-level accuracy collapsed across Con-

gruency and Test manipulations. This resulted in a final sample size of n = 36.

When collapsing across Test, accuracy was significantly higher on Congruent trials as com-

pared to both the Unrelated (𝛽 = 0.86, SE = 0.08, z = 11.06, p <.001) and Incongruent

conditions (𝛽 = 0.8, SE = 0.08, z = 10.27, p <.001). However, there was no difference

between the Incongruent and Unrelated conditions (𝛽 = 0.06, SE = 0.07, z = 0.81, p =

.417).

However, there were two significant Congruency by Test interactions. Test interacted with

both the Congruent vs. Unrelated contrast (𝛽 = −0.4, SE = 0.16, z = -2.55, p = .011) and
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the Incongruent vs. Unrelated contrast (𝛽 = −0.6, SE = 0.14, z = -4.29, p <.001).

When assessing the effects of Congruency at Cue+1 alone, all three contrasts were signif-

icant. Accuracy in the Congruent condition was higher than in the Unrelated (𝛽 = 1.06,
SE = 0.11, z = 9.45, p <.001) and Incongruent conditions (𝛽 = 0.7, SE = 0.11, z = 6.11,

p <.001). Crucially, accuracy was higher in the Incongruent condition relative to the Un-

related baseline (𝛽 = 0.36, SE = 0.1, z = 3.56, p <.001). This indicates that the MEG

experiment successfully replicated the incongruency advantage observed in Experiment

4.

When assessing the effects at Cue+2, the Congruency effect was still present, with accuracy

in the Congruent condition being higher than in the Unrelated (𝛽 = 0.66, SE = 0.11, z

= 6.15, p <.001) and Incongruent condition (𝛽 = 0.91, SE = 0.11, z = 8.53, p <.001).

However, at Cue+2 the effect of incongruency was flipped, and there was a significant

Incongruency disadvantage when comparing the Incongruent and Unrelated conditions

(𝛽 = −0.24, SE = 0.1, z = -2.49, p = .013).

Exemplar level

To be included in the exemplar-level retrieval analysis participants were required to be

significantly above chance (25%) in terms of exemplar-level accuracy collapsed across Con-

gruency and Test manipulations. This resulted in a final sample size of n = 36.

When collapsing across Test, the effects at the exemplar level mirrored those observed at

the category level. Accuracy was higher in the Congruent condition relative to both the

Unrelated (𝛽 = 0.4, SE = 0.07, z = 5.84, p <.001) and Incongruent conditions (𝛽 = 0.32,
SE = 0.07, z = 4.75, p <.001). There was no difference between the Incongruent and

Unrelated conditions (𝛽 = 0.07, SE = 0.07, z = 1.09, p = .275).

I also observed a Congruency by Test interaction for the Incongruent vs. Unrelated contrast

(𝛽 = −0.47, SE = 0.13, z = -3.5, p <.001). However, there was no interaction for the
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Congruent vs. Unrelated contrast at the exemplar level (𝛽 = −0.2, SE = 0.14, z = -1.47,

p = .140).

When breaking the model down by Test, I saw a similar pattern of results at Cue+1 as

were observed at the category level. Accuracy was higher in the Congruent (𝛽 = 0.5, SE

= 0.1, z = 5.16, p <.001) and Incongruent conditions (𝛽 = 0.31, SE = 0.1, z = 3.24, p

= .002) relative to the Unrelated baseline. However, although accuracy was numerically

higher in the Congruent condition relative to the Incongruent condition, this difference did

not reach statistical significance (𝛽 = 0.19, SE = 0.1, z = 1.94, p = .053).

At Cue+2, accuracy was higher in the Congruent condition relative to both the Unrelated

(𝛽 = 0.3, SE = 0.1, z = 3.1, p = .004) and Incongruent conditions (𝛽 = 0.46, SE = 0.1, z

= 4.8, p <.001). However, there was no difference between the Incongruent and Unrelated

conditions (𝛽 = −0.16, SE = 0.09, z = -1.71, p = .087).

Conditional exemplar level

To be included in the conditional exemplar-level analysis participants were required to be

above chance performance at the exemplar level when only considering trials on which

category-level information was accurately recalled (50%). This resulted in a final sample

size of n = 33.

Interestingly, in the MEG experiment I observed a Congruency disadvantage at the exem-

plar level. When collapsing across Test, accuracy was significantly lower in the Congruent

condition relative to both the Unrelated (𝛽 = −0.25, SE = 0.1, z = -2.56, p = .021) and

the Incongruent conditions (𝛽 = −0.29, SE = 0.1, z = -3.02, p = .008). However, there

was no difference between the Incongruent and Unrelated condition (𝛽 = 0.05, SE = 0.11,

z = 0.44, p = .659).

There were no interactions in the conditional exemplar model, however, I broke the model

down by Test for completeness. At Cue+1, accuracy was lower in the Congruent condition
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relative to the Unrelated (𝛽 = −0.33, SE = 0.14, z = -2.35, p = .038) and the Incongruent

conditions (𝛽 = −0.41, SE = 0.14, z = -2.99, p = .008). However, there was no difference

between the Incongruent and the Unrelated condition (𝛽 = 0.08, SE = 0.15, z = 0.54, p

= .588). This indicates that there was a significant congruency disadvantage for exemplar-

level information at Cue+1. Notably, this finding is in line with SLIMM’s prediction of

reduced memory for detail under schema-congruent conditions. I discuss this point in more

detail in the discussion. There were no significant contrasts at Cue+2 in the conditional

exemplar model.
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Table 4.2: Summary of the mixed-effects model at retrieval for the category, exemplar,
and conditional exemplar-level analyses in the MEG experiment. P-values are
uncorrected and therefore may differ from those in the text.

Level Fixed effect Estimate SE z p

Category Intercept 0.68 0.11 6.19 <.001

Congruent (vs. unrelated) 1.06 0.11 9.45 <.001

Incongruent (vs. unrelated) 0.36 0.10 3.56 <.001

Test (Cue+1 vs. Cue+2) 0.14 0.10 1.38 .167

Congruent x Test -0.40 0.16 -2.55 .011

Incongruent x Test -0.60 0.14 -4.29 <.001

Exemplar Intercept 0.09 0.13 0.70 .484

Congruent (vs. unrelated) 0.50 0.10 5.16 <.001

Incongruent (vs. unrelated) 0.31 0.10 3.24 .001

Test (Cue+1 vs. Cue+2) 0.05 0.09 0.52 .601

Congruent x Test -0.20 0.14 -1.47 .140

Incongruent x Test -0.47 0.13 -3.50 <.001

Conditional Exemplar Intercept 1.51 0.15 10.14 <.001

Congruent (vs. unrelated) -0.33 0.14 -2.35 .019

Incongruent (vs. unrelated) 0.08 0.15 0.54 .588

Test (Cue+1 vs. Cue+2) -0.14 0.15 -0.98 .330

Congruent x Test 0.16 0.19 0.80 .421

Incongruent x Test -0.07 0.21 -0.33 .739
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Figure 4.4: Mean accuracy (%) at retrieval across the Congruency and Test manipulations
at (A) category level, (B) exemplar level, and (C) conditional exemplar level in
the MEG experiment. Diamonds show the sample means. Density and scatter
plots show the distribution of participant means. Error bars represent 95%
confidence intervals. 184
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4.3.2.2 MEG Results

Four participants were excluded from the MEG analyses. One participant was excluded due

to a software error where their data from the localiser task failed to save. One participant

was excluded for having excessively noisy data due to movement artifacts. One participant

asked for a scanning run to be terminated and one participant was excluded for excessive

head movement. This resulted in a final sample size of n = 33 for the MEG analyses.

4.3.2.2.1 Time-frequency

First, I aimed to investigate whether there was any evidence of prediction error signals in

the time-frequency representations. A time-frequency representation for each Congruency

condition at Cue, Cue+1 and Cue+2 respectively can be found in Figure 4.5
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Figure 4.5: Time-frequency plots showing the Congruent (top row), Incongruent (middle
row), and Unrelated conditions (bottom row) at Cue (left column), Cue+1
(middle column), and Cue+2 (right column) from -750 to +800 ms. Dotted
vertical line shows stimulus onset. Power is displayed in decibels. Freqeuncies
on y-axis are log-spaced.

I contrasted the time-frequency representations (TFR) for the Congruent, Incongruent,

and Unrelated conditions in a pairwise manner at Cue, Cue+1, and Cue+2 respectively

to see how power differed between the conditions at each position in the sequence. The

results from this analysis are plotted in Figure 4.6.

Each TFR contrast was subjected to a cluster-based permutation test that performed a

one-sample t-test against zero. A single significant cluster was found. At Cue+1 in the

Incongruent condition, the trial on which the violation occurred, there was an increase in
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theta power (4 - 8 Hz) from approximately 250 ms to 800 ms. This finding is consistent

with research that suggests that theta oscillations signal prediction errors. Notably, this

increase in theta power in the Incongruent condition is not present at Cue+2, despite

the fact that Cue+2 was also schema incongruent. This aligns well with the behavioural

data, where there was an incongruency advantage at Cue+1 but not at Cue+2. However,

it is noteworthy that there were no significant clusters when contrasting the Incongruent

condition with the Congruent condition, despite theta appearing numerically higher in the

Incongruent condition at Cue+1.
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Figure 4.6: Time-frequency plots showing the contrasts Congruent > Unrelated (top row),
Incongruent > Unrelated (middle row), and Incongruent > Congruent (bottom
row) at Cue (Left column), Cue+1 (middle column), and Cue+2 (right col-
umn) from -750 to +800 ms. Dotted vertical line shows stimulus onset. Black
contours show significant clusters as determined by cluster-based permutation
tests performing a one-sample two-tailed t-test against zero. Power is displayed
in decibels. Freqeuncies on y-axis are log-spaced.

Finally, I investigated whether there were differences between Cue and Cue+1 in each of

the three Congruency conditions. The results of this analysis are plotted in Figure 4.7.

There was a single significant cluster in this analysis in the Unrelated condition, in which

there was a significant decrease in theta-band activity at Cue+1. This finding suggests that

the theta signal observed in the Incongruent > Unrelated contrast in the previous analysis

may have, at least in part, been driven by a relative decrease in theta between Cue and
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Cue+1 in the Unrelated condition, rather than an increase in theta in the Incongruent

condition per se. Notably, this pattern is still in line with the U-shaped function observed

in the behavioural data. Research suggests that higher theta may be associated with

greater encoding (Joensen et al., 2023; Kota et al., 2020; Lin et al., 2017). A significant

decrease in theta in the Unrelated condition at Cue+1 may explain why memory retention

is impaired in the Unrelated case. It is not entirely clear why theta would decrease in

the Unrelated condition at Cue+1, however, one possibility is that it is a sequential effect.

Cue+1 is always the second or third item in the sequence, it is never the first or last item,

and the decrease in theta may represent less attention toward central items. I return to

this point in the discussion.

