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Abstract

Everyday memory failures in ageing and mild cognitive impairment (MCI) may arise
from disrupted event segmentation, i.e., failures to appropriately parse continuous experience
into discrete episodes. In this thesis, we focus on two complementary systems: the
hippocampus, which shows selective, boundary-evoked responses at event offsets (Ben-
Yakov & Henson, 2018) that decline with age (Reagh et al., 2020); and a posterior-medial
cortical hub (angular gyrus) that maintains stable situation models over long timescales
(Ranganath & Ritchey, 2012; Baldassano et al., 2017; Geerligs et al., 2022). Leveraging
naturalistic fMRI (an 8-min Hitchcock film) in 54 older adults (18 with MCI), we examined

how each of these systems differs in MCIL.

In Chapter 3, using independently-defined event boundaries, the MCI group showed a
reduced boundary response relative to controls in posterior hippocampus (pHPC). This deficit
persisted after accounting for hippocampal volume and for V1 activity at boundaries,
suggesting that it provides complementary functional information. A whole-brain analysis
revealed additional boundary-response deficits across posterior-medial network hubs (e.g.,

PCC/precuneus, angular gyrus), indicating a network-level boundary-processing impairment.

Chapter 4 evaluated whether MCI patients express a distinct cortical event structure, or
largely share the control structure but implement it with altered timing/strength. This used a
method called Greedy State Boundary Search (GSBS) to identify changes in multivoxel
patterns in angular gyrus (and V1). We show that patients largely share the Control group’s
event structure, but implement it with subtle, systematic timing shifts and weaker boundary
transitions. In contrast, GSBS failed to identify stable multivoxel states in pHPC for either
group, consistent with its role in transient, boundary-locked dynamics, rather than sustained

state representations.

Taken together, a degraded cortical situation model and an attenuated hippocampal
“save” signal may provide a neural account of the fragmented recall seen in MCI, indicating
that a breakdown in event segmentation is a key contributor to everyday episodic memory
impairment. To our knowledge, this study provides the first evidence of neural event

segmentation impairments in MCI.
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1 Introduction

1.1 Episodic Memory Failure in Ageing and MCI

Episodic memory is the fundamental cognitive system that allows us to mentally travel
back in time to re-experience past events (Tulving, 1983, 2002). This capacity is central for
navigating daily life, from mundane tasks like cooking to complex social interactions like
following a conversation or a television programme (Zacks et al., 2006). Normal cognitive
ageing is characterized by declines in processing speed, attentional control, and, most
prominently, episodic memory (Park & Reuter-Lorenz, 2009; Balota et al., 2000). These
deficits are amplified in Mild Cognitive Impairment (MCI), a critical transitional state
between healthy ageing and dementia, particularly Alzheimer's Disease (AD) (Petersen, 2000;
Flicker et al., 1991). MCI is defined as a subjective memory complaint corroborated by
objective memory impairment, while general cognitive function and daily living activities
remain largely preserved (Petersen et al., 1999). MCI affects 12-18 % of adults over 60, and
around 10-15 % of those affected develop dementia each year. Furthermore, one-third of
individuals whose MCI stems from Alzheimer’s pathology convert within five years
(Alzheimer’s Association, 2025). The MCI stage is therefore important to study, because it
provides a critical window for detecting early functional brain changes that underlie the
irreversible deficits seen in AD, at a time when patients are still largely able to carry out

everyday activities.

In both healthy ageing and AD, the most noticeable deficits are with respect to
recollecting very recent, everyday experiences, more so than word-finding or remote
autobiographical recall (Balota et al., 2000; Greene et al., 1996). Accordingly, ageing and AD
seem to disrupt the adaptive encoding of ongoing activity (Balota et al., 2000; Hodges, 2000).
Failure to register events in the recent past makes it harder to keep track of what is currently
happening. In line with this, dementia patients often lose orientation in time and space
(Giannakopoulos et al., 2000; Robert et al., 2003). One hypothesis is that these impairments
stem from a failure to appropriately parse the continuous stream of experience into
meaningful, discrete events, a process known as event segmentation (Zacks & Tversky,
2001). By investigating how the neural mechanisms of event segmentation are compromised
in MCI, this thesis aims to improve our understanding of cognitive decline, providing a

potential target for future diagnostic and therapeutic strategies.



1.2 Event Segmentation Theory (EST): A Cognitive Framework

Event Segmentation Theory (EST) is the dominant theoretical framework for explaining
this process of event segmentation (Zacks et al., 2007; Zacks & Swallow, 2007). In short,
EST proposes that the brain actively maintains a working model of the current situation
(termed event model) that represents what is happening now. This moment-to-moment model
is informed by stored event schemas (sometimes called scripts), which are abstract knowledge
structures about how a given class of events typically unfolds (Schank & Abelson, 1977;
Radvansky & Zacks, 2014). By filling schemas with the perceptual details of the ongoing
situation, the event model generates predictions about what will happen next. When incoming
information violates these predictions, a spike in prediction error triggers an update of the
event model. This is the moment a new event is perceived to begin and marks an event
boundary. Behavioural evidence for EST is growing: people show high agreement on where
event boundaries occur in a continuous stream (Zacks et al., 2006). This segmentation process
also has measurable consequences for memory: information is bound more strongly within an
event than across events (Ezzyat & Davachi, 2011; DuBrow & Davachi, 2013). Furthermore,
information from a previous event becomes less accessible in working memory immediately
after a boundary is crossed, as if the mind has ‘closed a file’ on the completed event (Swallow

et al., 2009; Radvansky & Zacks, 2017).

1.3 The Neural Basis of Event Segmentation

The neural implementation of event segmentation has been studied extensively.
Converging evidence indicates that event segmentation relies on at least two partially
dissociable yet mutually dependent neural subsystems. Boundary-evoked hippocampal signals
often coincide with abrupt pattern shifts in the posterior medial network (PMN) and with
spikes in functional connectivity between the two systems (Baldassano et al., 2017; Barnett et
al., 2024; Liu et al., 2022). This has been framed as transient indexing of events
(hippocampus) and stable/sustained situation modelling (PMN) (Chen & Bornstein, 2024;
Cooper et al., 2021).

Hippocampal Boundary-Evoked Activity

More specifically, fMRI studies show transient increases in hippocampal activity

precisely when observers mark event boundaries (Ben-Yakov & Henson, 2018). This



boundary-evoked hippocampal activity has been interpreted as a 'save' signal that reflects the
encoding of a compressed representation of the just-ended event. Evidence for this comes
from studies showing that film clips that are later remembered, compared to those that are
later forgotten, are associated with greater hippocampal activity at the end of (but not
throughout) the encoding of those clips (Ben-Yakov & Dudai, 2011). Additionally, Swallow
et al. (2011) observed hippocampal involvement during memory retrieval across event
boundaries, but not during retrieval occurring within an ongoing event. Extending this link,
Baldassano et al. (2017) showed that a larger hippocampal BOLD response at the end of a
high-level event was associated with more extensive reinstatement of the event’s multivoxel
pattern during later free recall, directly tying the boundary burst to episodic storage.
Critically, Barnett et al. (2024) demonstrate that stronger functional coupling between the
hippocampus and the PMN at the event offset predicts richer, more detailed recollection of the
preceding scene after a two-day delay. This indicates that boundary-locked hippocampal-

cortical interaction is a key mechanism for stabilizing episodic memories over time.

Stable Event Models in the PMN

In contrast to the transient boundary-evoked hippocampal activity, cortical activity is
thought to maintain stable situation models, updating only when a boundary is reached. The
PMN, a network encompassing core Default Mode Network (DMN) regions like the angular
gyrus (AG) and posterior cingulate/precuneus (PCC), is theorized to be the primary location
these stable states. The PMN is specialized for constructing and maintaining coherent models
of ongoing situations, and is highly sensitive to the structure of those situations (Ranganath &
Ritchey, 2012; Ritchey, Libby & Ranganath, 2015). Furthermore, Baldassano et al. (2017)
have shown that the PMN plays a pivotal role in driving the hippocampal activity at event
boundaries. The neural correlates of this process can be examined using data-driven state
detection methods like Hidden-Markov Models (HMM) and the more recent Greedy State
Boundary Search (GSBS) algorithm, which identify moments of abrupt shifts in multivoxel
activity patterns without relying on external annotations (Baldassano et al., 2017; Geerligs et
al., 2021). The neural states corresponding to stable multivariate patterns are organized in a
partially nested temporal hierarchy, with durations progressively lengthening from short states
in sensory regions like the primary visual cortex (V1) to long, integrative states in high-order
association cortices (Baldassano et al., 2017; Geerligs et al., 2022). These data-driven
boundaries identified in high-level regions like the AG and the posterior medial cortex (PMC)

align well with subjectively perceived event boundaries, underscoring their validity
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(Baldassano et al., 2017). More recent whole-brain analyses confirm that regions like the PCC
and medial prefrontal cortex (mPFC) sit at the top of this neural hierarchy, and that
boundaries with larger pattern shifts (i.e., higher boundary strength) are more likely to align

with subjectively perceived boundaries (Geerligs et al., 2022).

1.4 Deficits in Event Processing in Ageing and MCI

The event-segmentation account and evidence for its neural implementation outlined in
the sections above provide a useful framework for understanding the episodic memory
deficits characteristic of cognitive ageing and dementia. A growing body of evidence suggests
that the ability to segment experience into meaningful events declines with age and is further

compromised in clinical populations.

Behaviourally, event segmentation becomes less consistent and more idiosyncratic in
older adults. When prompted to mark event boundaries in a movie, older adults show
significantly less agreement with group norms compared to younger adults (Zacks et al.,
2006; Kurby & Zacks, 2011). The degree to which an individual's segmentation aligns with
the norm predicts their subsequent memory for event content, even when controlling for
general cognitive abilities like working memory, processing speed and executive function
(Sargent et al., 2013). This suggests that normative segmentation is a fundamental and
adaptive cognitive skill. This deficit is further exacerbated in clinical populations, with
individuals with mild dementia of the Alzheimer's type showing even less segmentation
agreement compared to healthy older adults (Zacks et al., 2006). Beyond simply misplacing
boundaries, older adults also show a deficit in perceiving the hierarchical structure of events.
They show poorer alignment between coarse-grained events (e.g., "washing hands") and the
fine-grained sub-events (e.g., "putting soap on hands") that comprise them (Kurby & Zacks,
2011). Furthermore, in paradigms testing event integration, both individuals with MCI and
individuals with AD showed impairments in arranging scrambled sub-events to form coherent
macro-events (Kokje et al., 2021). Critically, the MCI group's performance was nearly
identical to that of the AD group, suggesting that these event processing deficits emerge early
in the course of the disease. This further underscores the importance of studying the MCI

stage for detecting early functional brain changes associated with cognitive decline.

Neural findings corroborate the observed behavioural impairments in event
segmentation. A large-scale lifespan study by Reagh et al. (2020) on a subset of the Cam-
CAN dataset revealed that boundary-evoked BOLD responses decline with age specifically in

10



the posterior hippocampus (pHPC) and PMN regions like the AG and PMC, with no
significant age-related changes observed in the anterior hippocampus or V1. Furthermore, the
magnitude of this pHPC boundary response predicted performance on a separate, general

measure of narrative memory, establishing its value as a marker of episodic memory ability.

The cortical systems maintaining stable event models also show age-related
dysfunction. In a study of healthy ageing, Geerligs and Campbell (2018) found that Inter-
Subject Correlation (ISC) during movie viewing - a proxy for shared information processing -
significantly declines with age in the DMN, PMN and medial temporal lobe (MTL). This
indicates more idiosyncratic neural responses during in older adults during movie viewing.
This pattern of idiosyncratic neural processing is exacerbated in MCI. Raykov (2019) found
that individuals with MCI exhibited significantly reduced ISC while they watched short clips
compared to both healthy age-matched controls and individuals with subjective memory
complaints. In line with the findings in healthy ageing, this deficit was localized in key nodes
of the DMN and PMN, including the PMC, ventromedial prefrontal cortex (vmPFC), and
anterior temporal poles. Importantly, these idiosyncratic neural responses in the MCI group
were accompanied by significantly worse subsequent memory for the videos. This strongly
suggests that the event processing deficits observed in healthy ageing become even more

pronounced in MCI, positioning them as a critical target for investigation.

These functional deficits are grounded in the known pathophysiology of AD. The
disease process classically begins in the medial temporal lobes, causing significant
hippocampal atrophy and dysfunction even in the MCI stage (Pennanen et al., 2004; Du et al.,
2004). Furthermore, a study by Jones et al. (2015) found that dysfunction within the PMN,
specifically its posterior regions, emerges early in the disease process. Critically, this network
dysfunction precedes the accumulation of amyloid plaques. Given the central role of the
hippocampus in the encoding of events and the PMN in maintaining event models, this
provides a strong biological rationale to expect that event segmentation processes will be
compromised even in the early clinical stage of MCI, and therefore any deficits have potential

as early, functionally-grounded markers of Alzheimer’s-related pathology.

1.5 Naturalistic Stimuli

Traditional memory research has historically relied on simple, controlled stimuli like

lists of words or static pictures. While these reductionist laboratory paradigms are valuable for
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isolating specific cognitive processes, they fail to capture the continuous, multimodal and
structured nature of real-world experience. Since the core deficit in MCI seems to be real-
word episodic memory failures, which we hypothesize stem from impaired event

segmentation, we must use paradigms that better approximate the complexity of everyday life.