The time-frequency analyses suggest that differences in theta-band activity are present dur-

ing encoding and are in line with the behavioural U-shaped function of schema congruency.

However, these effects seem to be partially driven by decreases in theta in the Unrelated

condition, which calls into question whether the significant cluster in the Incongruent >

Unrelated contrast truly reflects a prediction error signal. However, it is worth highlight-

ing that this analysis involved averaging time-frequency representations across sensors to

derive a sensor space grand average. This averaging may reduce power and future analyses

using topographies or source space data may provide stronger evidence for differences.
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Figure 4.7: Time-frequency plots showing the contrasts Cue+1 > Cue in the Congruent
(Left), Incongruent (middle), and Unrelated (right) conditions from -750 to
+800 ms. Dotted vertical line shows stimulus onset. Black contours show
significant clusters as determined by cluster-based permutation tests performing
a one-sample two-tailed t-test against zero. Power is displayed in decibels.
Freqeuncies on y-axis are log-spaced.
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4.3.2.2.2 Time-resolved decoding

This analysis was designed to demonstrate that the categories were indeed decodable using

a train-test decoding paradigm (rather than the cross-validation paradigm used in the

pilot). In doing so, I could determine the peak decoding time points that would be used

to train classifiers in the pre-stimulus decoding analyses. Results from the time-resolved

decoding analysis are plotted for the Congruent and Unrelated conditions in Figure 4.8.

Consistent with prior research (T. Carlson et al., 2013) category evidence began to steeply

rise within the first 100 ms after stimulus onset. This was true for both the Congruent and

Unrelated condition. When averaging the decoding time series timepoint-by-timepoint

peak decoding accuracy was similar in both the Congruent (M = 0.59) and Unrelated

conditions (M = 0.59). Likewise peak decoding occurred at similar times in each condition.

In the Congruent condition peak decoding occurred at 248 ms, whereas peak decoding in

the Unrelated condition occurred at 236 ms.

Figure 4.8: Time series showing the time-resolved decoding averaged across category when
training on the localiser data and testing on the data from the main temporal
order memory task in the Congruent condition (Left) and the Unrelated con-
dition (Right). Vertical line indicates stimulus onset, Horizontal line indicates
chance level performance. Blue shaded areas show 95% confidence intervals.
Red shaded area shows time points of significant decoding as determined by
cluster-based permutation tests.
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Notably, averaging timepoint-by-timepoint across participants may reduce classifier fidelity,

as different participants may peak at different times. To address this, I ran an analysis

looking at the peak decoding value for each participant regardless of when that occurred.

Overall, peak decoding was numerically lower in the Congruent condition (M = 0.62, SD

= 0.04) than in the Unrelated condition (M = 0.65, SD = 0.04), a difference that was

statistically significant t(32) = -5.93, p <.001, d = -0.58. These results are plotted in

Figure 4.9.

Why average decoding peaks would be higher in the Unrelated condition is not entirely clear.

However, if predictions of future categories are taking place in the Congruent condition,

this may weaken the representation of the current category somewhat. I return to this

point in the discussion.

Figure 4.9: Bar chart showing the average peak decoding value in the time-resolved de-
coding analysis in the Congruent and Unrelated conditions. Dots represent
individual participant means. Error bars represent 95% confidence intervals.
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4.3.2.2.3 Time generalisation

Next, I used time generalisation to investigate how classifiers trained at specific time points

generalised to other times. Notably, this would also allow for the first exploration of pre-

stimulus decoding as classifiers trained on time points post stimulus onset would be tested

on timepoints in the pre-stimulus period. For every category and timepoint in a -400 to

1000 ms time window, a classifier was trained on the localiser data and this classifier was

tested on every time point in that time frame in the temporal order memory task. This

resulted in a time generalisation matrix for each category which were then averaged across

categories to give a final time generalisation matrix for each participant. Results from this

time generalisation analysis are plotted in Figure 4.10.

Cluster-based permutation tests performing a two-tailed one-sample t-test against baseline

(ROC AUC = 0.5) were applied to assess clusters of significant above/below chance clas-

sification in both the Congruent and Unrelated conditions. In both analyses there were

two significant clusters. The first cluster, prominent in both conditions, revealed the typ-

ical pattern observed in a time generalisation analysis (King & Dehaene, 2014) in which

classifier performance peaked when classifiers were tested on similar timepoints to which

they were trained. Notably, the cluster encompassed most of the train and test times after

approximately 100 ms, indicating that classifiers did generalise across time, suggesting a

relatively stable mental representation.

Of particular note was a second cluster that indicated decoding in the pre-stimulus period.

Interestingly, ROC AUC seemed to be significantly below baseline as stimulus onset ap-

proached, suggesting that classifiers were actively predicting the negative class. Although

somewhat counter intuitive, a pattern that negatively correlates with an expected pattern

is still predictive of that pattern, suggesting that this may be evidence of a predictive signal.

However, a cluster of decoding was also present in the pre-stimulus period of the Unrelated

condition, where predictions regarding the upcoming category should not be possible. As
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such, it is difficult to say whether this pattern is a true predictive signal or an artifact in

the data.

Figure 4.10: Time generalisation matrices showing category decoding averaged across cat-
egories obtained by training and testing classifiers on all pairwise time points.
Red contours indicate significant clusters as determined by cluster-based per-
mutation test performing a one-sample two-tailed t-test against baseline per-
formance (ROC AUC = 0.5). Dashed lines indicate stimulus onset.

4.3.2.2.4 Pre-stimulus decoding

The time generalisation analysis presented evidence of pre-stimulus decoding. However,

its presence in both the Congruent and Unrelated conditions, and the fact that the signal

was significantly below baseline (active prediction of the negative class), made it unclear

as to whether this was a true predictive signal. Therefore, I moved on to try and refine the

pre-stimulus decoding analyses further. One way to determine whether the pre-stimulus

activity is indeed category-specific, is to see how well a classifier performs when applied to

an epoch when a different category is next. If the below chance decoding observed above is

indeed category-specific, it should only be observed when a category is expected to occur

next and not when it is applied to epochs relating to other categories.
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Importantly, this analysis would also help to provide evidence as to whether predictions

were occurring multiple steps into the future. If predictions were occurring multiple steps

into the future, as the behavioural experiments suggest, this may manifest as a period

of significant pre-stimulus decoding for within-schema categories that are expected in the

current context but that are not next in the sequence. As such, one possible pattern of

results would be strong pre-stimulus decoding for the category which is next, relatively

weaker decoding of within-schema categories, and no indication of decoding for out-of-

schema categories.

To do this, I trained a single classifier on peak classifier performance in the localiser task

and generalised that classifier to an entire two second epoch -1000 to +1000 ms around

stimulus onset in the temporal order memory task. This classifier was trained on a single

vector of sensor space activity that was derived by averaging the data in each training

epoch between 150 to 350 ms after stimulus onset. This time period was approximately

± 100 ms around peak classifier performance in the time-resolved decoding analysis. This

averaging was aimed at reducing category-irrelevant noise that may occur across MEG

samples, to produce a more veridical category-specific representation.

A classifier was trained for each category and then applied to every epoch in the main

temporal order memory task and time series of raw discriminant values were retrieved.

There were therefore eight time series for each epoch, one for each category-specific classifier.

In the Congruent condition, for each epoch, the classifiers could then be sorted based on

whether the classifier was the Next category in the sequence (i.e., was the correct label

for this epoch), was a within-schema category but was not next, or was an out-of-schema

category. In the Unrelated condition, the time series were sorted based on whether a

category was Next or Not next. An identical procedure was also run with classifiers that

were trained on random labels. Periods of significant decoding were determined using

cluster-based permutation test performing a one-sample two-tailed t-test against baseline

(z = 0). Results from the pre-stimulus decoding analysis are plotted in figure Figure 4.11.
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I found that the z-scored discriminant values peaked at approximately 250 ms post stimulus

onset for the time series regarding categories that were Next. This peak was also not present

when the classifiers were trained on random labels providing further evidence that this effect

is indeed category-specific. Once again, there was a significant negative effect away from

average performance in the pre-stimulus period when a category was Next. However, as

with the time generalisation analysis, this appeared in both the Congruent and Unrelated

condition, raising doubt as to the precise nature of this effect.

Notably, the Within-schema and Out-of-schema time series varied little from the average

discriminant score in the pre-stimulus period, indicating that Within and Out-of-schema

categories could not be decoded during the pre-stimulus period. Moreover, the negative

effect was not present for classifiers trained on random labels. These findings suggest that

the negative effect in the pre-stimulus period is indeed category-specific, and not just an

artifact observed for any classifier applied to the pre-stimulus period. However, the precise

nature of this effect and why it appears in both the Congruent and Unrelated condition

remains unclear. Additionally, the lack of decoding for Within-schema categories means

this analysis has provided little evidence for predictions that occur multiple steps into the

future.

Finally, it is worth highlighting that there were significant below average discriminant

values post-stimulus for Out-of-schema categories, an effect that was not present for Within-

schema categories. This effect is likely due to the fact that the Out-of-schema categories

were included in the negative class but the Within-schema categories were not.
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Figure 4.11: Decoding time series averaged across category showing the z-scored discrim-
inant values. Classifiers were trained for each category and then applied to
every epoch in the main temporal order memory task. In the Congruent con-
dition (Left) these epochs were broken down by whether a category-specific
classifier was being applied to an epoch when the category was Next (blue),
when the category was Within-schema but not next (orange), or whether the
category was Out-of-schema (not expected in the current sequence) (green).
In the Unrelated condition (Right), the epochs were broken down by whether
a category-specific classifier was being applied to an epoch when the category
was Next (blue) or when it was Not Next (orange). Dashed vertical line indi-
cates stimulus onset. Shaded areas show 95% confidence intervals. Horizontal
lines above the time series indicate periods of significant decoding as deter-
mined by cluster-based permutation test.

197



4 The Neural Dynamics of Schema Effects via Magnetoencephalography

4.3.2.2.5 Frequency analysis of pre-stimulus decoding time series

Hetenyi et al. (2024) found that pre-stimulus predictions manifested not in overall classifier

performance but in the frequency characteristics of the decoding time series. Specifically,

they found increased alpha power in a decoding time series for a predictable shape category.

I therefore investigated whether this was true of the pre-stimulus time series presented in

the previous analysis. To do this, I took the time series presented above in the pre-stimulus

decoding section and cropped the time series to only include the period between -750 to

0 ms, the pre-stimulus period that was not used for baseline correction. I then applied

an FFT to these time-series on a trial-by-trial basis. Power values were derived for each

frequency between 2 - 30 Hz as the squared magnitude of the FFT values. An identical

procedure was also applied to the time series trained on randomly labeled data. Results

from the FFT analysis of the pre-stimulus decoding time series are plotted in Figure 4.12.

To determine whether there were any differences in alpha power across Congruency con-

ditions and whether the classifiers were trained on accurately or randomly labelled data,

power was averaged across 8 - 12 Hz for each participant and a 2x2 repeated-measures

ANOVA with Congruency (Congruent vs. Unrelated) and Training labels (Accurate vs. Ran-

dom) as predictors was conducted. There was a main effect of Training labels F(1, 32) =

7.94, p = .008, 𝜂2 < .01, but no main effect of Congruency F(1, 32) = 0.01, p = .928,

𝜂2 < .01. The Congruency by Training labels interaction failed to reach significance F(1,

32) = 3.32, p = .078, 𝜂2 < .01.

For completeness, t-tests were conducted to determine differences in alpha power between

Accurate and Random labels within each Congruency condition. In the Congruent condi-

tion alpha power for accurate labels (M = 0.77, SD = 0.26) did not differ from alpha power

for random labels (M = 0.76, SD = 0.23 ), t(32) = 1.02, p = .315, d = 0.07. However,

in the Unrelated condition, alpha power for accurate labels (M = 0.81, SD = 0.31) was

higher than for random labels (M = 0.73, SD = 0.24), t(32) = 2.82, p = .008, d = 0.26.
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These results indicate that increases in alpha power were only observed in the Unrelated

condition. This conflicts with previous findings that have suggested this alpha signal is a

marker of pre-stimulus predictions, as I only observed the effect in the Unrelated condition

where upcoming stimuli are unpredictable. A potential account for this finding is reviewed

in the discussion.
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Figure 4.12: Power spectrum of the pre-stimulus decoding time series at -750 ms to 0 ms
(stimulus onset). The top row shows the Congruent condition (Left) and the
Unrelated condition (Right). In the Congruent condition (Left) these epochs
are broken down by whether a category-specific classifier was being applied to
an epoch when the category was Next (blue), when the category was Within-
schema but not next (orange), or when the category was Out-of-schema (not
expected in the current sequence) (green). In the Unrelated condition (Right),
the epochs are broken down by whether a category-specific classifier was being
applied to an epoch when the category was Next (blue) or when it was Not
Next (orange). The bottom row shows the same power spectrum for time
series when a category was Next, plotted against a classifier that was trained
on randomised labels. Shaded areas show 95% confidence intervals.
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4.3.2.2.6 Cross-validation of pre-stimulus period

Finally, it is possible that predictive signals occurring in the pre-stimulus period may not

be representative of the patterns of activity that are present during stimulus perception.

As such, I ran an analysis investigating whether there was any information in the pre-

stimulus period itself that was predictive of the upcoming category, but that could not be

decoded using a classifier trained while the category was actively perceived. To do this,

I trained and tested classifiers using 5-fold cross validation on the 1000 ms pre-stimulus

period prior to a category’s occurrence in the main temporal order memory task. As this

analysis involved cross-validation on the pre-stimulus time series, no baseline correction

was applied.

I ran two analyses, one in which the data were labeled in terms of the upcoming category,

and one in which the data were labeled in terms of an epoch’s position in the sequence

(i.e., whether it was the first, second, third, or fourth epoch in a sequence). Labeling the

data in these two ways is important because in the Congruent condition the upcoming

category correlates with sequence position. For example, in a Congruent sequence of the

form: face-building-dog-car, face is always first, building is always second and so on. How-

ever, this is not the case in the Unrelated condition, where categories can theoretically

appear in any position in the sequence. As such, it is important to label the data both in

terms of the upcoming category, and in terms of sequence position, in order to disentangle

what information is actually being decoded. Results from the cross-validation analysis are

plotted in Figure 4.13.

When labeling the data in terms of the upcoming category I observed above chance decoding

accuracy, especially in the first half of the pre-stimulus period in the Congruent condition.

Notably, this was not the case in the Unrelated condition in which classifier performance

was at chance throughout the pre-stimulus period. However, when labeling the data in

terms of sequence position, I observed above chance decoding in both the Congruent and
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Unrelated conditions, particularly in the first half of the pre-stimulus period. This pattern

of results indicates that information is indeed decodable during the pre-stimulus period

using a cross-validation approach. However, this decoding evidence is most likely driven

by the epoch’s position in the sequence rather than the upcoming stimulus category.

Figure 4.13: Time series showing the cross-validation of the pre-stimulus period from -
1000 to 0 ms (stimulus onset) in the Congruent (Left) and Unrelated (Right)
conditions. The top row shows results when the data were labeled in terms
of the upcoming category. The bottom row shows results when the data were
labeled in terms of position in the sequence (i.e., first, second, third, or fourth
epoch in the sequence). Horizontal line shows chance level performance. Blue
shaded areas show 95% confidence intervals. Red shaded areas show periods
of significant decoding as determined by cluster-based permutation tests.
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4.3.3 Discussion

The work presented in this chapter was aimed at replicating the U-shaped function of

schema congruency observed in Experiment 4, providing evidence of prediction error signals

on schema-incongruent trials, and investigating whether these effects are preceded by pre-

stimulus reactivation of predictable categories.

The behavioural results successfully replicated those observed in Experiment 4. At the

category level, a U-shaped function of schema congruency was observed, with higher recall

accuracy in the Congruent and Incongruent conditions relative to the Unrelated baseline.

This finding helps to confirm that categorical violations in particular, as opposed to sequen-

tial violations, enhance memory retention. I will return to the implications of this finding

in the general discussion chapter.

Of particular note in the present study, was the finding of a significant disadvantage in the

Congruent condition at the conditional exemplar level relative to both the Unrelated and

Incongruent Conditions at Cue+1. This finding is of note as it is in line with a prediction

of SLIMM (van Kesteren et al., 2012). SLIMM predicts that under schema-congruent

conditions memory encoding should be gist-like due to mPFC-dominated encoding that

bypasses hippocampal encoding of episodic detail. Likewise, under schema-incongruent

conditions, hippocampal encoding should facilitate detailed memory traces. It is possible

that the congruency disadvantage observed here is reflective of this gist-like vs. detailed

encoding. However, this effect was not been observed in any of the previous experiments,

including Experiment 4, which makes the effect difficult to dissociate from type I error.

There are two key differences that may have contributed to enhanced encoding of detail

in the MEG experiment. First, there were no animacy judgements required at encoding,

which may have allowed more focus on the exemplars themselves rather than generating

responses to animacy-level information. Second, the MEG experiment only had 35 blocks,

which was markedly less than the 64 blocks in Experiment 4. It may be the case that the
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additional cognitive fatigue involved in the longer experiment resulted in less engagement

from participants, who fell back on cognitively easier strategies such as focusing on category-

level, rather than exemplar-level, information. If participants were indeed engaging with

exemplar-level information more in the MEG experiment, SLIMM would predict that this

should primarily manifest as increases in performance in the Incongruent condition. In

line with this, the congruency disadvantage in the present experiment seems to be driven

by an increase in performance in the Incongruent condition between the two experiments,

rather than a decrease in performance in the congruent condition, indicating more detailed

encoding in the Incongruent condition specifically. Although somewhat speculative, it may

be beneficial for future research to repeat this experiment with no animacy judgements

during encoding and with the decreased number of blocks to see whether the decrease in

cognitive load would result in a replication of the difference in memory for detail in the

Congruent and Incongruent conditions.

Time-frequency analyses revealed two significant clusters. First, I observed a significant

increase in theta power at Cue+1 in the Incongruent condition compared with Cue+1 in

the Unrelated condition. One interpretation of this result is that this increased theta re-

flects a prediction error signal triggered by the unexpected category at Cue+1. However,

a second significant cluster revealed a significant drop in theta between Cue and Cue+1 in

the Unrelated condition. This suggests that the relative increase in theta in the Incongru-

ent condition may be partly driven by decreases in theta power in the Unrelated condition,

rather than increases in the Incongruent condition per se. Importantly, a reduction in theta

at Cue+1 in the Unrelated condition is consistent with the observed U-shaped function

of schema congruency. Previous research has linked theta activity to enhanced memory

encoding (Joensen et al., 2023; Kota et al., 2020; Lin et al., 2017), and thus, the decrease

in theta at Cue+1 in the Unrelated condition may help to account for poorer memory

performance in the Unrelated condition relative to the Congruent and Incongruent condi-

tions. This finding aligns with our behavioural findings, providing evidence that the effects
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observed at retrieval are indeed driven by neural processes that are present at encoding.

However, precisely why theta would decrease between Cue and Cue+1 in the Unrelated

condition remains unclear.

One possibility is that the decrease in theta power is caused by sequence position. In this

experiment, Cue+1 is always the first or second item in the sequence, and never first or

last. Research into serial order retention consistently shows primacy and recency effects

whereby memory is enhanced for the initial and final items in a sequence (R. N. A. Henson,

1998; Page & Norris, 1998). These effects are often attributed to the increased allocation

of attention to first and last items (Azizian & Polich, 2007; Morrison et al., 2014; Oberauer,

2003). Notably, the upregulation of attentional processes has been associated with increases

in theta activity (Fiebelkorn & Kastner, 2019; Keller et al., 2017; McDermott et al., 2017).

Therefore, the decrease in theta at Cue+1 may reflect decreases in attention to central items

in the sequence. Importantly, research suggests that subjects may pay greater attention to

stimuli that are known to predict important outcomes (Le Pelley et al., 2016), which may

explain why this reduction was not observed in the Congruent condition. Taken together,

these considerations suggest that attentional confounds may complicate direct comparisons

between Cue and Cue+1. As such, the Incongruent > Unrelated contrast at Cue+1 may

provide a more informative test of prediction error in the present paradigm.

The MVPA analyses in this chapter were aimed at providing evidence of pre-stimulus

reactivation of predictable categories. The analyses provided mixed results, but in general

they failed to provide conclusive evidence of pre-stimulus category-specific activity that

was exclusive to the predictable Congruent condition. The time-resolved decoding analysis

confirmed that categories were decodable from the MEG signal in both the Congruent

and Unrelated conditions when training on the localiser and testing on the main temporal

order memory task. The time-resolved MVPA revealed a significant peak in decoding

approximately 250 ms after stimulus onset in both conditions. Notably, however, when

peaks were derived at the participant level (i.e., taking each participant’s individual peak
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regardless of when it occurred rather than averaging timepoint-by-timepoint) decoding

performance was significantly higher in the Unrelated condition compared to the Congruent

condition. Precisely why this pattern emerged isn’t entirely clear, but it may align with

my previous hypothesis that predictions may extend multiple steps into the future.

Under such a model, expected items are not only predicted at the moment they are about to

occur, rather, all upcoming stimuli are partially activated, with more proximal items being

represented more strongly than distal items. One possible interpretation of the reduced

decoding performance in the predictable Congruent condition is that the predictability of

upcoming categories led to their partial activation during the perception of the current

category. If multiple category representations are simultaneously active under predictable

circumstances, this overlap may reduce classifier performance when the model is trained

to discriminate only a single category. Although this analysis alone lacks the specificity to

firmly support this conclusion, it nonetheless provides some evidence that predictions are

occurring multiple steps into the future.