Naturalistic stimuli, like movies or narrative stories, are an ideal candidate for this.
They provide a controlled, yet ecologically-valid method for studying the continuous
processing of complex events. They present a rich and dynamic stream of information that
unfolds over time, requiring the brain to actively segment and integrate events just like in
daily life. Crucially, naturalistic narrative stimuli are ideal for engaging the cognitive
functions and brain networks involved in event segmentation and known to be affected in
MCI. For example, temporal scrambling studies show that processing in regions such as the
AG and PMC is dependent on the narrative structure being intact (Hasson et al., 2008; Honey
et al., 2012; Lerner et al., 2011). Furthermore, MCI patients can show problems in discourse
comprehension (Drummond et al., 2015; see also Fraser et al., 2019). More broadly, the
comprehension of naturalistic stimuli requires a host of processes beyond just memory, such
as prolonged sustained attention (Naci et al., 2014), executive functioning (Cannizzaro et al.,
2013), and switching between encoding and retrieval (Hasson et al., 2015). While the
predominant difficulty in MCI is episodic memory, attentional/executive weaknesses often
emerge under higher task load (Kirova et al., 2015). Because naturalistic narratives engage
episodic integration, while also drawing on attention and control, they provide a sensitive
stress-test of precisely the systems most relevant to everyday failures in MCI. Finally,
narrative comprehension draws on prior knowledge in the form of schemas. In healthy ageing,
schematic knowledge is often preserved (Umanath & Marsh, 2014), but in MCI the picture is
mixed: patients can show degraded action scripts and semantic weaknesses (e.g.,
naming/lexical access), while other aspects of semantic memory appear preserved (e.g.,
autobiographical facts, low-effort decisions) (Jekel et al., 2015; Joubert et al., 2021; Taler et
al., 2020; Murphy et al., 2008), supported by compensatory recruitment in default-
mode/posterior-temporo-parietal regions (Woodard et al., 2009). Therefore, schema/script
problems in MCI might reflect difficulty maintaining and updating the current situation model
during continuous narratives, rather than wholesale semantic loss. Together, these points
show that naturalistic narrative paradigms are particularly sensitive for revealing cognitive

impairments in MCI.

12



1.6 Thesis Outline

The goal of this thesis is to provide a characterization of the neural mechanisms that
underlie event cognition deficits in MCI. To achieve this, it combines two complementary
analytical approaches that probe different aspects of the system involved in event cognition

and address distinct knowledge gaps.

The first gap concerns the hippocampal boundary activation in MCI. Healthy ageing is
associated with a blunted pHPC boundary response (Reagh et al., 2020), but it is an open
question whether this response is further degraded in MCI. Our investigation in Chapter 3
specifically targets the pHPC, as this is the region that showed the most robust decline in
boundary-evoked activity with age (Reagh et al., 2020). Using subjective event boundaries
defined by an independent sample, Chapter 3 asks: 1) is the magnitude of boundary-evoked
activity in the pHPC significantly more diminished in MCI patients compared to age-matched
healthy controls, 2) is any such attenuated activity simply a consequence of structural atrophy
in the pHPC (i.e., less brain tissue to activate), and 3) is this putative hippocampal deficit
behaviourally meaningful, as reflected in its relationship with a general measure of episodic

memory?

The analysis in Chapter 3 is activation-based. It measures the magnitude of a transient
hippocampal response to externally-defined boundaries. While this addresses a potential
encoding deficit, it cannot determine if the deficit lies in the very structure of the neural
representations between these boundaries. It assumes MCI patients are trying to segment at
the same moments but simply produce a weaker signal. This points to the second critical
knowledge gap: what if the core deficit is not just a weak response to boundaries, but a failure

to construct a coherent event structure in the first place?

To investigate this, Chapter 4 pivots to a multivariate, pattern-based approach that derives
boundaries directly from neural signals. We focus on the AG, a PMN hub that integrates
information over long timescales (Hasson et al., 2008; Lerner et al., 2011). Its central role in
maintaining stable event models makes it a good cortical site to probe for deficits in the
integrity of event structure (Baldassano et al., 2017). Using a data-driven event segmentation
method (GSBS) (Geerligs et al., 2021), we formalise two competing accounts of the MCI
deficit: (i) a “coherent alternative” event structure (patients segment differently from

Controls, but consistently as a group), and (ii) a “shared” structure (patients segment like

13



Controls). We adjudicate among these by combining two complementary tests: a boundary-
overlap analysis quantifying temporal correspondence between Control- and MCI-derived
boundary templates, and a boundary template-preference test that assesses whether each
group’s data align more strongly with the Control template, the MCI template, or neither. To
characterise how distinctly the AG transitions between states, we use a multivariate measure
of neural state boundary strength - the degree of pattern change - and compare this between
groups. Finally, to integrate findings across chapters, we apply the pattern-based stable state
model to the hippocampus (pHPC), to test the fundamental assumption that cortex maintains

stable event states while the hippocampus does not.
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2 General Methods

2.1 Participants

A total of 54 older adults were included in the present study: 36 cognitively healthy
controls (15 female; mean age = 72.5 years, SD = 9.11) and 18 patients with MCI (5 female;
mean age = 71.7 years, SD = 10.67). The groups did not significantly differ in age (#29.72) =
0.28, p =.778). A Chi-squared test of independence also showed no significant difference in
sex distribution between the control and MCI groups (y? = 0.486, p = .486). Across the full
sample, participants ranged in age from 53 to 90 years and were native or bilingual speakers

of English with the capacity to provide informed consent.

The control group was drawn from the population-based Cambridge Centre for Ageing
and Neuroscience (Cam-CAN) cohort (Shafto et al., 2014). Controls were designated as
cognitively healthy based on their performance on two widely used screening tools: the Mini-
Mental State Examination (MMSE; Folstein, Folstein, & McHugh, 1975), a brief 30-point
questionnaire assessing global cognitive function including orientation, attention, and
memory; and the Addenbrooke’s Cognitive Examination—Revised (ACE-R; Mioshi et al.,
2006), a more comprehensive 100-point assessment that provides a detailed profile across five
domains: attention/orientation, memory, verbal fluency, language, and visuospatial skills. To
be included as Controls, participants had to score > 26/30 on the MMSE, > 88/100 on the
ACE-R total, and > 24/26 on the ACE-R memory subscale.

In contrast, the MCI group was recruited from specialist memory clinics in
Cambridge. All patients satisfied the established Petersen diagnostic criteria for MCI
(Petersen et al., 1999), which require: (1) a subjective memory complaint, (2) objective
evidence of memory impairment, (3) largely preserved general cognitive function, (4) intact
activities of daily living, and (5) the absence of dementia. The clinical diagnosis was
corroborated, where available, by cerebrospinal-fluid or amyloid-PET biomarkers (15/18

patients had biomarker data: 8 positive, 7 negative).

All participants completed the same three-session, “Cam-CAN Frail” protocol, and
only those who completed the movie-viewing fMRI paradigm in Session 3 were included in
the present study. General exclusion criteria mirrored those of the original Cam-CAN study,

encompassing contraindications to MRI or MEG, major psychiatric or neurological disorders
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(with the exception of the MCI diagnosis in the patient group), insufficient English
proficiency, and inability to complete the testing sessions. Ethical approval for the Cam-CAN
Frail arm was granted by the East of England-Cambridge Central Research Ethics Committee
(10/H0308/50), and additional approval for patient recruitment and assessment was obtained
from the East of England-Essex Research Ethics Committee (07/H0307/64). All procedures
conformed to the Declaration of Helsinki, and written informed consent was obtained from

every participant prior to participation.

2.2 Stimulus

Inside the scanner participants passively watched a shortened black-and-white edit of
Alfred Hitchcock’s Bang! You’re Dead. This stimulus has been used in previous studies
(Hasson et al., 2010; Shafto et al., 2014) and is known to elicit robust, synchronized brain
activity across individuals (Geerligs & Campbell, 2018). The full (~25-minute) episode was
condensed to 8 minutes to accommodate time constraints in the scanner while preserving the
core narrative arc. No overt task was given; participants were instructed simply to attend to

the film.

2.3 Cognitive Measures

Episodic memory was assessed using the Logical Memory subtest of the Wechsler
Memory Scale (WMS; e.g., Wechsler, 2009) to provide the primary behavioural measure for
this study. In this test, two short stories are read aloud to the participant, who is then asked to
recall them immediately (Immediate Recall). After a delay of approximately 20-30 minutes,
the participant is asked to recall the stories again (Delayed Recall). To create a single, robust
index of episodic memory performance, raw scores from the immediate and delayed recall

conditions were combined into a composite score using a principal component analysis.

2.4 MRI Data Acquisition

MRI data were collected on a 3T Siemens Prisma (32-channel head coil) at the MRC
CBU in Cambridge. Structural data were acquired using a T1-weighted MPRAGE sequence
with 1mm? isotropic resolution. Functional data were acquired using a T2*-weighted gradient
echo-planar imaging (EPI) sequence (TR = 1.12 s, TE = 30 ms, flip angle = 74°, Field of view

=192 x 192 x 120 mm, matrix size = 64 x 64 x 60, multiband acceleration = 4, phase-
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encoding direction = anterior — posterior). Each functional volume contained 60 interleaved
axial slices in LAS orientation with 2 mm isotropic voxels, and 433 volumes were collected.
Slice-timing information was recorded for retrospective correction and the first non-steady-
state volume was automatically discarded. Field-maps for distortion correction were not

available at the time of analysis.

2.5 Preprocessing

All images were processed with fMRIPrep 24.1.1 (Esteban et al., 2018, 2019; RRID:
SCR _016216), a Nipype 1.8.6-based tool (Gorgolewski et al., 2011).

Anatomical data preprocessing

The T1-weighted (T1w) image was corrected for intensity non-uniformity
using N4BiasFieldCorrection (ANTs 2.5.3), skull-stripped using
the antsBrainExtraction.sh workflow, and used as the anatomical reference. The resulting
brain-extracted T1w was segmented into cerebrospinal fluid (CSF), white matter (WM), and
gray matter (GM) using fast (FSL). Cortical surfaces were reconstructed with recon-
all (FreeSurfer 7.3.2). The T1w reference was non-linearly normalized to

the MNI152NLin2009cAsym standard space using antsRegistration (ANTS).
Functional data preprocessing

Reference volumes were generated and used to estimate head-motion parameters
with mcflirt (FSL). The BOLD reference was then co-registered to the T1w reference using
boundary-based registration (bbregister, FreeSurfer). The head-motion correction and co-
registration transforms were concatenated and applied in a single resampling step into

standard space using cubic B-spline interpolation.

A comprehensive set of confound time series was calculated for subsequent analyses.
This standard set of confounds, used across all analyses, included the six rigid-body motion
parameters, their first temporal derivatives, and the mean time series from white matter (WM)
and cerebrospinal fluid (CSF). We then applied a high-pass temporal filter with a cutoff of
0.0078 Hz (128-second period) to remove low-frequency signal drifts. Finally, functional

images were spatially smoothed using an isotropic Gaussian kernel of 6.0 mm Full-Width at
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Half-Maximum (FWHM). A data-driven optimization that motivated including WM/CSF

regression and spatial smoothing is presented in the Appendix (section 7.1).

2.6 Region of Interest Definition

This thesis investigated neural activity within four a priori regions of interest (ROI), selected
to test specific hypotheses about event processing across different levels of the cognitive and
neural hierarchy. These regions were the pHPC, the AG, and the primary visual cortex (V1)
(see Figure 1). The pHPC was selected as the primary ROI for Chapter 3, motivated by prior
findings that boundary-evoked activity is specific to this subregion (Reagh et al., 2020) and its

established role in processing contextual event information.

Figure 1

ROIs Used in Subsequent Analyses

Angular Gyrus Primary Visual Cortex Posterior Hippocampus
(AG) (V1) (pHPC)

Note. Panel (a) displays the AG mask, panel (b) the V1 mask, and panel (¢c) pHPC mask.
Definition of each ROI is explained within each chapter. Colors are arbitrary and do not

convey statistical values.

The analysis in Chapter 4 focused on event segmentation in the cortex. The AG, a key
hub of the DMN, was chosen as the primary high-level cortical region due to its established
role in integrating information over longer timescales and processing event structure

(Baldassano et al., 2017).

The V1 was included in both chapters to serve as a consistent low-level sensory
control region. By analyzing V1 in parallel with higher-order regions like the pHPC and AG,

we can interpret whether observed group differences or segmentation patterns are specific to
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high-level associative cortex or reflect more domain-general changes that are also present in

early sensory processing.

To suit the different analytical goals of the subsequent chapters, two different ROI
masking strategies were employed. Chapter 3 used subject-specific masks to maximize
anatomical precision for individual-level modelling, while Chapter 4 used a single common
mask to ensure valid group-level comparisons. The specific details of each procedure are

described in the methods sections of their respective chapters.
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3 Boundary-Evoked Activity Analysis

3.1 Introduction

A growing body of work shows that the hippocampus responds with a burst of activity
at neural and subjective event boundaries, and importantly, the magnitude of this neural signal
directly predicts subsequent memory performance (Baldassano et al., 2017; Ben-Yakov &
Henson, 2018; Ben-Yakov & Dudai, 2011; Reagh et al., 2020). This mechanism appears to be
vulnerable to age-related decline, with older adults showing significantly blunted pHPC
responses at boundaries compared to the young (Reagh et al., 2020). It remains a critical open
question whether this boundary-evoked activity is further degraded in MCI. Given that MCI is
defined by hippocampal pathology more advanced than in healthy ageing (Pennanen et al.,
2004) and is characterized by general hippocampal hypoactivation during memory tasks
(Wang et al., 2016), there is a strong basis to hypothesize a specific deficit in this boundary-

encoding process.

Using fMRI data acquired during a naturalistic movie stimulus, this chapter therefore
aims to answer three primary questions: (1) Is boundary-evoked neural activity in the pHPC
diminished in individuals with MCI compared to healthy controls? (2) Is any reduction in
boundary activity in the MCI group simply because of smaller hippocampal volumes (less
grey-matter)? (3) Is the magnitude of this activity linked to a general measure of episodic

memory, and does this brain-behaviour relationship differ between the groups?

3.2 Methods

3.2.1 ROI Definition

As outlined in Chapter 2, the analyses in this chapter focused on the pHPC and V1. To
maximize anatomical precision for the individual-level GLM, this analysis required ROIs that
were maximally representative of each participant's unique anatomy within the shared MNI
space. Therefore, ROIs were defined in MNI152NLin2009cAsym standard space using a
subject-specific gray matter masking procedure. For each participant, a binary gray matter
mask was generated by thresholding their T1w-derived gray matter probability map at a value
of 0.3. This individual mask was then intersected with anatomical or functional atlas

templates.
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For the pHPC, a bilateral hippocampal mask was adapted from the segmentations of a
previous study (Ritchey et al., 2015). The pHPC mask comprised the combined hippocampal
body and tail. The hippocampal segmentations from Ritchey et al. were supplied on a I mm
grid. For every participant they were therefore aligned to that participant’s 2 mm grey-matter
map with nearest-neighbour interpolation before the intersection step. After intersection, the
mean (£SD) number of voxels of the resulting pHPC ROI in the control group was 427 = 19
and 383 + 43 voxels in the MCI group. Independent samples t-tests confirmed that this
difference was significant (¢ = 5.24, p <.001), consistent with hippocampal atrophy in AD.