However, it is worth noting that the pre-stimulus decoding analysis provided no evidence

that within-schema categories that are not next could be decoded, raising doubt as to

whether representations concerning multiple future categories are indeed active. Notably,

however, the pre-stimulus decoding analysis did not account for whether a within-schema

category had already occurred or whether it was still upcoming. The presence of categories

that had already occurred, and thus would no longer be predicted, may have masked the

emergence of decoding for within-schema categories. As such, another potential avenue to

explore this hypothesis is to investigate decoding of seen vs. upcoming within-schema items.

It may be the case that within-schema categories can be decoded provided the category

has not already occurred.

Both the time generalisation analysis and the pre-stimulus decoding analyses were aimed

at investigating pre-stimulus category decoding. Permutation tests performed on the time
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generalisation matrix revealed a significant cluster of decoding in the pre-stimulus period.

Interestingly, this significant cluster indicated below baseline classifier performance sug-

gesting that the classifier was actively predicting the negative class. This is a surprising

result as neuroimaging research tends to show that reactivated representations are usually

analogues of the representations present during perception. Nonetheless, a negative signal

still contains information regarding what is coming next. Importantly, however, this signal

was present in both the Congruent and Unrelated conditions. This is unexpected as the

upcoming category should not be predictable in the Unrelated case, indicating that this

pre-stimulus decoding may not be a true predictive signal. In the pre-stimulus decoding

analysis, I broke the classifiers down based on whether they were being applied to an epoch

when the category it was trained to decode was Next, whether it was Within-schema but

not next, or whether it was being applied to an Out-of-schema epoch. Crucially, this re-

vealed that the negative effect observed in the time generalisation analysis was only present

when (A) the classifier was applied to an epoch when the category it was trained to decode

was Next, and (B) when the classifier was trained on correctly labeled data, random label-

ing resulted in baseline performance. These findings suggest that the negative effect in the

pre-stimulus period is indeed category-specific and is not simply an artifact that is present

when the classifier is applied to any pre-stimulus epoch. However, given that the effect is

present in both the Congruent and Unrelated conditions, further analyses are required to

determine if this is a true predictive signal.

Given that this pre-stimulus effect is present in the Unrelated condition it is worth con-

sidering whether the Unrelated condition was as unpredictable as intended. Although

participants were told that the Unrelated sequences (referred to as yellow sequences to

participants) were completely random, they were in fact tightly controlled in order to pre-

vent them from being too similar to the schemas and to ensure that all the foils that were

required for the test phase were present. As such, transition probabilities between certain

categories in the Unrelated condition were likely more common than others. Given this,
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there is a possibility that some degree of statistical learning may have taken place. For

example, there are certain transitions that never occur in the Unrelated condition. This

is because if a transition occurs in the Congruent condition, for example, face-building, we

don’t want this same transition to occur in the Unrelated condition because that could

facilitate performance in the Unrelated condition via retrieval-based strategies. If face-

building occurred in an Unrelated sequence, but face-building was also a transition in one

of the schemas, then the application of the schema at the point of retrieval could facilitate

performance in the Unrelated condition. Therefore, in the Unrelated case, seeing a face

guarantees that the next category cannot be a building.

Likewise, the precise categories that were included in an Unrelated sequence were con-

strained by the categories that needed to be tested in the other two sequences. For example,

imagine a block containing a red, a blue, and a yellow sequence where the red and blue

schemas were face-building-dog-car and furniture-tool-insect-plant respectively. Assuming

that the Cue was the second item in both the red and the blue sequence, this would mean

that a dog, car, insect, and plant would need to be tested during retrieval. However, the

red and blue sequences cannot provide the appropriate foils for one another, as they do not

contain overlapping categories. As a result, the Unrelated sequence is forced to contain

a dog, car, insect, and plant, in order for the necessary foils to be available at test. The

order of these categories can vary, but the precise categories themselves are constrained.

Moreover, it is noteworthy that in any given sequence, categories never repeat (i.e., there

will only ever be one face in any single sequence). As such, once you have seen a given

category, it can be safely discarded from the list of categories that are likely to come next.

Together, these different factors may have combined to allow a degree of statistical learning

in the Unrelated condition, facilitating pre-stimulus predictions. Future analyses will be

aimed at addressing this hypothesis by partitioning classifier performance in the Unrelated

condition based on the transitional probabilities between different categories. In doing so

it may be possible to show whether the pre-stimulus activity in the Unrelated condition is
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dependent on a transition between categories that is statistically highly probable.

However, it is worth noting that peak pre-stimulus discriminant values were highly com-

parable between the Congruent and Unrelated conditions. This indicates that evidence in

favour of the negative class was equivalent across conditions. While some degree of predic-

tion may be possible in the Unrelated case, these predictions should still be weaker than

those in the Congruent case, where upcoming categories are fully predictable. The find-

ing that evidence for the negative class is comparable in both conditions therefore raises

doubts concerning the interpretation that transitional probabilities could be the factor

driving significant decoding in the Unrelated condition.

Previous research (Hetenyi et al., 2024) suggests that pre-stimulus predictions can manifest

in the spectral characteristics of a decoding time series. Specifically, they found evidence

for increased alpha power in the pre-stimulus period when a category was predictable com-

pared to when classifiers were trained on random labels. To test whether a similar effect

emerged in the present paradigm, I computed spectral power from the pre-stimulus decod-

ing time series (-750 to 0 ms). I found that this alpha effect was only observed in the

Unrelated condition where upcoming events were uncertain, and not in the predictable

Congruent condition. Notably, the cues used in previous research were not 100% predic-

tive of upcoming stimuli. In Hetenyi et al. (2024) predictive cues only predicted upcoming

stimuli with 75% accuracy. As such, a possible interpretation of the present finding is that

the alpha power signal is not a marker of prediction per se, but a marker of uncertainty.

As such, future research may benefit from investigating how this alpha signal relates to the

degree of predictability of upcoming events. One way of achieving this with the present

data may be to break down the data in the Unrelated condition based on transitional prob-

abilities between categories. If statistical learning is indeed taking place in the Unrelated

condition, and this alpha signal is a marker of uncertainty, this may predict that the alpha

effect should be stronger for less probable transitions.
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Another explanation for why the present study did not see this alpha effect in the pre-

dictable Congruent condition may lie in differences in experimental design. Hetenyi et al.

(2024) used a design where a specific shape category was predicted by a preceding auditory

cue. Although participants were not explicitly told that the auditory cue was predictive, it

is likely that participants gained awareness of this. Moreover, the pre-stimulus period was

50% longer in Hetenyi et al. (2024) (1500 ms vs. 1000 ms) than in the present study and

participants performed a simple shape discrimination task that may have been less cogni-

tively demanding than the paradigm in the present study. For example, participants were

not under the instruction that they needed to remember extended sequences of stimuli for

a later memory test. As such, it is plausible that participants in the Hetenyi et al. (2024)

study were able to engage in a degree of conscious mental imagery that was less feasible

in the present paradigm. Although conscious mental imagery is still a form of prediction,

it is worth noting that predictive coding theories propose prediction as a general mecha-

nism of cognitive processing that occurs with or without conscious awareness. As such,

further research is required to determine whether these pre-stimulus predictive effects are

a general mechanism that occur beyond cases where participants are engaging in conscious

imagery.

I also considered whether predictive signals could manifest in the pre-stimulus period but

be transformed in such a way as to not be reflective of the representations present during

stimulus perception. To test this hypothesis, I ran a cross-validation analysis on the pre-

stimulus periods during the main temporal order memory task. Interestingly, I found that

representations were decodable during the pre-stimulus period. When the data were labeled

based on the upcoming category, above chance decoding was apparent in the Congruent

but not Unrelated condition and was especially apparent in the first half of the pre-stimulus

period. Notably, however, this was likely due to a confound regarding a category’s position

in the sequence. In the Congruent condition, the upcoming category always occurs in the

same position in the sequence. For example, in the sequence face-building-dog-car, face
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always comes first. This is not the case in the Unrelated condition where a category can

appear in any position. As such, the above chance decoding in the Congruent condition,

that was not present in the Unrelated condition, could be due to classifiers detecting

position information rather than category information. This hypothesis was supported by

a further analysis that revealed that when the pre-stimulus periods were labeled in terms

of sequence position, above chance decoding was also observed in the Unrelated condition.

Although this analysis did not provide evidence of pre-stimulus category reactivation, it is

interesting that brain activity appeared to track sequence position, with this information

being most prominent in the first half of the inter-stimulus interval. Moreover, the negative

category-specific signals observed in the time generalisation and pre-stimulus decoding

analyses indicated that decoding accuracy for category information was greatest closer to

stimulus onset, in the second half of the interval. If future analyses can confirm the nature

of the pre-stimulus category-specific signal, it may suggest that during the period between

two events in a sequence the brain initially processes position information, which is then

taken offline and replaced with information regarding the upcoming category.

Overall, whether pre-stimulus predictions were occurring in the present paradigm remains

unresolved. However, it should also be noted that such predictions may simply not be

necessary for schema effects to emerge here. Prior knowledge might only be engaged at the

point of comparison with sensory input, rather than in advance. In this scenario, sensory

inputs would first activate stimulus-specific representations in the brain, which could then

be compared against prior knowledge as needed. Although this process would likely slow

down cognitive processing and be less adaptive than a system that pre-activates relevant

predictable knowledge, it remains a plausible hypothesis. Unfortunately, the present design

does not provide the data required to test this potential null hypothesis.

In sum, this experiment successfully replicated the U-shaped function of schema congru-

ency observed in Experiment 4. This indicates that the incongruency effect induced by

categorical violations is replicable across experiments. This incongruency effect was also
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accompanied by evidence of prediction error signals manifesting as increases in theta power

approximately 250 ms after stimulus onset on schema-violating Cue+1 trials. I also ob-

served that category, sequence position, and uncertainty information was decodable from

the pre-stimulus time series. However, the presence of decoding in both the Congruent and

Unrelated conditions indicates that further analyses are required to determine whether the

category-specific decoding does indeed reflect a genuine predictive signal.
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The experiments presented in this thesis were aimed at investigating predictive processing

accounts of schema effects in episodic memory. In pursuit of this, three core questions were

addressed: (1) Can a U-shaped function of schema congruency be observed in a temporal

order memory paradigm, where schemas can facilitate temporal predictions of upcoming

events? (2) If so, is it possible to decode these predictions from the pre-stimulus period of

an MEG signal, prior to the actual occurrence of a predicted category? (3) When these

predictions are violated, are such violations associated with prediction error signals in the

brain?