The V1 ROI was defined using the Schaefer et al. (2018) 500-parcel, 17-network
functional atlas by combining all parcels of the visual network. This template underwent the
same subject-specific masking procedure. The mean (=SD) number of voxels of the resulting
ROIs was 2432 + 198 for the control group and 2438 + 201 for the MCI group. Unlike the
pHPC, these V1 volumes did not differ significantly between groups (¢ =-0.12, p = 0.91),

suggesting that volume loss was specific to medial temporal lobe regions.

3.2.2 Defining Event Boundaries and Within-Event Timepoints

To identify the neural response to event boundaries, we used event boundary
annotations derived from the data of Ben-Yakov and Henson (2018). In their study, 16
observers pressed a key whenever they perceived an event to end. The authors created an
initial set of consensual boundaries by correcting for reaction times and clustering nearby
responses. Building on this, we applied the stricter filtering criteria used by Reagh et al.
(2020) to isolate boundaries with the highest level of agreement. Specifically, we selected
boundaries from the Ben-Yakov & Henson data that were endorsed by at least half of the
observers (8 of 16) within a five-second window, while ensuring a minimum spacing of 6 s
between boundaries. This majority-vote rule ensures that every retained moment reflects an
event change recognized by most viewers and resulted in a final set of 12 boundaries for our

analysis, identical to the set used in the Reagh et al. (2020) study.

To isolate neural activity specifically related to event segmentation, we also sampled
an equal number of ‘within-event’ time-points that lay at least six seconds away from any
boundary (Figure 2). These time points were designed to capture brain activity associated
with the general processing of the continuous audiovisual stimulus that is not unique to event
boundaries. By directly contrasting boundary-evoked activity against within-event activity

(boundary > within-event), we can minimize potential MClI-related confounds in overall task
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engagement or global shifts in baseline BOLD signal. This approach aims to increase

confidence that group differences are specifically time-locked to perceived event boundaries.

Figure 2

Event Boundary Versus Within-Event Time Points Across the Movie Run

Event Boundary vs Within-Event Comparison
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Note. Red solid vertical lines denote event boundaries identified in the Cam-CAN movie task,
and blue dashed vertical lines mark within-event control time points selected to be at least 6 s
(= 5 TRs) from any boundary. The horizontal axis is expressed in scanner repetitions and
spans the full length of the run. Because the boundary and within-event locations are fixed for
every participant, the pattern is identical across subjects. The legend (upper right) reiterates

the color coding.

3.2.3 Statistical Analyses

All statistical analyses were conducted using Python 3.7 and its scientific libraries
(e.g., Nilearn, Statsmodels, Pingouin). The significance level for all hypothesis tests was set at
o.=.05. The analysis pipeline consisted of two core stages: first-level (subject-level)
modelling of individual fMRI data, followed by second-level (group-level) statistical

comparisons.
Group Differences in Boundary-Evoked Activity

First, for each participant, a General Linear Model (GLM) was fit to the pre-processed
fMRI timeseries at each voxel. This model aimed to isolate the neural signature of processing
an event boundary from more general activity related to viewing the movie. Separate
regressors were therefore created for the boundary and within-event timepoints, which were

modeled as impulse responses (delta functions) convolved with a canonical double-gamma
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hemodynamic response function (HRF). Additional confound regressors were added, as
detailed in Section 2.5. The primary 7-contrast of interest was boundary > within-event. The

resulting contrast estimates were averaged across voxels within our two ROIs: pHPC and V1.

These contrast values for each participant and ROI were fit by a second, group-
level GLM, designed to contrast boundary-related activation between the Control and MCI
groups. A participant was excluded only if they were identified as an outlier on both mean
Framewise Displacement (FD) and the boundary > within-event contrast values, exceeding
1.5 times the interquartile range (IQR) above the third quartile or below the first quartile. The
rationale was to remove only those data points where an extreme neural outcome was most
likely attributable to a data quality issue (i.e., motion). This procedure resulted in no

participants being excluded.

Our primary hypothesis corresponded to a one-tailed 7-contrast, testing whether
boundary-related activation was greater in the Control than Patient groups. As a sanity check,
we also performed one-sample 7-tests within each group separately, to confirm that boundary-
related activations were significantly greater than zero. To test the robustness of any group
differences, however, we added progressively more covariates to the GLM (corresponding to

an Analysis of Covariance, ANCOVA), as expanded below.

Our first GLM included covariates for age and mean FD (i.e., pHPC Activation ~
Group + Age + mean_FD). Although mean age did not differ significantly between groups, it
was included to reduce residual error due to its known effects on brain activation. Mean FD
was also included to control for motion, particularly as it was found to be higher in the MCI

group than the Control group (see Results).

To test our second research question - whether group differences in neural activity are
driven by atrophy - we included each participant's pHPC volume as a covariate. This volume
was defined as the number of voxels within their individual pHPC mask that exceeded the 0.3

grey matter probability threshold.

In a final GLM for pHPC, we added a further covariate of V1 boundary activation for
each participant. This was to test whether the hippocampal group difference was independent

of any differences between boundary and non-boundaries in low-level visual processing.
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To assess the anatomical specificity of our pHPC findings, we applied our first GLM
to the V1 control region (i.e., V1 _Activation ~ Group + Age + mean_FD). As there was no
strong directional hypothesis for this control region, the group effect was assessed using a

two-tailed 7-contrast.

Whole-Brain Confirmatory Analysis

To further assess the anatomical specificity of our findings, we conducted an
exploratory whole-brain, group-level analysis. This analysis employed the same first-level
contrast maps (boundary > within-event) but performed a 7-contrast between Control and
MCI groups for each voxel separately. This group-level contrast was tested in the context of
the primary GLM above, i.e., controlling for Age and mean FD only. The analysis was
restricted to ~330,000 voxels within a group-level mask comprising all voxels with data in
every participant. To correct for multiple comparisons, we applied False Discovery Rate

(FDR) correction at g < 0.025, given that we tested for significant effects in both directions.

Brain-Behaviour Analysis: Relationship with Episodic Memory

To investigate the link between brain activity and general memory, we first created a
composite "trait memory" score via principal component analysis (PCA) on the raw scores
from the immediate and delayed recall conditions of the WMS Logical Memory test. The first

principal component was used as the single dependent variable for subsequent analyses.

We then used a multiple linear regression analysis to assess whether activity in the
pHPC ROI explained unique variance in memory performance within each group (after
accounting for mean group differences), and whether the strength of this brain-behaviour
relationship differed between the Control and MCI groups. The primary model was specified
as: Memory ~ Group + Activation + Age + Group * Activation. Although this addresses a
primary research question, we used a two-tailed test in the absence of a strong directional
prediction for the brain-behaviour relationship or its potential modulation by group. A follow-
up model including pHPC volume was planned to test the influence of atrophy, conditional on

finding a significant brain-behaviour relationship.

Confirmatory Finite Impulse Response (FIR) Analysis
To further investigate the nature of group differences in boundary-evoked activity, a

second analysis was conducted using a Finite Impulse Response (FIR) basis set instead of a
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canonical HRF within each subject’s fMRI timeseries model. The FIR set consisted of 14
consecutive time bins of 1s duration, covering the window from —2 to +12 seconds relative to
event onset. This approach allowed us to investigate whether any group differences were due
to a weaker response, a delayed response, or a fundamentally different evoked response
shape. If the response in the MCI group are just a down-scaled (weaker) version of that in the
Control group, for example, then we can be more confident that the differences found with the
canonical HRF reflect neural differences, rather than differences in the neurovascular

coupling (i.e., HRF shape) between groups.

To assess differences in the HRF, the boundary - within difference score was
calculated for each FIR time bin. These difference scores were then submitted to a mixed-
design ANOVA, with Time (14 levels) as the within-subjects factor and Group (Control vs.
MCI) as the between-subjects factor. This allowed us to test for a main effect of Group on the
overall response amplitude, and a Group x Time interaction, which would suggest a
difference in response shape or timing. As the assumption of sphericity is often violated in
time-series data, we applied a Greenhouse-Geisser correction to the degrees of freedom for all

effects involving the Time factor.

3.3 Results

The final sample for analysis comprised 36 cognitively healthy controls and 18 patients
with MCI. The MCI group tended to move more during the scan, as evidenced by
significantly higher FD than controls (#(23.44) = -2.18, p = .040). Given that motion
correction of fMRI data is rarely perfect, this finding reinforced the importance of using mean
FD values as a covariate at the group level. A preliminary one-sample t-test confirmed that, as
expected, activation in the pHPC was significantly greater for boundaries than non-boundaries
within the Control group (#(35) = 7.20, p < .001, one-tailed), validating that our paradigm
successfully elicits the expected neural response in healthy individuals. In contrast, this effect
did not reach significance in the MCI group (#(17) = 1.51, p = .074, one-tailed), a null result
that should be interpreted with caution given the smaller patient sample. As illustrated in
Figure 3, the distributions of raw boundary activations across pHPC and V1 highlight this

divergence; the critical test of the group difference is addressed next.
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Figure 3

Group Differences in Boundary-Evoked Activity Across ROIs

Group Comparison of Boundary-Evoked Activity
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Note. Violin plots overlaid with boxplots showing the distribution of boundary-evoked
activity (raw boundary > within-event beta values) for the Control and MCI groups across
pHPC and V1. Each violin displays the probability density of beta values, with embedded
indicators showing the median (white dot), interquartile range (thick dark line), and data range
(thin lines). The asterisk indicates a statistically significant group difference in pHPC (one-
tailed p < 0.05). The MCI group showed significantly reduced boundary-evoked activation in
pHPC compared to controls, while no significant group difference was observed in the control
region V1, supporting the hypothesis of hippocampal-specific deficits in event boundary

processing in cognitive impairment.
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3.3.1 Group Differences in Boundary-Evoked Activity

Within the initial GLM that adjusted for Age and mean FD, there were no significant
effects of the covariates Age (p =.399) or mean FD (p = .944). Nonetheless, a one-tailed 7-
contrast showed a significant effect of group (f =—-14.61, t(50) =-2.82, p = .004), with

greater boundary-activation in the Control group, as expected.

To confirm that the group difference was not simply a consequence of less gray-matter
in the MCI group, we added ROI volume as a further covariate. There was no significant
effect of pHPC volume on boundary activation (#49) =—0.81, p = .422). Nonetheless, the
group difference remained significant (f =—17.75, t(49) = -2.73, p = .004), suggesting it is

not a consequence of hippocampal atrophy in the MCI group.

Finally, we added V1 boundary activation as another covariate to control for visual
differences between boundaries and non-boundaries. There was a significant positive
relationship between V1 and pHPC activation (#(49) = 2.30, p = .026). Nonetheless, the
hippocampal group difference remained significant (f =—11.83, t(49) =-2.31, p = .013),
suggesting that it is not a simple effect of visual changes at boundaries, to the extent that such

changes are captured by V1 activation.

Within the GLM for the V1 control region that adjusted for Age and mean FD, a two-
tailed 7-contrast showed no significant effect of group (#(50) =—-1.72, p = .092). The lack of a
group difference in this sensory area suggests the functional deficit is specific to higher-order

regions like the hippocampus.

3.3.2 Whole-Brain Analysis

The whole-brain analysis revealed widespread group differences in boundary-evoked
activity. Testing both directions with FDR correction at ¢ < 0.025 for each, we found 68,545
voxels showing greater activation in Controls than MCI patients, while only 11,811 voxels
showed the opposite pattern (MCI > Control), as shown in Figure 4. Consistent with our ROI
findings, hippocampal regions showed robust Control > MCI group differences, with the
strongest effects at peak voxels in pHPC (right posterior peak: ¢ = 9.34; left posterior peak: ¢ =
7.38).

Beyond the hippocampus, significant clusters emerged throughout regions associated
with the PMN. The largest cluster (497,568 mm?) encompassed PCC and precuneus, with a
28



peak z-value of 14.02. Additional significant clusters were identified in lateral temporal
cortex, AG, and medial prefrontal regions. This widespread pattern suggests the boundary
processing deficit in MCI is not isolated to the hippocampus but involves the broader network

for event cognition and episodic memory.

In the opposite contrast (MCI > Control), we found a markedly smaller set of 11,811
voxels organized into 17 clusters. These regions were predominantly located in sensorimotor
cortex, including bilateral pre- and postcentral gyri (peak ¢ = 7.89), superior parietal regions

(peak t = 7.50), and supplementary motor areas (peak ¢ = 7.40).

Notably, several clusters within visual cortex also survived FDR correction in the
Control > MCI contrast. In our ROI analysis, V1 showed no significant group difference (p =
.092). This discrepancy likely reflects the difference between examining peak voxels in the
whole-brain analysis versus averaging across all voxels in our ROI analysis, with the latter

providing a more conservative and representative measure of regional activity.
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Figure 4

Whole-brain boundary-evoked activation differences between Control and MCI groups

Control > MCI (FDR q < 0.025)

MCI > Control (FDR q < 0.025)
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Note. (A) Control > MCI: Orthogonal MNI-152 slices display voxels where control
participants showed significantly greater boundary-related BOLD signal than individuals with
MCI. Warm colors represent higher activation in controls. (B) MCI > Control: Orthogonal
MNI-152 slices display voxels where individuals with MCI showed significantly greater
boundary-related BOLD signal than control participants. Warm colors represent higher
activation in MCI. Both contrasts were thresholded at False Discovery Rate g <.025 (one-

tailed) after controlling for age and mean FD. Crosshairs mark x =30, y =-36, z = -8.

3.3.3 Relationship Between pHPC Activity and Memory

Due to missing data on the memory task, one MCI patient was excluded from this
analysis, resulting in a final sample of 53 participants (36 Controls, 17 MCI). The PCA
showed that the first component explained 95.1% of the variance in the immediate and

delayed memory measure.