Across four behavioural experiments and one MEG experiment, it was demonstrated that

the U-shaped function could indeed be observed. However, while a congruency advantage

was present in all experiments, the presence of an incongruency advantage was reliant on

the form of violation. Sequential violations, where the violation involved reordering the

existing categories in a sequence, did not produce an incongruency advantage. In contrast,

categorical violations, where the violation involved the introduction of a category that was

completely unexpected for a given context, did elicit a memory advantage for incongruent

information. Subsequent MEG analyses revealed that these schema effects were associated

with alterations in theta power, specifically in the Unrelated and Incongruent conditions.

However, further analyses are needed to establish whether these differences in theta are

primarily driven by prediction error or by attentional modulations related to serial order.

Finally, although category-specific pre-stimulus decoding was observed, its presence in both
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the Congruent and Unrelated conditions raises important questions about its interpreta-

tion. At present, it remains unclear whether these signals genuinely reflect schema-based

predictions, and further analyses are required to resolve this issue.

5.1 Chapter Summaries

5.1.1 Chapter 2 - Schema Effects in Temporal Order Memory

Chapter 2 aimed to investigate whether schema effects could emerge in a temporal order

memory paradigm in which the chronology of events formed a core aspect of the schema.

Participants were pre-trained on the schematic structure of six-item or four-item sequences

in which the schema related to the order of semantic categories. In a subsequent temporal

memory task, participants had their memory tested for novel sequences constructed of

previously unseen exemplars. Crucially, these sequences could be Congruent, Incongruent,

or Unrelated to the pre-learned schemas at the category level. Animacy judgements were

measured during sequence encoding to provide a behavioural measure of prediction and

prediction error. At test, participants were cued with an item from a sequence and were

required to recall the following two items (Cue+1 and Cue+2) in a four-alternative forced-

choice task.

Experiment 1 provided two key findings. First, animacy judgements were faster and more

accurate in the Congruent condition relative to the Unrelated baseline, indicating that par-

ticipants could use their prior knowledge of sequence structure to facilitate performance.

Moreover, at Cue+1, where the violation occurred in the Incongruent condition, animacy

judgements were slower and less accurate in the Incongruent condition than in the Un-

related baseline, providing a behavioural measure of prediction error. Second, at test, a

memory advantage was observed for category-level information at Cue+1. Notably, how-

ever, there was no effect of incongruency and no effects whatsoever at the exemplar level.
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This Experiment provided the first evidence that schema effects, at least congruency ef-

fects, could indeed be indexed in a temporal order memory paradigm and when preceded

by evidence of predictions during encoding. Interestingly, the lack of an incongruency ef-

fect at retrieval indicates that measures of prediction error could be present at the point

of encoding, but not be followed by evidence of enhanced learning at test. This suggests

that the presence of any prediction error is not sufficient to support learning and that the

precise nature of the prediction error bears importance, a fact that many models of learning

fail to take into account. I will return to this point in the implications section. Notably,

overall performance in Experiment 1 was poor, with approximately 50% of participants

failing to meet the inclusion criteria.

Experiment 2 was designed to build upon Experiment 1 in three key ways. First, to improve

overall performance, sequence length was reduced from six items to four. This manipulation

was effective, and therefore four-item sequences were used in all subsequent Experiments.

Second, it aimed to replicate the congruency effect observed in Experiment 1. And third, it

attempted to elicit an incongruency effect by introducing controls aimed at increasing the

surprise induced by Incongruent trials (e.g., congruent filler blocks, pseudo-randomisation

of Incongruent blocks). Experiment 2 successfully replicated the core findings from Exper-

iment 1. A congruency effect was present at the category level at Cue+1 and this was

preceded by evidence of predictions and prediction errors at encoding in terms of animacy

judgement performance. Notably, an incongruency effect was still not present, indicating

that the additional controls and increase in overall performance were not sufficient to in-

duce the effect. This lack on an incongruency effect was further addressed in Experiments

3 and 4.

One limitation with the congruency effects observed in this chapter was that they could

potentially be explained in terms of retrieval-based strategies. While the use of schemas at

the point of retrieval is indeed an important advantage of possessing schematic knowledge,

neurocognitive models of schema effects propose that schemas also modulate encoding. An
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exploratory analysis of the foils used at retrieval suggested that retrieval-based strategies

may not fully account for performance in the Congruent condition. Nonetheless, the demon-

stration of a category-level incongruency effect or any schema effect at the exemplar level

was required to clarify whether encoding-based processes were indeed at play.

Finally, given that prediction errors at encoding did not enhance learning for incongruent

items, I aimed to clarify what participants were actually predicting. Although memory

was later tested at the category and exemplar levels, responses at encoding were assessed

only at the animacy level. This raised the question as to whether participants were predict-

ing specific categories, or merely the animacy of the upcoming category. An exploratory

analysis indicated that predictions were primarily occurring at the animacy level, a finding

that may help to explain why incongruency effects were not observed at the category and

exemplar levels at test.

5.1.2 Chapter 3 - The Influence of Sequential vs. Categorical Violations

The primary goal of Chapter 3 was to investigate the circumstances under which incon-

gruency effects could emerge in a temporal order memory paradigm. This was approached

in two ways. First, Experiment 3 replicated the design of Experiment 2, however, each

schema was constructed of unique categories that did not overlap between schemas. For

example, the schemas could be face-building-dog-car and furniture-tool-plant-insect, rather

than face-building-dog-car and building-car-face-dog. It was hypothesised that this may

reduce interference between the two schemas, as any given category only ever predicted

one other, which would facilitate stronger predictions and in turn larger prediction errors.

Experiment 4, however, attempted to induce an incongruency advantage by altering the

form of surprise altogether. Rather than incongruency being defined as a reordering of

existing categories, incongruency now involved the introduction of a category that was

completely unexpected for that context. For example, if the Congruent sequence was face-
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building-dog-car, the Incongruent sequence could be face-insect-tool-car. The hypothesis

here was that participants may be predicting multiple upcoming categories, including those

several steps into the future. If this were the case, incongruency effects may not emerge for

the temporal reordering manipulation because, although the categories occur in the wrong

order, they are all still partially predicted, weakening any prediction error. By introducing

a completely unexpected category, Experiment 4 could potentially generate a prediction

error of sufficient magnitude to trigger enhanced learning of Incongruent trials.

The principal finding from this chapter was that incongruency effects were only observed

for categorical, and not sequential violations. This provides evidence that during sequence

perception, upcoming categories are predicted not one-by-one, but in parallel. Within

such a framework, temporal order can still be represented as the strength of each category’s

activation, with proximal items being represented more strongly than distal ones. However,

the partial activation of multiple upcoming items results in weak prediction errors when

their order is changed, thereby limiting the emergence of incongruency effects for sequential

violations. Crucially, the presence of an incongruency effect in Experiment 4 provided

strong evidence that encoding-based mechanisms were contributing to the schema effects

observed in this paradigm.

Also of note in this chapter were exploratory analyses showing that behavioural prediction

errors at encoding did not influence the presence of an incongruency effect at test. Be-

havioural prediction errors at encoding appeared to be driven primarily by violations of

expected animacy class (animate vs. inanimate) rather than violations of expected cate-

gory. However, on some trials the violation occurred only at the category level, raising the

question as to whether the lack of an animacy violation on some trials was weakening the

incongruency effect at test. To test this, differences between the Incongruent and Unrelated

conditions at the category level at Cue+1 were broken down by whether the violation at

encoding occurred at both the animacy and category level, or at the category level alone.

The size of the Incongruency effect did not differ between these cases. This suggests that
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the factor influencing behavioural prediction errors at encoding, namely, animacy-level

information, had no bearing on retrieval performance in the Incongruent condition.

Moreover, two further models respectively used encoding-based accuracy and response time

as predictors of Incongruent performance at test, with violation type (sequential vs. cate-

gorical) included as a predictor in both models. While violation type predicted Incongru-

ent performance—Incongruent performance was higher for categorical than for sequential

violations—neither encoding-based accuracy nor encoding-based response time predicted

retrieval-based performance. Collectively, these exploratory analyses further emphasised

that the incongruency effect in Experiment 4 was specifically driven by the categorical vio-

lation, and not by violations of animacy or by explicit behavioural errors during sequence

encoding.

5.1.3 Chapter 4 - The Neural Dynamics of Schema Effects via
Magnetoencephalography

Chapter 4 was aimed at investigating the neural dynamics underlying the schema effects

observed in Chapters 2 and 3. To do this, it combined the behavioural paradigm from

Experiment 4 with magnetoencephalography (MEG) and multivariate decoding methods.

The first objective was a behavioural replication of the U-shaped function of schema con-

gruency observed in Experiment 4, whereby categorical violations elicited an incongruency

advantage at the category level. In addition, I investigated whether Incongruent trials

were accompanied by neural signatures of prediction error, such as alterations in theta

power. Multivariate decoding was then used to try and provide evidence of pre-stimulus

predictive processing during the presentation of sequences with a predictable structure.

Specifically, it was hypothesised that pre-stimulus decoding would be possible in the Con-

greunt condition, but not the Unrelated condition. Together, these findings would provide

strong evidence that the schema effects observed throughout the present thesis were indeed
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driven by predictive coding mechanisms.

The MEG experiment successfully replicated the schema effects observed in Experiment 4.

During retrieval, accuracy was higher in both the Congruent and Incongruent conditions

relative to the Unrelated baseline at the category level at Cue+1. This finding provides

good evidence that categorical violations reliably elicit an incongruency advantage, thereby

facilitating the emergence of a U-shaped function of schema congruency in a temporal order

memory task. Notably, the MEG experiment did not include animacy judgements during

sequence encoding, indicating that these effects can emerge in the absence of an encoding

task.

When running time-frequency analyses on Cue, Cue+1 and Cue+2 trials at encoding there

were modulations of theta activity. When contrasting the Incongruent and Unrelated

conditions at Cue+1, there was significantly higher theta in the Incongruent condition from

approximately 250 ms after stimulus onset. It is at Cue+1 in the Incongruent condition that

the violation occurs, suggesting that this theta increase may be a marker of prediction error

in the brain. Notably, however, when comparing Cue and Cue+1 in the Unrelated condition

there was a significant decrease in theta power at Cue+1. This suggests that a decrease

in theta at Cue+1 in the Unrelated condition may have, at least in part, contributed to

the signal observed in the Incongruent > Unrelated comparison, raising questions as to

whether it was a true prediction error signal. Nonetheless, this decrease in theta power in

the Unrelated condition is in line with previous findings that suggest greater theta power

is associated with enhanced encoding (Joensen et al., 2023; Kota et al., 2020; Lin et al.,

2017). The lower theta power observed in the Unrelated condition at Cue+1 may explain

why memory retention was worse in the Unrelated condition as compared to the Congruent

and Incongruent conditions.