The multiple regression model predicting this trait memory score revealed a highly
significant main effect of Group (f =—-10.83, #48) = —4.94, p <.001), confirming, as
expected, that the MCI group had significantly poorer memory performance than controls.
However, there was no significant main effect of pHPC boundary activation on memory
across the sample (p = .802), nor was there a significant interaction between Group and pHPC
activation (p = .985), suggesting that the relationship between boundary-related activation in
the pHPC and this general measure of trait memory does not differ between Controls and MCI

(see Figure 5).

Given that Reagh et al. (2020) found a correlation between pHPC activation and
episodic memory within the same CamCAN paradigm - albeit in a much larger, independent
sample, we tested a simpler model (Memory ~ Activation + Age) on the Control group only,
thereby avoiding the statistical confound of mixing patient and control data. The regression

model within the Control showed no relationship between pHPC activation and memory (f =

0.018, 433) = 0.31, p = .760).

This null result provides two key insights. First, our data do not replicate the brain-behaviour
relationship reported by Reagh et al., likely due to limited statistical power. Second, and more
importantly, it confirms that any correlation observed when collapsing across our clinical
groups would be a statistical artifact driven by group status, not a genuine link between pHPC

activation and memory within individuals. Therefore, we conclude that in our sample, only
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clinical group status, and not pHPC activation, is a significant predictor of memory

performance.
Figure 5

Relationship Between pHPC Boundary Activity and Memory Performance by Group
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Note. Scatter plot illustrating the relationship between boundary-evoked activity in the pHPC
and the composite memory score. Each point represents an individual participant, colored by
their clinical group (Control: n = 36; MCI: n = 17). Solid lines represent the linear regression
line of best fit for each group separately. The plot visually demonstrates the main effect of
group on memory performance (a vertical separation between the groups) and the non-

significant interaction (parallel slopes of the regression lines).
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3.3.4 Confirmatory FIR Analysis

To validate our use of the canonical HRF in the primary analysis and further
investigate the temporal dynamics of the boundary-evoked response, we performed a mixed-
design ANOVA on the FIR beta estimates from the pHPC. Visual inspection of the resulting
time courses supported the use of a canonical HRF in our main analysis, as shown in Figure 6,
where the FIR-estimated responses correspond well with the canonical HRF. Specifically, the
observed response peaks at a latency of approximately 5-7 seconds in both groups, which is
consistent with the assumed timing of the canonical model. The presence of this robust, time-
varying signal was statistically confirmed by a significant main effect of Time (F(8.07, 419.7)

=6.29, p <.001, Greenhouse-Geisser corrected).

Crucially, this analysis also replicated our primary finding. A significant main effect
of Group (F(1, 52) =9.04, p = .004) demonstrated that the overall magnitude of the boundary-
specific signal was significantly weaker in the MCI group compared to Controls. This effect is
visually represented in Figure 6B by the clear vertical separation between the two groups'
response curves. After applying the necessary Greenhouse-Geisser correction, the Group x
Time interaction was not significant (F(8.07, 419.7) = 1.85, p = .066). This indicates that the
overall shape of the boundary-evoked response over time did not reliably differ between the
groups, suggesting the deficit reflects a uniform reduction in signal strength rather than a

change in response timing.
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Figure 6

Finite Impulse Response (FIR) Time Courses of Boundary-Evoked Activity in the pHPC

Beta Estimate (baseline-corrected)

Boundary - Within (baseline-corrected)

(A) pHPC: Boundary vs. Within

—— Boundary
—— Within Event
=== Canonical HRF

(B) pHPC: Boundary - Within by Group

—4 -

—— Control
——— MCI
=== Canonical HRF

-2 0 2 4 6 8
Time from Boundary (s)

34

10




Note. Panel A shows the mean BOLD signal (= SEM) evoked at event boundaries
(“Boundary,” red) compared with within-event time points (“Within Event,” blue) collapsed
across groups. Panel B displays the Boundary — Within difference for the Control group
(green) and the mild-cognitive-impairment (MCI) group (orange). Time courses are baseline-
corrected. Shaded bands represent + 1 SEM across participants. The dashed black curve in
each panel is the canonical SPM HREF scaled to the peak amplitude of the plotted data and
aligned so that its time-zero sample coincides with the boundary (vertical dotted line).
Positive values reflect greater activity at the boundary (or boundary minus within) relative to
the pre-boundary baseline (horizontal dashed line). Time is expressed in seconds relative to

the boundary; the FIR model spans —2 s to +11 s.

3.4 Discussion

MCl is Associated with a Blunted Hippocampal Boundary Response

Our findings in cognitively healthy controls confirm that the hippocampus is strongly
engaged at perceived event changes, showing robust boundary-evoked BOLD activity.
Importantly, our data replicate the boundary-evoked pHPC activity reported by Reagh et al.
(2020) in an independent cohort of cognitively healthy older adults, thereby validating their
findings in a distinct control sample. In contrast, when analyzed in isolation, the MCI group
did not show a statistically significant boundary response (p = .074), a finding that is likely
attributable to lower statistical power from the smaller patient sample (n = 18) rather than a
complete absence of a signal. More importantly, the amplitude of the MCI response was
significantly smaller than that of the Control group. In general, this is consistent with prior
work supporting the hippocampus's role in event segmentation (Ben-Yakov & Henson, 2018;

Reagh et al., 2020).

Crucially, the smaller hippocampal boundary response in the MCI group was not
merely a reflection of hippocampal atrophy, since it remained significant even after
statistically controlling for individual differences in pHPC volume. This suggests that the
blunted boundary response in MCI is a functional deficit, providing information that is
complementary to structural biomarkers. Furthermore, the group difference in the pHPC also
persisted after accounting for concurrent activity in V1. Though our ROI analysis of V1
showed no significant group difference, there was a trend towards less boundary activation in

the MCI Group. The fact that group effect in pHPC persisted after controlling for this shared
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variance confirms that the hippocampal deficit is not merely a downstream consequence of
altered low-level sensory processing. Nonetheless, the significant effect of V1 on pHPC
activation in this model demonstrates that some portion of the pHPC’s boundary response is

related to visual differences at boundaries.

Finally, our FIR analysis suggested that the pHPC deficit in MCI did not simply owe
to a delayed or dispersed response due to different haemodynamics. The MCI group showed
an HRF that was simply a down-scaled version of that in the Control group, with similar peak

latency, suggesting that it was simply caused by less neural activity.
Interpreting the Absence of a Brain-Behaviour Relationship

According to EST, the brain resets its current event model when a spike in prediction
error signals an event boundary (Zacks et al., 2007). This reset appears to be implemented by
the hippocampus through the brief burst of activity locked to the boundary. Ben-Yakov and
Henson (2018) described its function as a “film editor” that responds preferentially to event
transitions. Moreover, this hippocampal activity is believed to reflect registration of the
preceding event into long-term memory as a single, bound representation (Ben-Yakov &
Dudai, 2011; Richmond & Zacks, 2017). This segmentation process therefore affects not just
immediate perception, but also the subsequent organisation of memory, ensuring that
elements within an event are bound together more cohesively than elements across different

events (Ezzyat & Davachi, 2011; DuBrow & Davachi, 2013).

The blunted pHPC boundary response observed in the MCI group suggests a failure of
this snapshot mechanism. Without an effective, boundary-locked "save" command, newly
incoming information may overwrite incompletely stored episodes. This would lead to the

kind of fragmented narrative recall that is a key characteristic of MCI.

Ideally this hypothesis could be tested with data on recall of the movie itself.
Unfortunately, such memory data were not acquired in this cohort. Instead, we related pHPC
activation to performance on an independent episodic memory test, which required immediate
and delayed recall of a verbal story. This was the same test used by Reagh et al. (2020) to find
a correlation between pHPC boundary activity and memory in their much larger CamCAN
sample. Reagh and colleagues reported this brain-behaviour relationship to be statistically
stable across the healthy lifespan. However, grounded in the principle that MCl-related
pathology can disrupt such functional coupling, we tested for a Group x Activation interaction

in the prediction of episodic memory ability.
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Our analysis revealed a clear main effect of Group on memory performance, with the
MCI group recalling less, as expected. However, there was no main effect of pHPC
activation, nor an interaction between this activation and Group. A focused post-hoc test
within our healthy control group also failed to find a direct brain-behaviour relationship,
yielding a negligible observed effect size for pHPC activation (f* = 0.003). In other words, we
failed to replicate Reagh et al.’s finding that pHPC boundary activation during a movie
predicts a healthy participant’s general memory ability. This failure to replicate is explained
by limited statistical power. Our control group (n = 36) was a fraction of the original Reagh et
al. sample (N = 546), giving us only 23.3% power to detect the effect they reported (* =
0.046). Future investigations would require a substantially larger sample, estimated at N =

175, to be adequately powered for Reagh et al’s effect size.

Anatomical Specificity and the PMN

The anatomical distribution of our whole-brain findings provides important insights
into the network-level nature of boundary processing deficits in MCI. The pHPC is a key
component of the PMN, which processes contextual information and is highly sensitive to the
structure of ongoing events (Ranganath & Ritchey, 2012; Ritchey, Libby & Ranganath,
2015). Multiple studies have shown that the PMN plays a pivotal role in driving the
hippocampal activity at event boundaries (Barnett et al., 2024; Baldassano et al., 2017),

making it particularly relevant to our findings.

Our whole-brain analysis revealed extensive group differences across the PMN, with a
peak cluster centred in the PCC, suggesting this hub may be particularly vulnerable to
disruption in MCI. This is consistent with Alzheimer’s pathophysiology, in which PMN
dysfunction emerges early (Jones et al., 2016). The breadth of the effect (68,545 voxels
showing Control > MCI) indicates that boundary-processing deficits in MCI are not subtle or
localized but widespread, pointing to a network-level disruption that likely reflects a
fundamental breakdown in the neural mechanisms that segment continuous experience into

discrete, memorable events.

To interpret our opposite finding of greater boundary-related increases in the MCI than
Control group in sensorimotor cortex, we first considered whether residual head motion could
explain this pattern. Even after standard motion controls (including covarying mean FD),
residual motion-related confounds can linger in fMRI data. However, the fMRI signatures

most predictive of head motion tend to localize to cerebellar Crus II and medial default-mode
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regions, rather than sensorimotor cortex (Tomasi & Volkow, 2023). Consistent with this, in
motor paradigms where motion is highest, sensorimotor activation does not reliably scale with
head-motion metrics, and can even be uncorrelated with motion in patients, arguing against a
purely motion-artifact account (Rumshiskaya et al., 2013). As an alternative explanation, we
propose that in Controls, boundary-evoked signals in hippocampal/PMN transiently inhibit
sensorimotor cortex, pausing ongoing action representations while the event model is updated.
In MCI, these boundary signals are weaker. Consequently, sensorimotor cortex is less
inhibited at those same moments, producing a relatively larger boundary > within-event

response in sensorimotor cortex in MCIL.

Importantly, these network-level findings, while informative about disease pathology,
do not diminish the theoretical importance of understanding how the hippocampus with its
unique role in marking boundaries contributes to event memory deficits. Our focused ROI
approach allowed us to test specific hypotheses about hippocampal function while controlling
for relevant confounds such as atrophy and visual processing. The whole-brain findings
complement rather than replace this targeted investigation, revealing the broader context
within which hippocampal dysfunction occurs. This raises a critical question for future work
regarding the distinct functional roles of boundary-evoked activity across the PMN. For
example, future studies should test whether activity in other key nodes, such as the PCC, have

the same impact on subsequent event memory as the hippocampal response.

Limitations and Future Directions

Several limitations of this chapter should be acknowledged. First, our analysis relied
on event boundaries defined by an independent healthy sample. This complicates the
interpretation of our main finding: the reduced pHPC signal in MCI could reflect impaired
neural encoding at these shared transitions, or it could indicate that patients' brains are
segmenting the narrative at fundamentally different moments. Chapter 4 of this thesis will
address this ambiguity by using data-driven event segmentation to investigate whether MCI

patients exhibit a different pattern of neural event segmentation.

Further limitations relate to the scope of our analysis. Our primary comparisons were
restricted to the pHPC as our primary ROI of interest and the V1 as a control region.
However, the whole-brain analysis revealed that boundary-related group differences extended
well beyond the hippocampus to encompass much of the PMN. The widespread nature of

these findings suggests that our ROI approach may have underestimated the full extent of
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boundary processing disruption in MCI. Future studies might benefit from network-based
approaches that can capture the coordinated dysfunction across these distributed regions.
Furthermore, as discussed previously, our modest sample size (n = 18 MCI) limited our
statistical power to detect small effects, particularly for the brain-behaviour interaction.
Similarly, the use of a general trait test of memory, rather than one specific to the movie's
content, likely limited our statistical power to detect an effect. Finally, the study's cross-
sectional design prevents us from determining whether reduced boundary-evoked pHPC

activation is a predictive marker for the rate of future cognitive decline.

Despite these limitations, our findings establish a key functional deficit in the pHPC
and have important clinical implications. A challenge for any potential functional biomarker
is its ability to outperform established measures like hippocampal volume and CSF/PET,
especially when such measures contribute to the diagnostic criteria used to define the patient
groups in the first place. The value of a functional biomarker, therefore, is not necessarily to
outperform these metrics but to provide uniquely informative signal above and beyond them.
Our key finding that the group difference in pHPC activation remained significant even after
statistically controlling for hippocampal volume shows that this functional measure provides
information complementary to structural atrophy. While promising, it is unlikely that an
fMRI-based measure would replace standard diagnostic biomarkers for AD like CSF or PET
in a clinical setting, given its practical expense and complexity. Instead, its value may lie in
providing a useful marker for the synaptic-level dysfunction that may precede widespread

atrophy.
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4 Event Segmentation Analysis

4.1 Introduction

Chapter 3 revealed a core functional deficit in MCI: a blunted pHPC response to event
boundaries. However, those analyses focused on the hippocampal activity evoked by
boundaries defined externally from subjective reports. This leaves a critical question
unanswered: is the MCI deficit rooted in the neural implementation of the event boundaries
themselves? Here we provide a complementary perspective by shifting the focus from
boundary-evoked hippocampal activity to multivoxel patterns in AG, using a data-driven,

pattern-based approach that derives boundaries directly from neural signals.

Within this framework, we test two mutually exclusive hypotheses for the MCI deficit:
(1) a “coherent alternative” model, in which patients agree on a boundary template that is
systematically different from controls, i.e., consistent group-level timing differences; and (ii)
a “shared” model, in which patients and controls express the same underlying event structure.
Orthogonal to these “structural models”, we also consider an “implementation fidelity”
model: even when the structure is shared, transitions may be blurred (weaker within-

participant pre/post pattern contrast).

To adjudicate among these scenarios, we apply data-driven segmentation in AG and V1
and combine timing-sensitive tests. First, boundary overlap quantifies temporal
correspondence between Control- and MCI-derived templates; a substantial overlap is
inconsistent with a largely distinct "coherent-alternative" template, though it does not
preclude small systematic timing differences. Second, a boundary template-preference test
asks which template better indexes each group’s transitions. Its logic is as follows: (a) if MCI
patients systematically prefer their own template, this supports the "coherent-alternative"
model (consistent timing differences, possibly small); (b) if MCI patients systematically
prefer the Control template, this is consistent with a shared structure in which the Control-
derived template is the cleaner estimate due to higher N; (c) indifference at unequal N can
arise from opposing forces (own-alignment vs Control precision). We therefore perform an
additional N-matched split-half analysis: under the "shared" model (no systematic timing
difference), N-matching predicts indifference; under the "coherent-alternative" model (even

with small differences), it predicts an own-template advantage in MCL.
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To characterize implementation fidelity, we estimate a mean boundary-strength metric.
Because strength depends both on the clarity of within-participant transitions and on any
residual timing mismatch between group-average template times and an individual’s true
transitions, this metric is ambiguous in isolation. Accordingly, we interpret boundary strength

alongside the overlap and template-preference tests that speak directly to timing.

Finally, our investigation operates on the assumption that cortex and hippocampus play
different dynamic roles - the cortex maintaining stable states and the hippocampus marking
transient changes. To synthesise our findings with Chapter 3, we will also test whether the
stable-state segmentation model applies to hippocampal activity, providing a comprehensive

picture for interpreting any cortical deficits we uncover.

4.2 Methods

4.2.1 Data Preparation: ROI Definition and Voxel Selection

ROI Definition

This chapter's analyses required single, common ROIs for the AG, V1, and the
hippocampal subregions to ensure that group comparisons could not be attributed to
anatomical differences in voxel selection. To construct a common space that is nonetheless
sensitive to potential systematic anatomical differences between the cohorts (such as cortical
atrophy in the MCI group), a multi-step procedure was employed in MNI152NLin2009cAsym
standard space. First, group-specific gray matter masks were created by averaging individual
probability maps within each clinical group (Control and MCI), smoothing the average with a
3mm FWHM Gaussian kernel, and thresholding at a probability of 0.3. This step ensures that
the typical anatomy of each group is represented. The final ROI for each cortical region was
then generated by creating an intersection of the atlas-based template, the control group's gray
matter mask, and the MCI group's gray matter mask. This ensures that any voxel included in
the final analysis is considered valid gray matter in both groups. This common masking
procedure was applied to all three ROIs. For the AG and V1, templates were defined using the
Schaefer et al. (2018) atlas, with the AG ROI combining parcels from the Default Mode
Network. The pHPC ROI was defined using the bilateral posterior hippocampal mask adapted
from Ritchey et al. (2015). The final common masks encompassed 2042 voxels for the AG,
2150 for V1, and 460 voxels for pHPC.
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Voxel Selection

Within the common anatomical ROIs defined for both groups, a reliability-based voxel
selection was performed to identify the most stimulus-synchronized voxels. Each voxel’s time
series was z-scored and the inter-subject correlation (ISC) was computed across the entire
sample. The two hundred voxels with the highest ISC were retained. The ISC range for the
top 200 voxels was 0.0839 - 0.1355 in AG, 0.1182 - 0.1552 in V1, and 0.0045 - 0.0194 in
pHPC. Concentrating subsequent analyses on these stimulus-synchronised voxels improves
the signal-to-noise ratio for state segmentation and, because the identical voxel set is applied
to every brain, guarantees that any difference observed between groups cannot be attributed to
differences in voxel sampling. A possible objection is that pooling across cohorts might
attenuate genuine group differences by discarding voxels that are reliable only in one group.
This trade-off is acknowledged; the present choice favours anatomical comparability over
maximal sensitivity. By the same token, any group effect that still emerges after this

conservative filtering can be regarded as especially robust.
Preprocessing Optimizations

To ensure the input data was optimally prepared for identifying event-related neural
dynamics, we conducted an exploratory analysis comparing several preprocessing pipelines
(see Appendix for full details). We systematically evaluated the effects of an extended
denoising protocol (including spatial smoothing) and functional hyperalignment. This
revealed a critical trade-off: while functional hyperalignment dramatically increased voxel-
level signal synchrony, it paradoxically blurred the sharp transitions between distinct neural
states. Conversely, the extended denoising protocol markedly enhanced the block-like
structure critical for segmentation. Given the importance of preserving the sharpness of these
neural transitions and to ensure comparable preprocessing pipelines across chapter 3 and 4,
this pipeline was selected for all analyses reported in this thesis and is equivalent to the

preprocessing/denoising pipeline described in Chapter 2, Section 2.5.

4.2.2 Generating Neural Event Boundary Templates using GSBS

Group averaging

The voxel-filtered and extensively denoised data were then averaged within each

cohort at every timepoint to create group-average time series for the control and MCI groups.

42



Group averaging greatly boosts signal-to-noise by cancelling subject-specific fluctuations and
retaining variance that is locked to the movie. Geerligs et al. (2021) show that GSBS produces
stable state counts once ~17 participants are averaged (with single-subject input of the same
length, noise drives the algorithm to over-segment and to return erratic estimates of the
optimal number of states). Guided by those findings, we refrained from fitting GSBS at the
individual level and relied instead on cohort averages to obtain reliable neural boundary

estimates.

Greedy State Boundary Search

Neural event boundaries were detected using an improved version of the GSBS
algorithm. GSBS is a data-driven method that partitions a multivariate timeseries into a
succession of non-recurring, temporally contiguous states (Geerligs et al., 2021). Though
generally applicable, it was specifically developed for identifying state transitions in fMRI
data, where the fundamental assumption is that each state is characterized by a relatively
stable spatial activity pattern across voxels. The algorithm operates by iteratively finding the
boundary locations that best segment the data according to this principle. It begins with the
simplest possible model, in which the entire fMRI run constitutes a single state. From there, it

greedily adds boundaries to produce progressively more fine-grained models.

The core of the algorithm is an iterative search. At each iteration, the algorithm aims to
split an existing state to achieve the largest improvement in model fit. The fit is defined as the
mean Pearson correlation between the activity pattern of each timepoint and the averaged
pattern of its provisionally assigned state (Geerligs et al., 2021). At each iteration, GSBS
chooses between (i) splitting a state (add one boundary) or (ii) inserting a substate (add two
boundaries), selecting the option that best improves model fit. This prevents late detection of

certain strong transitions and overestimation of state count (Geerligs et al., 2022).

To decide between these two placement strategies at each iteration, the algorithm uses
the #-distance metric. The #-distance quantifies the separation between two distributions: the
distribution of pattern correlations for all pairs of timepoints within the same state, and the
distribution of correlations for pairs of timepoints in consecutive states. This separation is
expressed as a single z-statistic (Geerligs et al., 2021). At each step, the algorithm calculates
the potential improvement in #-distance from adding either one or two boundaries and selects
the option that yields the higher value. This makes the iterative search more robust by

allowing it to identify either simple transitions or entire encapsulated states as needed.

43



Because GSBS adds boundaries sequentially (not jointly optimized), a fine-tuning step
is applied after each iteration: boundaries are re-examined boundaries from weakest to
strongest and shifted by +1 TR if this increases mean within-state correlation. This prevents

early boundaries from being locked in suboptimal positions (Geerligs et al., 2022).

Finally, the iterative process of placing and fine-tuning boundaries is not run to find a
single solution, but is repeated to generate a complete set of boundary locations for every
possible number of states, &, up to a predefined maximum (in this analysis, 7/2, where T is the
number of timepoints). The final step is to select the single, optimal state count from all these
candidate models. This selection is again performed using the #-distance. The #-distance is
calculated for the final segmentation of every &, and the optimal model is chosen as the one
with the global maximum #-distance. This criterion proved markedly less susceptible to
haemodynamic autocorrelation than earlier metrics such as Within-Across correlation (WAC)
or log-likelihood (Geerligs et al., 2021). The algorithm therefore produces a single, optimal

set of boundaries for the timeseries.

4.2.3 Temporal Alignment of Event Boundaries

Absolute Boundary Overlap

We first performed a descriptive analysis to directly quantify the temporal alignment
of event boundaries. This allowed us to test whether both groups were tracking a shared event
structure. The analysis was conducted on the unconstrained (i.e., not k-constrained) group
templates from the AG and V1. Second, to characterize the nature of these neural boundaries,
we quantify their temporal alignment with the set of externally-defined subjective boundaries
used in Chapter 3. For this, we shifted the subjective boundary times by +5 s to account for

the hemodynamic response before applying the overlap procedure.

The core metric for this comparison was the absolute overlap, which measures the
proportion of co-occurring boundaries corrected for the number of overlaps expected by
chance (Geerligs et al., 2022). This calculation allowed for a temporal tolerance of +£1 TR to
account for minor timing variations. First, we identified the number of actual co-occurrences,
defined as the count of boundaries in the group with fewer boundaries (the "target" group)
that fell within this +1 TR window of any boundary in the other ("reference") group. Next, we
calculated the number of co-occurrences expected by chance, based on the probability of a

target boundary randomly falling within the union of +1 TR windows around all reference
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boundaries (i.e., a 3-TR effective window per boundary, accounting for window overlaps).
The final absolute overlap score was then calculated as the number of actual co-occurrences
minus the expected number, normalized by the maximum possible co-occurrences above
chance (i.e., the total number of target boundaries minus the expected number). A score of 1
indicates perfect overlap, 0 indicates overlap at the level of chance, and negative values

indicate less overlap than expected by chance.
Statistical Evaluation

To assess statistical significance for this overlap analysis, a permutation test (1000
iterations) was performed. For each iteration, the order of state durations for each group's
template was shuffled. This preserved the number of boundaries and the distribution of state
lengths while randomizing their temporal positions. When comparing to subjective
boundaries, the subjective series was held fixed and only the neural series was permuted.
Because our a-priori hypothesis was directional (neither the coherent alternative model
hypothesis nor the shared-but-weaker model hypothesis predict anti-alignment), we used a
one-tailed test: the p-value was computed as the proportion of permuted overlap scores that
were greater than or equal to the empirically observed score. Significance was assessed

against an alpha of 0.05.

4.2.4 Boundary Strength Analysis: Template Preference and Implementation
Clarity

To determine whether individuals with MCI segment continuous experience using a
boundary template that differs systematically from Controls, or instead share the same
underlying event structure, and to assess implementation fidelity, we conducted two related
analyses based on boundary-strength. First, we generated group-specific event templates with
GSBS, then super-imposed those templates on each participant’s time-series to derive a
boundary-strength score at every template boundary. These scores underpin (i) the template-
preference test, which probes whether the two groups favour different timing templates, and
(i1) a between-group comparison of average strength, which gauges how distinct the neural

transitions are once each group is evaluated against its own template.
Generating Constrained Boundary Templates

A critical methodological challenge arose in the first step of this procedure. A

preliminary analysis in which the optimal number of boundaries (k) was estimated from a full
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GSBS run for each group revealed a potential confound. While the groups had similar
boundary counts in the AG (k = 32 for Control group; k£ =31 for MCI group), the Control
group template produced substantially more boundaries in V1 (k = 59) than the MCI group
template (k = 38). This discrepancy makes it impossible to disentangle group differences in
the temporal timing of events from differences in the number of boundaries. Therefore, to
isolate the effects of boundary timing from the confounding effect of boundary count, we
explicitly constrained k to be identical across all group templates. We used the

optimal k identified for the MCI group, which we call the MCI-k constraint (k=31 in AG; k=
38 in V1; see Figure 7). This a priori choice was critical for two reasons. First, it provides the
most conservative test of implementation strength by preventing the MCI group from being
penalized for "over-segmenting" their data to match the higher granularity of controls.
Second, it strengthens our test for an altered segmentation structure by building the MCI
template at its own natural granularity, whereby we give it the best possible chance to reveal a
coherent, alternative event pattern. A failure of the MCI group to prefer this optimally-derived

template provides stronger, more definitive evidence against a coherent alternative model.
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Figure 7

Constrained GSBS state structure in the AG and V1
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Note. The upper row (Panel A) shows the Control and MCI TR x TR pattern-correlation
matrices for the AG; the lower row (Panel B) shows the same for V1. White squares mark the
31 (AG) or 38 (V1) boundary positions derived with the MCI-k constraint - the template that
serves as the basis for all subsequent overlap and boundary-strength analyses. The block-

diagonal pattern illustrates the stable neural states identified by GSBS.

To test whether conclusions depend on segmentation granularity, we repeated all

analyses at a (somewhat) finer model order using the Control-optimal k. This robustness
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check allowed us to investigate whether any potential deficit is amplified by increased
segmentation demand or, alternatively, whether forcing a higher granularity could reveal a

latent, fine-grained structure and thereby reduce any group difference.

The templates were generated by selecting the specific boundary solution from the full
GSBS output that matched the desired k. We generated two types of these templates, each
tailored for a different analytical purpose. First, for analyses assessing an individual
participant's fit to their own group's event structure, we used a leave-one-out (LOO)
procedure to ensure non-circularity. This involved re-estimating the group template for each
participant while excluding that participant's own data. Second, for analyses requiring a
single, stable representation of each group's structure (e.g., when comparing the two groups
directly), we used the full group-average template, created by averaging across all participants

within a group to provide the most robust estimate of their overall segmentation pattern.

Strength Score Calculation

Once a template was generated, either via LOO or using the full data, its boundary
vector was superimposed on an individual participant’s fMRI time series. For each boundary,
bi, in the template, two adjacent neural states were defined. The state preceding the boundary
comprised all timepoints from the previous boundary, bi-1 (inclusive), to the current boundary,
bi (exclusive). The subsequent state began at the current boundary, b; (inclusive), and
continued to the next one, bi+1 (exclusive). We then calculated the mean spatial pattern for
each of these two states and computed their Pearson correlation, ;. This similarity coefficient
was transformed into a dissimilarity value, or strength score, using the formula s; = 1 — 7. This
ensures that s; = 0 indicates no neural pattern shift across the boundary, while larger positive
values indicate sharper transitions (0 = no change; 2 = maximal change when »=—1). The
final boundary-strength score for that participant-template pair was the arithmetic mean of

these individual scores.