MVPA analyses were conducted to determine if category-specific representations were reac-

tivated during the pre-stimulus period in predictable schema-congruent sequences. Initial
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time-resolved decoding, where classifiers were trained and tested on each respective time

point, revealed that the categories could be decoded after stimulus onset, with a peak

decoding time of approximately 250 ms. Interestingly, peak decoding values were higher

in the Unrelated than in the Congruent condition. Time generalisation analysis between

-400 to 1000 ms provided the first evidence of pre-stimulus decoding. A significant cluster

was observed in the pre-stimulus period of the test set when the classifiers were trained

on times when the stimuli were on screen. Notably, however, decoding values were signifi-

cantly below chance, suggesting the classifier was actively predicting the negative class in

the pre-stimulus period. Moreover, pre-stimulus decoding was present in both the Con-

gruent and Unrelated conditions, despite categories being unpredictable in the Unrelated

condition. This pre-stimulus decoding in the Unrelated condition raised questions as to

whether the signal was genuine category-specific decoding or a more general artifact of ap-

plying classifiers to pre-stimulus activity. To address this issue, I assessed raw discriminant

values of classifiers applied to epochs where a given category was Next, Within-schema, or

Out-of-schema. Interestingly, this analysis indicated that the pre-stimulus decoding was

only present when a classifier’s target category was Next, indicating that the pre-stimulus

decoding was indeed category-specific. However, why this activity was present in both the

Congruent and Unrelated conditions remains unresolved.

Next, I investigated whether pre-stimulus predictions were represented in the frequency

characteristics of the pre-stimulus decoding time series. Previous research suggests that

pre-stimulus predictions may manifest as increases in alpha power in the decoding time

series, relative to classifiers trained on random labels (Hetenyi et al., 2024). Interestingly,

I observed a similar increase in alpha power in the pre-stimulus decoding time series, but

only in the Unrelated condition and not in the predictable Congruent condition. One

interpretation of this result is that elevated alpha power does not reflect category-specific

predictions, but is instead a marker of uncertainty.

Finally, cross-validation analyses of the pre-stimulus periods in the main temporal order
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memory task revealed significant above chance decoding throughout the time series. No-

tably, whether this decoding was significant in the Unrelated condition depended on how

the data were labelled. When labelled in terms of the upcoming category, decoding was

significant in the Congruent case but not in the Unrelated case. However, when labelled in

terms of sequence position, decoding was observed in both the Congruent and Unrelated

conditions. Given that upcoming category and sequence position correlate in the Congru-

ent condition, this indicates that the decoding was primarily driven by sequence position

rather than the upcoming category. Interestingly, this decoding was most prominent dur-

ing the first half of the pre-stimulus period. This is in contrast to the category-specific

decoding observed in the previous analyses that occurred during the second half of the pre-

stimulus period. This temporal dissociation may indicate that during the inter-stimulus

interval, sequence position information is initially activated, before being replaced with

category information closer to stimulus onset.

Overall, these analyses demonstrated that information is decodable during the pre-stimulus

period. Specifically, the results suggest that category information, sequential information,

and markers of uncertainty may all be present prior to stimulus onset. However, further

analyses are required to determine whether the category-specific decoding is indeed a gen-

uine predictive signal.

5.2 Implications and Future Directions

This thesis used a temporal order memory paradigm in which participants were trained on

the schematic structure of a sequence. This paradigm was designed to enable participants to

use their prior knowledge of sequence structure to make temporal predictions of upcoming

events. Demonstrating schema effects in this context has important theoretical implica-

tions, as schema effects are generally thought to arise due to predictive processing in the

brain. Predictive processing theories of schema effects suggest that schema effects emerge
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due to a comparison of sensory experience with expected inputs, a process that in turn

functionally modulates memory encoding. A central question raised by this framework

is precisely how and when this comparison process occurs. Specifically, does predictive

processing entail the pre-activation of expected inputs prior to their actual occurrence?

Or does perception unfold first, with schematic knowledge being brought online further

down the perceptual hierarchy? If schemas are routinely employed to predict future events

prior to their occurrence, schema effects should be observed in a temporal order memory

paradigm when the chronology of events forms a core aspect of the schema. Moreover, the

processing of information related to the schematic structure of the sequences should be

observed both when stimuli are actively online but also during pre-stimulus periods.

The presence of schema effects in the present thesis is in line with a model by which schemas

facilitate temporal predictions of the future. In the behavioural studies, I observed that

schemas facilitated animacy judgements both in terms of accuracy and response time indi-

cating that prior knowledge was indeed being used to predict upcoming items. Furthermore,

I observed subsequent memory advantages at retrieval. These findings are in line with pre-

vious research that suggests that prior knowledge can be used to facilitate perceptual

processing (M. Smith et al., 2021; M. E. Smith & Loschky, 2019) and boost subsequent

memory (Gilboa & Marlatte, 2017; Greve et al., 2019; Huang et al., 2023; Ortiz-Tudela et

al., 2024; Raykov et al., 2019; van Kesteren et al., 2012). Together, these results show that

expected events were identified more accurately, responded to more rapidly, and recalled

more reliably, emphasising the role that schemas play in promoting efficient perceptual

and mnemonic processing, likely via pre-stimulus expectations.

5.2.1 Sequential vs. categorical violations

The above findings are consistent with the view that schemas are used to preempt expected

sensory inputs, and that this can modulate subsequent memory retention. However, the
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findings observed in the schema-incongruent condition have important implications for how

predictions of future events may be occurring. Across four behavioural experiments and

an MEG experiment, I observed that incongruency effects were observed for categorical

violations, but not for violations of sequential order. Incongruency advantages are believed

to be a consequence of prediction errors whereby actual events conflict with expectations.

Both sequential and categorical violations conflict with what should be predicted to occur,

raising the question as to why memory advantages are only seen for categorical violations.

One model of how predictions occur is that the brain maintains a model of the entire se-

quence which is rolled out sequentially (Daw & Dayan, 2014). Here, each category would

be individually pre-activated during the pre-stimulus period before it occurs. Alternatively,

predictions may occur multiple steps into the future. Rather than single categories being

predicted as they occur, multiple upcoming categories may be represented at any given

time (Dayan, 1993). But how might this account for the categorical vs. sequential distinc-

tion? If multiple upcoming items are predicted in the case of sequential violations, then

although the categories occur in the wrong order, the incongruent category is still some-

what predicted, weakening any prediction error. However, for categorical violations, the

incongruent category is not predicted to occur at any point in the sequence, allowing for a

strong prediction error that can drive new learning.

Notably, predictions occurring multiple steps into the future raises the question as to

whether predictions are indeed temporal in nature. If all categories are equally pre-

activated, how is temporal order represented? If temporal order is not represented, equal

pre-activation of all expected categories makes sequences with sequential violations indis-

tinguishable from schema-congruent sequences. For example, if a Congruent sequence was

face-building-dog-car, and an Incongruent sequence was face-car-dog-building, then with

all categories equally predicted, the Incongruent sequence would still be fully in line with

expectations. If this is indeed the case, this model should predict congruency advantages

despite temporal reordering, yet no advantage was observed.
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One possible explanation for the above problem is that congruency advantages in the Con-

gruent condition are purely driven by retrieval-based processes. If encoding-based processes

do not contribute to the congruency effects observed here, then the lack of a “congruency”

advantage for sequences with sequential violations may simply reflect the ineffectiveness of

retrieval-based strategies in that context. However, my exploratory analyses in Chapter 2

suggested that retrieval-based strategies may not fully account for the observed congruency

advantages, and so it is worth considering other explanations.

An alternative explanation for the absence of an incongruency advantage for sequential

violations is that temporal order information is, in fact, represented. If multiple upcoming

items are predicted at any given time, temporal order information could be represented

as the relative strength of each category’s activation. For example, more proximal items

may be activated more strongly than more distal ones. If this were the case, this could

account for why congruency advantages are observed in the Congruent but not Incongruent

conditions for sequential violations, but also why new learning could be perturbed by

weakened prediction errors. In the case of sequential violations, items that are upcoming

but not next will still be partially activated, this partial activation weakens the prediction

error triggered by the violation, and therefore no incongruency benefit is observed. Taken

together, these findings suggest that the data in the present thesis may be most in line

with a model where predictions are occurring multiple steps into the future, with graduated

levels of pre-activation dependent on the proximity of an upcoming category.

This model, in which incongruency effects are absent for sequential violations due to the

prediction of multiple upcoming items, should be tested in several keys ways. First, al-

though multiple future events may be predicted, this process cannot extend indefinitely.

In a model where more distal events are represented less strongly, an event will eventually

be far enough in to the future such that its occurrence is not predicted strongly enough

to suppress the prediction error required to drive new learning. In other words, sequen-

tial violations should elicit incongruency effects provided the violation involves a category
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that is sufficiently far into the future. One problem with testing this hypothesis with the

current paradigm is that, as observed in Experiment 1, extending the sequences even from

four items to six results in a severe reduction in overall performance. Nonetheless, if a

paradigm that facilitated greater performance with longer sequences could be developed,

this could be an important test of the above hypothesis as to why incongruency effects were

not observed for sequential violations. One approach could be to use a longer, recursive

sequence that forms a loop (e.g., Tarder-Stoll et al., 2024). For instance, the loop could

consist of ten categories and serve as the schema that participants are required to pre-learn.

During the main temporal order memory task, participants would only need to encode and

retrieve four-item chunks from this larger loop. By introducing sequential violations using

categories that are either proximal or distal within the loop, it may be possible to reveal

whether sequential violations elicit incongruency benefits depending on the proximity of

the violating category.

A second way in which this model could be tested could be to introduce a narrative struc-

ture to the sequences. The sequences used in the present paradigm were highly abstract,

with no inherent narrative structure. The abstract nature of the sequences was primarily

employed due to the aim of combining the paradigm with multivariate decoding in the MEG

experiments. Narratives are defined by their causal structure across time, and narratives

likely play an important role in linking causes to their outcomes in complex environments

(Chen & Bornstein, 2024). Moreover, narratives have frequently been shown to enhance

overall memory retention (Chen & Bornstein, 2024; Cohn-Sheehy, Delarazan, Reagh, et

al., 2021; Cohn-Sheehy, Delarazan, Crivelli-Decker, et al., 2021; Lee & Chen, 2022). Im-

portantly, the casual structure of real-world events may place greater constraints on the

temporal order in which events should logically occur. Hence, the lack of a narrative in

the present sequences may have resulted in weak priors regarding the temporal ordering of

events, questioning the ecologically validity of the finding that incongruency effects are not

observed for sequential violations. As such, future research should introduce a narrative
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structure to the sequences to investigate whether the sequential vs. categorical distinction

still holds.

5.2.2 Not all violations drive learning

In this thesis, expectations were violated at several different levels of abstraction: at the

category level, animacy level, or both. Violations could involve the re-ordering of existing

categories, or the introduction of a category that was completely unexpected for a given

context. Moreover, violations could also be accompanied by behavioural errors, such as

incorrect animacy judgements or increased response times. Notably, despite these various

forms of schema-incongruence, enhanced learning was only observed under very specific

circumstances. Specifically, incongruency advantages were only observed at the category

level for categorical violations, with explicit behavioural errors bearing no influence on this

effect.

Classic models of learning typically only account for the magnitude of prediction error

(Rescorla & Wagner, 1972). Later models incorporated modelling of attention, which

could account for factors such as stimulus familiarity (Pearce & Hall, 1980), however, they

often still failed to capture nuances such as contextual and qualitative differences in the

nature of prediction errors. More recent Bayesian models have made advances in this area,

modelling prediction error as the divergence between probability distributions, allowing

for the manipulation of not just magnitude but also the precision of priors and sensory

evidence (R. N. Henson & Gagnepain, 2010). By modelling prediction across multiple levels

of representation (e.g., perceptual, semantic, episodic/contextual) these models may come

closer to accounting for the ways in which predictions can qualitatively vary. Nonetheless,

the results presented in this thesis further highlight the need to determine precisely what

features of a prediction error are required to drive new learning.

Recent work studying individuals from multiple age groups has likewise brought attention
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to this issue. Nolden et al. (2025) pre-trained children, younger adults, and older adults

with sequences of paired-associates where pairs of items predicted each other but pairs

could be presented randomly throughout the sequence. Following pre-training, participants

would view sequences in which new items were either placed between (non-violating) or

within pairs (violating). In subsequent recognition and association tests, there was no

memory benefit for violating items in any of the age groups. Based on these findings,

Nolden et al. (2025) concluded that prediction error may not always benefit episodic

memory as consistently as some theories suggest. Comparing the paradigm used by Nolden

et al. (2025) with those used in the present thesis may help to elucidate what factors may

be critical for the emergence of memory advantages from violating events.

Both Nolden et al. (2025) and the present paradigm presented participants with se-

quences in which items predicted upcoming events. However, the present paradigm im-

posed stronger constraints on which items could appear within a more limited contextual

frame. Whereas Nolden et al. (2025) presented participants with blocks of extended se-

quences of 144 items in which pairs of items predicted one another, the present paradigm

involved pre-training knowledge that could then be applied to novel sequences that were

much more constrained in length and content. It is possible that when the set of possible

categories/exemplars within a context is too broad, this may limit the extent to which

violating events can potentiate learning. This suggests that the context in which the pre-

dictions and violations are occurring, including the number of expected items and degree

to which they are expected to occur, can influence whether a prediction error leads to new

learning.

A further distinction lies in the type of learning involved and the way in which it was

applied. Nolden et al. (2025) relied on statistical learning, whereas the present research

required participants to acquire explicit knowledge of the sequence’s schematic structure.

Although participants were not explicitly instructed to apply this knowledge, they were

nevertheless highly aware of its utility in the memory tests. This raises the possibility that
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enhanced learning from violations may depend on the relevance of the unexpected event

to current behavioural goals. After all, if an event is unexpected but irrelevant to ongoing

goals, why expend resources encoding it? If there is no clear goal in a task, violations of

expectation may not be perceived as behaviourally relevant, reducing their salience and in

turn new learning.

In sum, the above comparison suggests that the extent to which an ongoing context con-

strains relevant predictions, and the degree to which this context promotes the behavioural

relevance of the information that can be violated, must be considered when attempting to

experimentally induce incongruency effects.

Finally, of note in the present thesis was a boost in memory retention specifically for infor-

mation at the level at which the violation occurred. That is, I observed a boost in memory

for information at the category level specifically when violations involved a completely

unexpected category. Notably, I observed little evidence for a memory advantage at the

exemplar level despite this information being central to the goals of the temporal order

memory task. This raises the question as to whether prediction error benefits memory

not just based on the raw magnitude of the error, but also based on qualitative aspects

such as whether the error occurred at the same (or similar) level of representation as the

to-be-remembered information. Greve et al. (2019) found incongruency effects for displays

shown at test when the violation related to a value rule, suggesting that the memory ben-

efit of an error can generalise to other forms of information, however, Greve et al. (2019)

used a recognition test rather than cued recall. Previous research that has used forward

cued recall has failed to find a memory benefit for incongruent events following the cue

(Frank et al., 2018). Yacoby et al. (2025) found a memory benefit for incongruent items in

a 2AFC cued recall task, however, this task did not allow for discernment of performance

at different levels of analysis (e.g., category vs. exemplar).

The idea that prediction errors may be sensitive to qualitative factors, such as the rep-
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resentational level of the violating information, implies that violations at different levels

of representation should preferentially benefit memory for information at the correspond-

ing level. Future research could test this theory by introducing sequence violations that

occur at the exemplar, rather than category, level. If a stronger memory benefit could

be observed for exemplar level information in this case it would provide good evidence

that the qualitative nature of a prediction error, and not just its magnitude, is important

for learning. This finding would have important implications for existing neurocognitive

models of schema effects (e.g., SLIMM, van Kesteren et al., 2012) that predict that incon-

gruency should enhance memory for all information, including incidental details, rather

than selective enhancement for specific levels of information. Moreover, it would provide

an elegant explanation for why exemplar-level schema effects were mostly absent in the

present thesis.

5.2.3 Neural markers of memory and prediction error

A core goal of the work in this thesis was to provide evidence of neural markers of predictive

coding and prediction error in a context where temporal predictions of future events were

possible. Past research has frequently revealed that prediction errors manifest as alterations

in theta-band activity (Garrido et al., 2015; Recasens et al., 2018). In Chapter 4, time-

frequency analyses revealed modulation of theta across the Congruency conditions. Most

in line with a prediction error signal was a significant cluster of activation when contrasting

the Incongruent and Unrelated conditions at Cue+1 during encoding. Cue+1 is the point

of violation in the Incongruent condition indicating that this increased theta activity may

represent a prediction error.

Notably, this increase in theta occurred at approximately 250 ms after stimulus onset.

When a violating stimulus is presented, it must first reach the visual cortex before propa-

gating throughout the brain so that different regions can compare it with existing knowl-

229



5 General Discussion

edge. As such, it is worth considering how the timing of this theta signal relates to known

network dynamics in the brain to establish whether pre-activation is required to account

for prediction errors occurring at this time. The increase in theta here seemed to emerge

at approximately the same time at which multivariate decoding of category information

peaked. However, category decoding was statistically significant as early as 80 ms after

stimulus onset. Assuming the onset of significant decoding represents the time at which

category-specific information was present in visual cortex, would this leave enough time

for a comparison process before a prediction error signal emerged at 250 ms?

With regards to memory recall, research suggests that cued information can reach MTL

within ~500 ms and that old-new familiarity signals arise within this same time frame

(Staresina & Wimber, 2019). Hippocampal pattern completion is believed to occur be-

tween ~500 - 1500 ms after cue onset, triggering conscious recollection. However, research

suggests that mismatch signals can be detected in the brain much faster than this. The early

mismatch negativity is an ERP response occurring approximately 100 – 200 ms post stimu-

lus. This negativity is a response to unexpected changes in sensory input and is thought to

reflect early, pre-attentive change detection in the brain (Heslenfeld, 2003; Kimura et al.,

2009; Stefanics et al., 2014). Notably, studies into the visual mismatch negativity (vMMN)

frequently use paradigms in which violations are introduced as oddballs within an ongoing

pattern. As such, the vMMN may reflect comparisons with information stored in sensory

or working memory as an event unfolds, rather than comparisons with long-term memory

representations. This contrasts with the present paradigm in which schemas stored in long-

term memory would need to be activated based on the given context, a situation in which

the mismatch cannot be inferred from recent sensory inputs alone and prior knowledge of

the schemas is required. Therefore, the vMMN’s early occurrence after stimulus onset may

arise for reasons that do not apply for the present temporal order memory paradigm.

The N170 potential has likewise been proposed to be a prediction error signal suggesting

rapid error handling in the brain (Baker et al., 2021, 2023; Johnston et al., 2017; Robinson
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et al., 2018). However, as above in relation to the mismatch negativity experiments, these

investigations used paradigms where mismatch signals were based on violations of ongoing

motion trajectories or facial expressions rather than comparisons with long-term knowledge

(Johnston et al., 2017). Notably, however, recent meta-analyses suggest that the N170 is

increased in size for personally familiar faces (Caharel & Rossion, 2021). Although not an

error signal, this may indicate that long-term knowledge can be compared with a sensory

input to modulate cognition within 200 ms. However, Dobs et al. (2019), found that

the perception of familiar faces is likely a consequence of the tuning of early feed forward

processes, as there is unlikely to be time for feedback from higher-order brain regions (Dobs

et al., 2019; Lamme & Roelfsema, 2000)

Crucially, the two regions that are most important to consider when discussing predic-

tion errors caused by schema violations are the mPFC and MTL. The mPFC is believed

to be important for schema monitoring, or the integration of prior knowledge with on-

going encoding, a feature which is shared by multiple models of PFC-MTL interaction

(Preston & Eichenbaum, 2013; Robin & Moscovitch, 2017; Takehara-Nishiuchi, 2020; van

Kesteren et al., 2012). If the mPFC generates pre-stimulus expectations based on prior

knowledge, it could theoretically send these signals to sensory regions allowing for rapid

comparisons of sensory input with prior knowledge. However, if expectation signals are

not pre-activated, sensory information would need to reach the mPFC before it could be

assessed. Additionally, under SLIMM, the mPFC detects whether sensory inputs are con-

gruent with pre-existing knowledge and inhibits the hippocampus under schema-congruent

conditions. This implies that sensory information must have reached the mPFC in order

for the appropriate inhibition, or lack thereof, to occur. This raises the question as to

how quickly sensory information could reach the mPFC, and then potentially the HPC,

and whether this could occur within 250 ms of stimulus onset in order to align with the

onset the observed theta increase. Notably, research suggests that visual information can

reach the prefrontal cortex very rapidly, in under ~100-150 ms (Bellet et al., 2022; Foxe &
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Simpson, 2002; Kwon et al., 2021), suggesting that pre-activation may not necessarily be

required to account for the onset of this theta signal.

As it is, it remains unclear whether or not the timing of this theta signal could be ac-

counted for by a model in which prior expectations are not pre-activated. Future analyses

will attempt to address this issue by performing source reconstruction. By performing

analyses within specific regions-of-interest such as the mPFC and MTL, it may be possible

to determine at what times different brain regions are able to respond to and represent

different kinds of information across the Congruency conditions, and whether prediction

errors triggered by comparisons against long-term memory representations can occur in

under 250 ms.