A potential caveat of this score is that boundary strength can be artificially inflated for
very short states, as the means are estimated from noisier, less stable patterns. To rule out the
possibility that unequal state lengths might spuriously drive group differences, we compared
the resulting state-duration distributions between the group templates for each constraint
condition. This comparison confirmed that, under the k-constraint, the resulting distributions

of state lengths were indeed well-matched between groups. In both the AG and V1, the
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Control and MCI templates exhibited virtually identical means, medians, and spreads (e.g.,
mean difference < 0.4 TR). Because the potential relationship between duration and strength
is therefore balanced, variable state length cannot account for any group effects on boundary

strength.

Statistical evaluation

The primary family of hypotheses consisted of three tests (two within-group tests of
preference, one between-group test of strength) conducted in our primary cortical ROI, the
AG. These were therefore assessed against a Bonferroni-corrected alpha level of a = .05/3 =

.0167. The same family of tests was then performed in V1 to assess anatomical specificity.

Within-Group Tests of Template Preference

To adjudicate between a coherent-alternative model and a shared model, we compared,
within each group, boundary strength computed against the own-group template (estimated
with LOQO) versus the other-group template. Templates serve only as time indices: they
partition a participant’s time series, and strength is the pre/post pattern change drawn solely
from that participant’s data. The LOO procedure prevents inflation from circularity when
evaluating the own-group template. The decisive outcomes are as follows: if MCI reliably
show higher strength on their own template than on the Control template, this supports a
coherent-alternative model, i.e., MCl-specific systematic timing differences; if MCI prefer the
Control template, this is consistent with a shared structure in which the Control template is the
cleaner estimate due to higher N; indifference at unequal N can arise from opposing forces
(own-alignment vs Control precision) and is thus ambiguous. Accordingly, we also performed
an N-matched split-half analysis as the decisive test: under the shared model (no systematic
timing difference), N-matching predicts indifference; under the coherent-alternative model, it

predicts an own-template advantage in MCI.

For the Control group, we compared each participant’s strength on their LOO Control
template with their strength on the full-group MCI template using a one-tailed paired-samples
t-test, reflecting the expectation that Controls share a common timing model best indexed by
the Control template. For the MCI group, we compared strength on the LOO MCI template
with strength on the full-group Control template using a two-tailed paired-samples #-test,
because both a coherent-alternative outcome (own-template advantage) and a shared-structure

outcome (Control-template advantage due to precision) are theoretically informative.
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Between-Group Test of Implementation Strength

We also compared the mean boundary strength produced by each cohort when
evaluated on its own full-group template, using a two-tailed independent-samples t-test. This
metric predominantly reflects implementation fidelity (the intrinsic clarity of within-
participant transitions), while acknowledging that it may also capture some template-
participant timing mismatch. Scoring each cohort on its own template reduces (but does not
eliminate) timing-related penalties, because group-average timings still smooth over
participant-specific transitions. Therefore, we interpret the strength gap in conjunction with

the timing-sensitive tests (overlap and template preference).

4.2.5 Contrasting Regional Dynamics: Applying GSBS to the Hippocampus

To directly contrast the functional dynamics of the cortex with those of the
hippocampus, we performed a final analysis applying the GSBS algorithm to the time series
from the pHPC. The core purpose was to test if the stable-state model, which proved effective
in the cortex, is equally applicable to a region with putatively different, more transient
dynamics. This direct comparison serves to synthesize our findings from Chapter 3 by
assessing whether the hippocampus maintains stable states between boundaries. We used an
exploratory, qualitative framework: similarity to the cortical pattern (comparable optimal £,
elbow in ¢-distance, block-like TRXTR structure) would be read as consistent with stable
states in pHPC, whereas preference for very high k with a monotonic t-distance and weak
block structure would be read as limited compatibility with a stable-state model. All data
preparation steps and GSBS parameters were identical to those used in the primary cortical

analyses.

4.3 Results

4.3.1 Temporal Alignment

The boundary-overlap analysis showed that the two groups shared a substantial subset
of boundary time-points. In both the AG and V1, we observed a significant temporal overlap
between the unconstrained neural templates of the two groups (AG: absolute overlap =
0.38, p <.001; V1: absolute overlap = 0.51, p <.001). This significant overlap is inconsistent
with a fully distinct MCI template, but does not rule out systematic timing differences, since

the overlap is far from perfect. Figure 8 illustrates these temporal alignment patterns, showing
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the smoothed boundary activity across the movie timeline for both groups. The visualization
reveals that while boundaries cluster at similar temporal regions (explaining the significant
overlap), the groups also show distinct segmentation patterns at other movie moments,

consistent with the overlap being partial.

In contrast, we observed selective correspondence between the neural and the
subjective boundaries. In AG, neither group showed significant alignment (Control: absolute
overlap = 0.143, p = .285; MCI: 0.048, p = .508). In V1, the Control template showed robust
above-chance alignment (absolute overlap = 0.718, p <.001), whereas the MCI template
showed a positive but non-significant trend (absolute overlap = 0.321, p = .082). Thus, low-
level visual state boundaries in Controls align with perceived event boundaries, while AG

does not, and MCI shows weaker/non-significant alignment.
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Figure 8

Temporal Distribution of Event Boundaries Across Movie Viewing for Control and MCI

Groups in the AG Region
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Note. Smoothed boundary activity showing the temporal distribution of neural event states
throughout the movie stimulus for (A) control group and (B) MCI group. Vertical dashed
lines indicate individual boundary locations, while the continuous curve represents Gaussian-
smoothed boundary activity (¢ = 10 TRs = 11.2 s). Peaks indicate temporal regions where
boundaries are densely placed, while valleys represent periods of stable neural states. The
alignment of peaks and valleys between groups reflects their shared event segmentation
structure, consistent with the significant temporal overlap (absolute overlap = 0.38) observed
in the quantitative analysis. The control group identified 32 boundaries compared to 31
boundaries in the MCI group. Time is presented in seconds, with total movie duration of

484.96 seconds (433 TRs x 1.12 s/TR).

4.3.2 Boundary Strength

Having established significant - but not complete - temporal overlap, we next
performed the boundary-strength analysis to evaluate which event template each cohort

prefers and how distinct their neural transitions are.
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Angular Gyrus

First, to test for an altered event structure, we assessed whether each group showed a
preferential fit to their own template. A paired-samples t-test confirmed that the Control
group's brain activity showed a significantly stronger fit to the Control template than to the
MCI template (#(35) = 4.24, p < .001, d> = 0.71) (see Figure 9, Panel A). In contrast, a
symmetrical test on the MCI group revealed no such preference; their boundary strength
scores did not differ significantly between their own MCI template and the Control template
(#(17)=1.30, p = .212, d*= 0.31). The between-group comparison of mean boundary strength
(each group evaluated on its own template), revealed lower scores in MCI (#(52) =2.23, p =

.030, d = 0.64), although this did not survive the Bonferroni-corrected threshold (o =.0167).
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Figure 9

Within-group template comparisons in the AG and V1
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Note. Panel A shows the boundary-strength trajectories for the Control and MCI groups in AG
when each participant is evaluated on both the Control and MCI templates. Panel B presents
the corresponding trajectories in V1. Each grey line represents a single participant; coloured
symbols and error bars depict the group mean = 1 SE. Asterisks denote the result of the

paired-samples preference test (*** p <.001).
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The results showed the same asymmetric pattern for template preference observed in
the AG. The Control group demonstrated a robust preference for their own template (#(35) =
4.10, p <.001, d*= 0.68), while the MCI group showed no statistically significant preference
for theirs (#(17) = 2.06, p = .055, d* == 0.49) (see Figure 9, Panel B). The between-group
comparison of mean boundary strength provided clear evidence of a deficit. Mean boundary
strength was significantly lower in MCI and passed the Bonferroni threshold (#(52) =2.51, p
=.015,d=0.73).

When repeating the analyses under the Control-optimal k, all effects persisted and the
group strength gap increased in both ROIs (AG p =.016; V1 p =.006), with the Control
template still preferred by Controls and no preference in MCI. This confirms that our results

are not an artefact of a specific k value.

4.3.3 Robustness to template size: N-matched split-half analysis

One concern about the MCI template-preference result is that unequal template
precision could mask a true Control template advantage in MCI. The Control template is
estimated from more participants, which yields cleaner boundary times. Conversely, the MCI
template might reflect MCl-specific timing differences. These two influences could, in
principle, oppose each other to produce the indifference for either template that was observed

in MCI, even if patients and controls share the same event structure.

Therefore, to remove unequal precision as an explanation, we matched group size. We
randomly split the Control group into two halves of n = 18/18 to match the MCI sample size,
rebuilt half-templates in each ROI, and re-ran the preference tests, repeating this procedure for
200 random splits per ROI. Specifically, for each Control subject, we compared own-half
LOO against the other-half full template. For each MCI subject, we compared MCI LOO
against the mean of the two Control-half full templates. (For a complete description of

procedures, see Appendix, section 7.2)

With unequal group sizes (as in the original template preference analysis), a shared-
structure + noise-only account predicts a Control advantage (because Control template
precision is higher due to larger N), so indifference argues against a shared-structure + noise-
only account. After N-matching, the same account predicts no preference (both templates
equally precise). Any own-template advantage at matched N indicates genuine MCl-specific

systematic timing differences.
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Results and Interpretation

In Controls, Half-A vs Half-B produced near-zero differences in both regions (V1
mean A =—0.0001; 95% CI [-0.0020, 0.0019]; AG mean A = —0.0024; 95% CI [-0.0047,
—0.0001]). The small negative bias in AG is expected from the asymmetry (own-half LOO
uses n = 17, other-half full uses » = 18) and indicates the halves are effectively
interchangeable. In MCI, across 200 random splits in both AG and V1, patients now showed
an own-template advantage. If anything, residual precision still favors Control (MCI LOO vs
the mean of two Control-half full templates), yet A remained positive: V1 mean A = +0.0038
(95% CI110.0024, 0.0052]); AG mean A =+0.0171 (95% CI [0.0159, 0.0184]).

If MCI indifference were solely due to a noisier MCI template, N-matching should
have yielded indifference (i.e., no bias toward either template). Instead, the MCI group now
showed a reliable own-template advantage at matched N in both ROIs. This closes the
“unequal precision” loophole and supports a broadly shared event structure with small but
systematic timing differences in MCI, rather than a purely precision-driven artefact or a fully

distinct alternative structure.

4.3.4 Absence of Stable States in the Hippocampus

In stark contrast to the clear state structure observed in AG and V1, GSBS failed to
converge on a parsimonious solution in pHPC. Across both participant groups, the algorithm
consistently determined that the optimal number of boundaries was very close to the
maximum allowed (k = 216). This outcome persisted even when the maximum was
constrained to a much lower value (k = 70) to rule out a simple ceiling artifact. The ¢-distance

curve rose monotonically with no local maximum (Figure 10 B/D).

Visual inspection of the timepoint-by-timepoint correlation matrices confirmed this.
Unlike the distinct block-like structure that characterizes stable states visible in the cortical
regions, the hippocampal matrices were unstructured, (Figure 10 A/C). Crucially, this pattern
held for both the Control and MCI groups, suggesting that the absence of sustained, stable
states is a fundamental property of hippocampal processing during this task, not a disease-

related phenomenon.
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Figure 10

Hippocampal GSBS Diagnostics for Controls and MCI

pHPC GSBS Diagnostics: Control vs. MCI
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Note. Panel (A) shows the time-point-by-time-point (TR x TR) spatial-pattern correlation

matrix for the control group; brighter off-diagonal blocks would indicate stable neural states,

but none are evident. Panel (B) plots the corresponding t-distance curve, with the red dot

marking the algorithm-selected optimum of 68 boundaries, close to the maximum allowed

number of boundaries (k = 70). Panels (C) and (D) repeat the diagnostics for the MCI group.

4.4 Discussion

The present findings allow us to draw a clear answer to the question posed at the outset

of this chapter. The data do not support a fully distinct “coherent alternative” patient template.

Instead they point to a broadly shared event structure with small, systematic timing

differences, alongside weaker implementation. Support for this conclusion comes from three
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converging observations. (1) Temporal overlap: although not complete, a sizeable fraction of
boundaries was common to both cohorts (absolute overlaps = 0.4-0.5), indicating that patients
and controls recognise many of the same event transitions while allowing for modest timing
differences. (2) Template preference: Controls preferred their own template; MCI showed no
preference under unequal-N, but an N-matched split-half (equalizing precision) revealed a
small, consistent own-template advantage in MCI. (3) Average neural state boundary strength:
when each cohort was evaluated on its own template, transitions were weaker in MCI
(significant in V1 and directionally similar in AG). Given the timing evidence above and
scoring on each group’s own template, this strength gap is most parsimoniously interpreted as
reduced implementation fidelity (blurred/less distinct transitions). Taken together, these
results favour a model of shared structure with small, systematic timing differences and

weaker implementation in MCI, rather than a fully distinct alternative template.