It is also worth considering whether the increase in theta in the Incongruent > Unrelated

contrast is indeed representative of a genuine prediction error signal. Prediction errors

should not be present in the Congruent condition either. However, although numerically

higher in the Incongruent condition, the Incongruent > Congruent contrast at Cue+1 did

not show a significant cluster for increased theta activity. Moreover, when comparing

Cue+1 > Cue in each of the three Congruency conditions, there was a significant decrease

in theta in the Unrelated condition and no significant difference in theta in the Incongruent

condition. This indicates that increases in the Incongruent > Unrelated comparison may

be more so driven by difference in the Unrelated condition rather than increases in the

Incongruent condition per se. It remains unclear as to why this decrease would occur at

Cue+1 in the Unrelated condition, however, one possibility is that it is related to sequential

effects. The present paradigm used four-item sequences, participants were cued with either

the first or second item in the sequence and required to recall the following two items. This

meant that Cue+1 was always either the second or the third item in the sequence, it could

never be the first or last item. Therefore, differences between Cue and Cue+1 may reflect

processes related to sequence position with central items being processed differently than

beginning or end items.
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Research suggests that participants allocate more attention to the first and last items in a

sequence, and increased allocations of attention have been associated with increased theta

power (Fiebelkorn & Kastner, 2019; Keller et al., 2017; McDermott et al., 2017). Thus,

the decrease in theta for central items in the Unrelated condition may be a consequence

of reduced attention to items in the centre of a sequence. This may explain why the theta

decrease was observed at Cue+1 but not at Cue+2. Cue+2 can either be the third (penul-

timate) or fourth (last) item in the sequence, meaning that the heightened attention to

final items may have resulted in increased theta activity for the subset of Cue+2 trials

that occurred at the end of a sequence. In the Incongruent condition, this attentional

theta effect may be masked by prediction errors triggered by violating Cue+1 trials. With

regards to the Congruent condition, research suggests that participants pay more atten-

tion to items that are predictive of upcoming events (Le Pelley et al., 2016) which may

explain the absence of a theta decrease. That said, other lines of research suggest that

predictive cues, such as those in the Congruent condition, may in fact be associated with

decreased theta power (Carmo-Blanco & Allen, 2019; Crivelli-Decker et al., 2018). As such,

future source space and topographical analyses will be important for enhancing statistical

power, and identifying the brain regions generating these signals, to provide insight into

the contributions of predictive and attentional processes to theta modulation.

Another interesting finding in these time-frequency analyses was a lack of any differences

between the Congruent and Unrelated conditions. As has been noted, it is unclear from my

behavioural results whether the observed congruency effects are partly driven by encoding-

based mechanism, or whether they are wholly a consequence of retrieval-based strategies.

The present results provide no evidence of a frequency domain marker of enhanced encoding

in the Congruent case, questioning whether encoding-based mechanisms are at play here.

However, it is noteworthy that this single sensor space analysis may not be specific enough,

or may lack the statistical power required, to unveil markers of increased encoding in the

Congruent condition. Existing neurocognitive models of schema effects suggest that schema
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monitoring is localised to specific regions, most notably the mPFC (Preston & Eichenbaum,

2013; Robin & Moscovitch, 2017; Takehara-Nishiuchi, 2020; van Kesteren et al., 2012).

Moreover, SLIMM predicts that the influence of schema congruence on neural activity may

manifest as differences in mPFC-MTL connectivity. Under schema-congruent conditions,

SLIMM predicts that the mPFC should inhibit hippocampal encoding. Whether inhibition

should manifest as more or less functional connectivity is unclear, but some variation in

connectivity should still be expected between Congruency conditions. As such, future

source space analyses are required to fully establish whether or not encoding-based markers

of schema-congruent encoding are present.

5.2.4 Pre-stimulus decoding

The present research demonstrates that three different types of information can be decoded

from a pre-stimulus period: category information, sequential information, and markers of

uncertainty.

Most notably, pre-stimulus decoding of category information was present in both the Con-

gruent and Unrelated conditions raising questions as to whether this is a genuine predictive

signal. By breaking the data down according to whether a category was expected Next,

was Within-schema, or was Out-of-schema, it was shown that category decoding was only

present when a category was Next. This indicates that the decoding of category infor-

mation is indeed category-specific and not an artifact observed when applying a classifier

to any pre-stimulus time series. This finding of decoding in an Unrelated condition high-

lights the importance of including unpredictable control conditions to ensure pre-stimulus

decoding is genuinely driven by predictions and not some other factor. Previous studies

that have demonstrated pre-stimulus decoding have shown that distinguishing perceptual

categories is possible when they are preceded by different predictive cues, however, there

was no clear unpredictable, or fully predictable, control to demonstrate that this decoding
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only occurred when things were genuinely predictable (Kok et al., 2017).

However, a potential explanation for the pre-stimulus decoding in the present Unrelated

condition is that statistical learning is taking place. Although participants were told that

the Unrelated sequences were entirely random, they were in fact tightly constrained to

prevent the occurrence of schema-congruent transitions in the Unrelated condition and to

ensure the foils needed at test were present. Although plausible, a key weakness of this ex-

planation is that peak decoding prior to stimulus onset seemed to be equivalent in both the

Congruent and Unrelated conditions. If statistical learning was promoting the decoding of

category information in the Unrelated condition, one would expect this signal to at least be

weaker than that observed in the Congruent condition, as the Congruent condition is fully

predictable whereas the Unrelated condition is at best probabilistic. Notably, pre-stimulus

decoding in the Congruent condition was significant at an earlier time point than in the

Unrelated condition, potentially suggesting that category information was more robustly

available throughout the pre-stimulus time series in the Congruent condition. Future anal-

yses regarding the onset of decoding in the pre-stimulus time series between Congruency

conditions may therefore help to untangle whether category information is more prominent

in the Congruent condition.

Another key direction for pre-stimulus decoding analyses will be to decode in the frequency

domain and to use techniques such as Representational Similarity Analysis (RSA) instead

of MVPA. When combining these two approaches previous research has detected decoding

in the pre-stimulus time period (Sherman et al., 2022). The present thesis did not include

these approaches as it aimed to be more in line with research that has decoded pre-stimulus

activity using MVPA approaches (e.g., Hetenyi et al., 2024; Kok et al., 2017). A key advan-

tage of using RSA instead of MVPA is that it may help to distinguish the degree to which

representational content is available across different conditions. With MVPA, it is diffi-

cult to know precisely what information the classifier is using to make its predictions and

why information has led to the hyperplane being placed where it is. Using a correlational
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approach such as RSA there may be clearer insight into the underlying representational

geometry. For example, RSA may help to determine whether decoding is driven by true

categorical distinctions or lower-level perceptual features. In sum, RSA could be a powerful

complement to MVPA, providing not just evidence that information is present, but also

information about the structure of the representations that support successful decoding.

Cross-validation analyses on the pre-stimulus time series during the main temporal order

memory task also revealed that sequence position information could be decoded, and pro-

vided little evidence that category-specific information was contributing to this effect. The

lack of evidence of pre-stimulus decoding of category information using cross-validation

indicates that if category information is present in the pre-stimulus period, it is indeed

reflective of the pattern of activity observed during stimulus perception rather than being

distinct from the perceptual representation is some way. Indeed, this finding would be in

line with other studies that have revealed pre-stimulus decoding and have found it to be

reflective of patterns of activity observed during perception (Kok et al., 2017; Sherman et

al., 2022).

Finally, I was able to observe increased alpha power in a pre-stimulus decoding time series

when averaging power across the canonical alpha frequency bands (8 - 12 Hz), a similar

effect to that seen in previous studies (Hetenyi et al., 2024). Notably, however, the dif-

ference in alpha power between classifiers trained on accurate vs. random labels was not

observed in the predictable Congruent condition, but in the unpredictable Unrelated con-

dition. This suggests that the increase in alpha power is a robust phenomena, however, it

may not strictly be a predictive signal as previously proposed. Previous research that has

observed this effect used predictive cues that were only predictive of an upcoming event

in a probabilistic manner, they predicted the upcoming event with only partial accuracy.

Given this, and the results in the present work, this may indicate that the effect is instead

a marker of uncertainty regarding an upcoming event, rather than a marker of prediction

per se. Future research should aim to provide further evidence of this interpretation. One
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interesting question that arises from this effect being absent from the Congruent condition,

is whether the size of the pre-stimulus alpha effect scales with the degree of predictability.

Crucially, this proposal could help to account for whether statistical learning is occurring

in the Unrelated condition. If this proposed uncertainty signal could be shown to be most

prominent for Unrelated transitions that are less probable than others, this could provide

some further evidence that statistical learning was indeed taking place and that the alpha

signal is indeed a marker of uncertainty.

Together, the findings that category, sequential, and uncertainty signals can be decoded

during a pre-stimulus period provides an interesting picture of how cognitive processing

may unfold between stimuli during the perception of a predictable sequence. Throughout

the inter-stimulus interval (ISI), sequential information is tracked, providing knowledge

of position in the sequence. This continues throughout the ISI but is most prominent

in the first 500 ms. Following this, category information comes online as stimulus onset

approaches. Notably, the degree to which a category is predictable may influence the time

course at which it can be decoded, with more predictable categories being decodable at

earlier time points. Finally, uncertainty regarding an upcoming category may be coded

in the frequency characteristics on the decoding time series, specifically in terms of alpha

power. Precisely when this uncertainty signal is most prominent remains an open question

that could be addressed with future time-frequency decompositions. Although further

analyses are required to fully establish this proposal, the analyses presented in this thesis

provide novel evidence that multiple sources of information are present in the pre-stimulus

period, offering new insight into the mechanisms that prepare perceptual and mnemonic

systems for upcoming input.
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5.3 Conclusion

This thesis aimed at investigating the presence of schema effects in a temporal order mem-

ory paradigm when the chronology of events formed a core aspect of a schema’s content.

Observing schema effects under such conditions would provide evidence in favour of a pre-

dictive processing account of schema effects in memory, suggesting that prior knowledge

is used to make temporal predictions of upcoming events. Across four behavioural exper-

iments and one MEG experiment, I observed that schema-congruent sequences reliably

resulted in enhanced memory retention. However, the emergence of a memory benefit for

schematically incongruent sequences was dependent on the form of violation. Incongruency

effects were observed for categorical, but not sequential violations. I propose that this find-

ing is most in line with a predictive account, whereby prior knowledge is used to predict

the category of multiple upcoming items. Under this framework, temporal order informa-

tion is represented in terms of the strength of activation of an upcoming category, with

proximal items pre-activated more strongly than distal ones. The MEG study provided

evidence that theta oscillations were modulating prediction error signals and attentional

processes. However, further source space analyses are required to refine these findings.

During a pre-stimulus period, category, sequential, and uncertainty signals were present in

the decoding time series, providing evidence that prior knowledge is used to predict how

a sequence is likely to unfold. However, the presence of category-specific decoding in both

the Congruent (predictable) and Unrelated (unpredictable) conditions means that further

analyses are required to fully resolve whether these are genuine predictive signals.

Overall, this thesis demonstrates that schemas can guide temporal predictions in mem-

ory and links these predictions to subsequent memory benefits for schema-congruent and

schema-incongruent events. Notably, the MEG findings indicate that theta oscillations me-

diate predictive and attentional processes, and that pre-stimulus activity carries informa-

tion about upcoming category, sequence structure, and prediction uncertainty, consistent
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with the idea that prior knowledge is used to anticipate future events.
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