Interpreting the MCI Own-Template Advantage

How should the MCI group’s own-template advantage be interpreted? Prior work
reports reduced intersubject segmentation agreement (i.e., greater heterogeneity) in ageing
(e.g., Zacks et al., 2006). However, such agreement metrics are broad: they are sensitive to
both systematic group shifts in timing and non-systematic heterogeneity (e.g., dispersion,
omissions/insertions) and therefore do not separate these effects. A dispersion-only account
(greater spread of individual boundary times in MCI but the same typical timing as Controls)
struggles to produce the own-template advantage we observe under N-matching with LOO.
With matched N, both templates target the same central times. Larger dispersion in MCI
merely makes the estimation of boundary times from finite data less precise (group-average
transitions are blurrier), which predicts indifference or even a Control-template advantage, not
an MCI advantage. Importantly, in our split-half analysis, MCI were scored on MCI-LOO (n
= 17) against the mean of two Control half-templates (each n = 18, then averaged). That tiny
precision asymmetry actually favours Control, so the MCI own-template advantage is, if
anything, conservative. Mechanistically, even if dispersion occasionally misplaces a boundary
by a few TRs or splits a true transition into two nearby boundaries (which would displace a
weaker boundary elsewhere because GSBS is greedy and £ is fixed), these effects cancel
across participants and cannot produce a systematic own-template advantage. Therefore, the
most plausible interpretation of the observed advantage is structured timing differences in
MCI, potentially arising from small boundary-wise shifts and/or dominant subclusters within

the group, rather than broader noise/heterogeneity.
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In principle, the lower mean neural boundary strength in MCI could reflect weaker
implementation and/or timing mismatch/heterogeneity (if template times miss an individual’s
true switches). Two considerations point toward weaker implementation as the primary driver.
First, scoring each cohort on its own template reduces penalties from between-group timing
differences. Second, because a dispersion-only account cannot explain the MCI own-template
advantage at N-matched, residual timing mismatch is unlikely to be the dominant cause of the
strength gap. Nonetheless, mismatch is not eliminated by own-template scoring. Within-group
heterogeneity and small systematic shifts can still depress strength. Accordingly, we interpret
the gap most parsimoniously as weaker implementation in MCI (less distinct pre/post pattern

contrast), while acknowledging that residual timing mismatch may contribute secondarily.

Methodological Constraints on Interpretation

Our choice to fit GSBS on group-averaged data boosts signal-to-noise but sacrifices
the individual specificity ideally needed to directly measure between-participant dispersion in
timing. In principle, fitting GSBS to each participant’s data would allow a direct estimate of
individual boundary timing and strength. However, this approach faces significant challenges.
The original validation of the GSBS algorithm demonstrated that single-subject fMRI data is
often too noisy for reliable state estimation, leading to very low reliability and a tendency for
the algorithm to overestimate the number of boundaries as it fits to noise (Geerligs et al.,
2021). Consequently, group-averaging was recommended as a standard procedure to boost the
signal-to-noise ratio and isolate the shared, stimulus-driven neural response. More recent
work, however, argues that this apparent "noise" may in fact contain meaningful,
idiosyncratic neural signals (Wilford et al., 2025). Future work using more extensive
denoising (e.g., multi-echo denoising) and then estimating individual-level GSBS boundaries

will be important to quantify heterogeneity directly.

The voxel sampling procedure itself (Section 4.2.1) likely shaped these results in two
opposing ways. For each ROI, we retained only the 200 voxels whose time-courses were most
stimulus-synchronized across the entire mixed cohort. This conservative approach makes the
group differences in boundary strength and template preference particularly hard to detect, as
it discards voxels that were highly reliable in one group but not the other, i.e., the very signals
that might best distinguish the cohorts. Notably, the boundary-strength gap (especially in V1)
and the MCI own-template advantage under N-matched splits nonetheless survived this

filtering, indicating that these effects are robust to conservative voxel selection. Conversely,
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using a common voxel set likely inflates temporal overlap between group templates by

construction, so our estimate of shared timing is probably an upper bound of the true overlap.

Limited Overlap Between Neural and Subjective Boundaries

The near-null overlap between our AG/V1 templates and the 12 subjective boundaries
warrants careful interpretation and does not invalidate the subjective boundaries from Chapter
3. Instead, the two boundary types likely reflect different levels of the neural hierarchy. The
subjective boundaries, derived from group consensus, likely represent the highest-level event
structure that most participants, including those with MCI, would consciously agree upon.
Evidence shows that neural state durations lengthen progressively from early sensory cortex
through the AG to posterior-medial default-mode hubs (Baldassano et al., 2017). Indeed,
selectivity analyses show hippocampus and PCC are uniquely sensitive to boundary salience,
consistent with a posterior-medial hierarchy at coarse event scales (Ben-Yakov & Henson,
2018). Our coarse behavioural set (12 events spaced ~40 s apart) likely taps this tier, whereas
AG/V1 transitions capture sub-event updates within those larger chunks. Consistent with our
limited neural-subjective overlap, Henderson et al. (2025) using individual-level EEG GSBS
reported no reliable alignment between neural state boundaries and subjective event
boundaries, despite robust between-subject alignment of neural states. They further showed
that boundary distinctiveness, not boundary-behaviour alignment, predicts memory,
reinforcing the view that neural transitions can be finer-grained and functionally meaningful

even when they miss coarse, consensual boundaries.

We observed a significant neural-subjective overlap only in V1 for the Control group.
Notably, Reagh et al. (2020), who used the same movie, reported that most consensus
boundaries (9/12) coincided with spatial-context shifts. Similarly showed that Ben-Yakov &
Henson, using the same movie, showed two relevant points: (i) early visual responses
(including V1) rise at many consensus boundaries and covary positively with boundary
salience, but (i1) boundary-salience effects remain robust only in hippocampus/PCC after
controlling for many perceptual features (including V1/A1 responses). In other words,
subjective boundaries often coincide with strong sensory transients, but selectivity for
boundaries lives in higher-level regions. This pattern fits our findings: the overlap between
V1 neural boundaries in Controls and subjective boundaries likely reflects those sensory

transients at a subset of boundaries, not that early visual cortex tracks subjective structure
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more than higher-level cortex. AG state changes, likely reflecting conceptual transitions, need

not align with these coarse markers.

Importantly, the null overlap we find does not contradict robust evidence that
hippocampal univariate activity is both sensitive and specific to subjective event boundaries
(Ben-Yakov & Henson, 2018). Furthermore, AG pattern transitions only elicit hippocampal
increases when they coincide with subjective boundaries. This supports a region x signal-type
dissociation: multivoxel state transitions in cortex can be finer-grained and partially
idiosyncratic, while hippocampal univariate transients register salient, consensual boundaries.
A useful future check would be to test AG univariate responses to subjective boundaries
(and/or the alignment between AG pattern transitions and hippocampal univariate peaks) to

further bridge these literatures.

The Hippocampus: Transient Dynamics Instead of Stable States

Perhaps one of the most informative findings from this chapter came from the contrast
between the clear state structures in the cortex and GSBS’s failure to identify any such
structure in the hippocampus. This finding is in line with our initial voxel selection results,
which revealed substantially lower ISC in the hippocampus (0.0045-0.0194) compared to the
cortex (e.g., AG: 0.0839-0.1355), indicating that hippocampal activity is less consistently
time-locked to the stimulus across individuals. This finds empirical support in the work of
Brunec et al. (2018), who demonstrated that the pHPC is characterized by intrinsically
dynamic neural signals. Specifically, they found that the pHPC exhibits both low inter-voxel
similarity (implying complex, non-redundant coding) and low temporal autocorrelation
(implying rapidly changing patterns), particularly during demanding tasks. Taken together,
these characteristics suggest that while the cortex maintains stable representations of ongoing

event content, the hippocampus performs a different, more dynamic role.

Two non-exclusive interpretations can account for its dynamic profile. First, the
hippocampus may act as a transient event detector (e.g., Ben-Yakov & Henson, 2018), with
neural ensembles that fire at a boundary and then rapidly reconfigure, leaving no sustained
pattern correlation between time-points. Second, it may generate sparse pointer-like codes
(e.g., Teyler & Rudy, 2007) - an index or “barcode” that refers back to the event content
stored in cortex. Either mechanism would yield low pattern similarity and would not be well
captured by a pattern-based stable-state model. GSBS detects boundaries by searching for

stretches of relatively stable multivoxel activity. So if a region delivers only brief boundary-
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locked bursts or extremely sparse pointer codes, there is simply too little sustained similarity
for the algorithm to latch onto. This is a known failure mode of the algorithm; when a true
state structure is swamped by noise, the estimated number of states tends to climb toward the
analyst-imposed ceiling (Geerligs et al., 2021). This is precisely the failure mode observed
here, with the hippocampus defaulting to kmax. The flat TR x TR correlation matrices
reinforce this interpretation: they show no block-like structure, indicating insufficient within-

state coherence for GSBS to detect stable states.

Crucially, this lack of stable states, when combined with the findings from Chapter 3,
supports a model of hippocampal function as a transient event detector. The boundary-locked
bursts identified in Chapter 3 and the absence of sustained states found here jointly indicate

brief resets that mark boundaries, rather than persistent models of the events themselves.
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5 General Discussion

5.1 Main Findings

We asked three linked questions: (i) whether boundary-evoked pHPC activity is reduced
in MCI beyond effects of atrophy and low-level visual differences, and whether offset
magnitude relates to episodic memory; (ii) whether patients show a fundamentally different
cortical event structure or a largely shared structure with altered timing and strength; and (iii)
whether the hippocampus, like cortex, maintains stable multivoxel states between boundaries
or instead operates in a transient, boundary-locked mode. Our data point to clear answers. In
Chapter 3, pHPC responses at event offsets were reliably smaller in MCI than in Controls,
even after adjusting for age, motion, hippocampal volume, and V1 boundary activity; the FIR
results indicated a scaled (not delayed) response. Groups differed in episodic memory as
expected (MCI < Controls), but pHPC offset magnitude did not predict the general memory
score across or within groups. In Chapter 4, cortical segmentation in AG and V1 was broadly
shared across groups, with MCI showing lower mean neural boundary strength and small,
systematic shifts in boundary timing. By contrast, GSBS did not recover stable multivoxel
states in pHPC for either group, consistent with a transient detector/encoder rather than

sustained state maintenance.

5.1.1 Situating Chapter 3

Attenuated boundary-locked pHPC activity in MCI aligns with work showing that
hippocampal offsets index the just-ended event for episodic storage (Ben-Yakov & Dudai,
2011; Ben-Yakov & Henson, 2018) and that this signal weakens with age (Reagh et al.,
2020). Crucially, because the effect remained after controlling for hippocampal volume, it
reflects functional impairment not reducible to atrophy and thus offers information
complementary to structural biomarkers. The effect also persisted after controlling for low-
level visual boundary responses (V1), and the FIR pattern points to reduced neural gain rather
than delayed timing, consistent with broader reports of hippocampal dysfunction in MCI/AD
(Pennanen et al., 2004; Wang et al., 2016). Whole-brain analyses showed boundary-locked
reductions across PMN/DMN hubs, in line with early PMN vulnerability along the
Alzheimer’s continuum (Jones et al., 2016). Behaviourally, while the expected memory gap
between MCI and Controls was present, pHPC offset magnitude did not track a trait-level

narrative memory score. This likely reflects limited power and a mismatch between a
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stimulus-locked boundary metric and a general, trait-level memory measure. The absence of a

pHPC offset-memory correlation should therefore not be over-interpreted.

5.1.2 Situating Chapter 4

Controls and MCI appear to broadly share a common event structure, as indicated by
substantial but incomplete boundary overlap. However, the MCI group shows (i) a small,
systematic timing shift and (ii) lower mean boundary strength. This refines reports of less
normative segmentation and impaired event integration in ageing/MCI by specifying that the
group difference reflects typical timing drift plus weaker transition implementation, not a
wholesale reorganisation and not a dispersion-only (idiosyncrasy-only) deficit (Zacks et al.,
2006; Kokje et al., 2022). Idiosyncratic variability may co-occur, but the own-template
advantage argues against a dispersion-only account (see Chapter 4 Discussion). Parallel
evidence for lower mean boundary strength is limited; our result therefore extends the
literature alongside work showing temporal dedifferentiation (longer states and weaker
boundaries) with age (Lugtmeijer, Oetringer, Geerligs, & Campbell, 2025) and work linking
stronger boundary-related change to better recall irrespective of age (Henderson, Oetringer,
Geerligs, & Campbell, 2025). Finally, localisation of timing and strength effects within the
AG, a PMN hub, situates this “shared but shifted and weaker” event implementation within

established Alzheimer’s systems biology (Jones et al., 2016).

5.2 Integrating Accounts

5.2.1 Cortico-Hippocampal Loop

Converging evidence on event segmentation points to complementary dynamics that
may work as a loop: cortex maintains relatively stable situation models, while the
hippocampus issues brief, boundary-locked “save” signals that register the just-ended event
into episodic memory. Our data are consistent with this division. Chapter 3 indicates that
pHPC shows a brief, boundary-locked response that is reduced in MCI. Chapter 4 shows that
GSBS did not recover stable states in pHPC, as expected if the hippocampus transiently
reconfigures at boundaries rather than sustaining multivoxel states. In contrast, AG and V1
did exhibit clear state structure. Within this framework, we propose a cortico-hippocampal
boundary loop. First, weaker cortical transitions may reduce the boundary evidence delivered
to the hippocampus, yielding lower boundary-locked activity (the scaled deficit we observe in

Chapter 3). Critically, a reduced hippocampal tag could reflect impaired encoding of the just-
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ended event. In turn, weaker hippocampal tags may undermine later cortical reinstatement and
predictive use of prior events, which could make subsequent cortical updates less decisive
(and possibly slightly mistimed), i.e., the deficits we observe in Chapter 4. This is consistent
with work showing that cortical pattern shifts at event offsets couple with hippocampal
activity and predict later reinstatement, and that hippocampus-PMN coupling at offsets relates
to subsequent memory detail (Baldassano et al., 2017; Barnett et al., 2024). Furthermore,
human ECoG supports both directions: information flow from auditory cortex to hippocampus
occurs near event boundaries (earlier and more robust on a second exposure), and

hippocampus-to-cortex flow precedes moments of predictive recall (Michelmann et al., 2021).

5.2.2 MCI Timing Shifts as an Explanation of the pHPC Boundary Deficit

An alternative (not mutually exclusive) account for the Chapter 3 pHPC boundary
deficit is timing dilution: if MCI participants’ perceived boundary times are slightly shifted
(and possibly more idiosyncratic) relative to Controls, averaging responses at healthy-defined
times would place fewer MCI participants “at boundary”, reducing the group-mean pHPC
boundary response even if patients respond normally at their own boundary times. This is
consistent with our Chapter 4 finding that small timing differences exist at the neural level,
and with prior work showing less normative and more idiosyncratic segmentation in ageing
and early AD/MCI and the subjective/behavioural level (Zacks et al., 2006; Kurby & Zacks,
2011).

In practice, both the cortico-hippocampal mechanism and the timing shift may
contribute to the effects we observe. A next step would be to estimate boundaries at the
individual level and re-analyse hippocampal offsets using each participant’s own cortical
(and/or subjective) boundaries. If the pHPC attenuation persists under participant-specific
alignment, that would indicate a genuine impairment in the hippocampal boundary response;
if it shrinks substantially, misalignment likely plays a larger role. Furthermore, one could then
test the integrative cortex-hippocampus account more directly by asking whether an
individual’s cortical boundary strength predicts pHPC offset magnitude (cortex—pHPC) and
whether hippocampal offset strength relates to subsequent stabilisation/organisation of

cortical event states (pHPC—-cortex) on a boundary-to-boundary basis.
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5.3 Clinical Translation

5.3.1 Biomarker Potential and Feasibility

Our strongest translational signal is that the pHPC boundary-offset deficit remained
significant after covarying hippocampal volume (and V1 boundary activation) in Chapter 3,
i.e., it carries unique functional information beyond atrophy. Coupled with prior work
showing that pHPC boundary activity relates to narrative memory (Reagh et al., 2020) and
that boundary-linked cortical/hippocampal dynamics support reinstatement (Baldassano et al.,
2017), this positions the pHPC boundary response as a plausible functional biomarker of AD,
to complement structural MRI and CSF/PET. The segmentation phenotype from Chapter 4
(small timing shift / weaker boundary strength) could also serve as a marker if recovered at
the individual level, given links between sharper neural boundaries and better memory

(Henderson et al., 2025).

Any engaging naturalistic stimulus can elicit boundary-locked signals (the 8-min film
we use is a proven option), but fMRI remains costly and logistically complex, so these
measures are best suited as additions in specialist settings for risk stratification and
longitudinal tracking, rather than routine screening. An important next step is to determine
disease specificity. Per the NIA-AA framework, amyloid status classifies MCI by
Alzheimer’s biology: AB-positive (AB+) indicates amyloid deposition on CSF/PET and places
individuals in the Alzheimer’s continuum, while AB-negative (Ap—) lacks this signature (Jack
et al., 2018). Future studies should stratify MCI by amyloid status. If pHPC boundary
response deficits (and neural boundary-precision deficits) are larger in A+ than Ap— MCI
and potentially also track PMN integrity and subsequent decline, that would support AD-
relevant utility. Comparable effects across Ap+ and AB— would indicate a broader frailty
marker. This question fits with evidence that PMN dysfunction may emerge very early, even
before measurable amyloid, suggesting potential value as an early systems-level marker
(Jones et al., 2015). Unfortunately, the numbers for each type of CSF biomarker in the present

study were simply too small to investigate further.

5.3.2 Can We Improve Memory?

Our findings may also inform how memory could be improved. A recent review by
Smith and Zacks (2024) discusses why interventions requiring active, self-generated
segmentation often fail to benefit older adults, proposing several explanations, including a

“representation deficit.” Our results support to this specific hypothesis. The Chapter 4
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findings of a small timing shift and weaker implementation in MCI can be interpreted as a
neural-level signature of such a representational deficit. An active segmentation task requires
participants to rely on these internal event models to identify boundaries. If the neural
representations of those event structures are degraded and less distinct, the task is unlikely to

yield a memory benefit.

By contrast, external cueing, i.e., editing the material to flag likely event boundaries,
has been shown to improve memory in older adults, especially when cues align with
boundaries (Gold et al., 2017). Our findings may also offer a mechanistic account for the
efficacy of these external cueing interventions. As outlined above, the less distinct state
transitions observed in the cortex may provide an impoverished or ambiguous input signal to
the hippocampus, culminating in the blunted mean boundary-evoked response we observed in
the pHPC. External cues, as used by Gold et al. (2017), may be effective precisely because
they bypass this failing mechanism. Rather than relying on a subtle, top-down cortical signal
to indicate a boundary, an external cue provides a salient bottom-up sensory event. This
exogenous marker could drive a state update, triggering the residual encoding capacity of the
hippocampus, which the cortex appears no longer able to reliably elicit on its own. In this
view, our findings provide a neural explanation for why interventions that provide external
structure may be more beneficial for MCI than those that demand the internal generation of

that structure.

5.4 Modulators of Cortical Updates in MCI

While the primary deficits in MCI lie in episodic memory - and, as argued here, in event
segmentation - semantic, attentional, and executive weaknesses are common, variable across
individuals and tend to emerge under higher task load. These factors could therefore modulate
the strength and timing of cortical event updates and contribute (at least to some extent) to the

results we find.
Event Schemas

Event schemas provide a top-down scaffold that stabilizes and predicts ongoing
narratives. In naturalistic narrative fMRI, default-mode hubs (especially mPFC, PMC, and
SFQG) carry schema-specific event patterns that generalize across stories, modalities, and
people (Baldassano, Hasson, & Norman, 2018). Critically, disrupting temporal order weakens

mPFC responses, and shared context increases alignment in PCC/mPFC/AG, while

67



perspective cues nudge boundary placement toward normative timings (Baldassano, Hasson,
& Norman, 2018; Nguyen et al., 2019; Yeshurun et al., 2017; Newberry & Bailey, 2019). If
schema access or deployment is impaired in MCI, situation-model updates at event transitions
are likely to resolve less decisively and less normatively, which could yield the small timing
shifts in boundary placement and weaker boundary implementation we observe. This is

consistent with degraded everyday action knowledge in dementia (Roll et al., 2019).
Reduced Inhibition

Another plausible contributor is reduced inhibition: insufficient “reset” at transitions
allows residual activity to bleed into the next state, weakening boundary strength. Converging
evidence from magnetic resonance spectroscopy (MRS) shows decreased GABA in MCI
(e.g., ACC/PCC and sensory cortices), and reviews implicate GABAergic dysfunction in
MCI/AD, consistent with a weaker inhibitory “reset” at transitions (i.e., residual activity
bleeding into the next state) (Fu et al., 2023; Zuppichini et al., 2025; Jiménez-Balado & Eich,
2021). Importantly, incomplete suppression could also produce slight temporal lags in settling
into the next state, aligning with small timing shifts, while simultaneously reducing the

pre/post pattern contrast (lower strength).

Attentional Control

Deficits in attentional control may also contribute to the segmentation impairments we
report. MCI often entails weaknesses in sustained/divided attention and executive control
(Saunders & Summers, 2011; Kirova et al., 2015; Gordon et al., 2015), and attention
modulates inter-participant neural alignment during narratives (Ki et al., 2016). The literature
supports a task- and load-dependent view of attention in ageing and MCI. During movie-
watching, intersubject neural synchrony declines with age and covaries with attentional
control (higher fluid intelligence, lower RT variability), implying that top-down control helps
the brain follow a complex storyline (Campbell et al., 2015). In MCI, reviews and task studies
point to heterogeneous but reliable weaknesses in executive/attentional control, with divided
attention and higher-load vigilance showing earlier or larger effects than simple vigilance, and
performance worsening as demands increase (Kirova et al., 2015). Under standard event-
segmentation accounts, maintaining and updating a situation model requires sustained control
to keep the current model active and to detect when predictions fail. Diminished control
would naturally yield less distinct neural states. Taken together, we view attentional control as
a context-dependent moderator of segmentation under narrative load, not a sufficient

explanation on its own.
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5.5 Strengths and Limitations

Naturalistic Stimuli

A key strength of our approach is its ecological validity. Engaging narratives let us
probe how the brain processes continuous, task-free experience, much closer to daily life than
trial-wise tasks. Movies naturally recruit event segmentation mechanisms and a constellation
of systems known to weaken in cognitive decline (PMN/DMN integration over long
timescales, hippocampal offset responses, sustained attention, executive control, schema use,
etc.), and the data distribution better matches real-world inputs, improving the odds that
findings generalize beyond the scanner. At the same time, naturalistic designs afford less
control and manipulation of variables than traditional experiments. Multiple features co-occur
at boundaries, causal inference is harder, and effects can be stimulus-bound (e.g., genre,
cultural familiarity, script knowledge). In addition, passive viewing may not fully capture the
demands of active, goal-directed behaviour, where maintaining goals and preparing actions
can shape segmentation. Future work should therefore test whether MCI shows similar or
distinct segmentation deficits during active, goal-directed contexts (e.g., task switching or

goal maintenance paradigms) compared with passive narrative viewing.
Stimulus-feature controls

Naturalistic designs may raise concerns about low-level confounds. Reagh et al. (who
used the same 8-minute Hitchcock film) explicitly modeled a high-frequency visual regressor
(edge-pixel proportion per TR) alongside the boundary > within-event contrast. They found
that low-level visual change did not account for PMN boundary responses or their age effects,
and visual cortex showed boundary responses without an age relationship. Many (9/12)
boundaries coincided with spatial-context shifts, but segmentation can also arise from
prediction error even without large sensory changes (Zacks et al., 2010). In our study, we also
contrasted boundary > within-event and covaried V1 boundary activation for the
hippocampus and the pHPC group effect persisted. Because both groups viewed the identical
stimulus, unmodeled low-level variance is largely shared, so not including detailed low-level
visual regressors is unlikely to create spurious group differences. However, it is still possible

that groups differ in neural sensitivity to the same low-level features.

Noise Considerations and Estimation Strategy
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Our 8-min movie yields only 12 boundaries, limiting within-subject precision. For the
GLM in Chapter 3, more boundaries would increase samples for the boundary > within-event
contrast, lowering beta variance. With respect to neural state detection, Geerligs et al. (2021)
report that single-participant state detection can be noisy and that across-participant averaging
improves reliability (relevant to Chapter 4). But this choice comes with trade-offs: (i) it
conflates weaker within-participant transitions with any potential between-subject timing
heterogeneity, making the MCI strength gap ambiguous in isolation; and (ii) it penalizes
individuals whose true boundaries are offset from the group template, which may
disproportionately affect the potentially more heterogeneous MCI group. Consequently,

group-level fitting limits immediate individual-level biomarker utility.

To support individual-level estimation, averaging across within-subject repeats would
stabilize estimates, but re-watching can alter neural responses. A better alternative is multi-
echo EPI with ME-ICA denoising to remove non-BOLD components (Kundu et al., 2012;
Geerligs et al., 2021). This would allow us to quantify per-person timing variance as a
disease-relevant phenotype and to test whether an individual’s neural boundary strength and

timing predict their hippocampal offsets and memory on a moment-by-moment basis.

Against these challenges, the thesis already incorporates several SNR-positive choices:
a boundary-locked contrast (boundary vs within) to cancel shared variance; an optimised
fMRIPrep-based pipeline (WM/CSF regression, motion + derivatives, high-pass at 0.0078 Hz,
6 mm smoothing; see Appendix); inclusion of mean FD as a group-level covariate; V1
boundary activation as a covariate in hippocampal models; FIR checks showing a scaled (not
shifted) pHPC response in MCI; conservative voxel selection (top-ISC voxels) within
common ROIs; and group-average GSBS with leave-one-out templates. Together, these
choices reduce noise-driven false positives and, if anything, make the observed effects harder,

not easier, to detect.

5.6 Conclusion

This thesis asked whether the episodic memory deficits characteristic of MCI/AD can
be understood as a failure to parse continuous experience into discrete events. Our findings
support this view, pointing to complementary impairments within the cortico-hippocampal
system for event segmentation. In the pHPC, boundary-evoked responses were reliably

attenuated even after controlling for atrophy and low-level visual change. Concurrently, we
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found that, while individuals with MCI share a broadly similar cortical event structure with
controls, it is implemented less distinctly and with subtle timing shifts. This functional
dissociation was reinforced by the observation that the hippocampus acts as a transient
boundary detector, failing to show the stable event states characteristic of the cortex. Taken
together, a degraded cortical situation model and an attenuated hippocampal “save” signal
may provide a neural account of the fragmented recall seen in MCI, indicating that a
breakdown in event segmentation is a key contributor to their everyday episodic memory

impairment.
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7 Appendix

7.1 Exploratory Preprocessing Optimizations

This section documents the preprocessing experiments conducted to optimize the input
data for boundary detection with GSBS. We systematically compared four distinct
preprocessing pipelines built from a common starting point. This initial step, which we term
the Baseline condition, included standard denoising (regression of 6 head motion parameters
and their first temporal derivatives, plus 128s high-pass filtering). We then evaluated the
effects of two additional procedures - functional hyperalignment (HA) and an extended
denoising (ExtDen) protocol - resulting in a 2x2 comparison of four pipelines: (1)

Baseline, (2) Baseline + HA, (3) ExtDen, and (4) ExtDen + HA. Functional hyperalignment
introduces a rotational transformation to bring multivariate response trajectories into a
common space across participants. The extended denoising pipeline consisted of two further
steps: global white matter (WM) and cerebrospinal fluid (CSF) signal regression, plus spatial

smoothing.

Our evaluation of these pipelines centred on two key quality metrics. The first was
inter-subject correlation (ISC), a measure of shared neural responses across participants. The
second was the qualitative clarity of the block structure within ROI-averaged, timepoint-by-
timepoint (TR x TR) correlation matrices of activity patterns, as this structure is the primary

feature that GSBS is designed to detect.
Investigating Functional Hyperalignment

Conventional anatomical normalization aligns gross cortical landmarks between brains
but is insufficient to align the fine-grained, idiosyncratic topographies of neural
representations at the voxel level. Because GSBS models the trajectory of multivariate
activity patterns, these individual differences can obscure the detection of shared event
structure when data are aggregated across a group. Functional hyperalignment addresses this
limitation by using the neural data itself to find an optimal transformation that aligns these
functional topographies (Haxby et al., 2011; Guntupalli et al., 2016). The algorithm takes as
input the time-series of high-dimensional voxel response vectors for each participant and
computes a unique rotation matrix (Rs) for each subject (s). When applied, this matrix

transforms the subject's data to maximize the similarity of their functional trajectory to a
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common, group-level trajectory. This optimization is solved using an iterative Procrustes
procedure, which guarantees the transformation contains no scaling or shearing. Reflecting its
utility, hyperalignment is increasingly a standard step in fMRI event segmentation studies

(e.g., Geerligs et al., 2021).

Procedure and Methodological Rationale for Hyperalignment

Our implementation of this iterative process was performed separately for each
participant group using PYMVPA. The alignment was based on data from the top 200 most
reliable voxels, identified using a pooled, all-groups ISC analysis (detailed in Section 4.2.1).
The procedure began by incrementally building a common model space, starting with a pre-
selected reference participant and sequentially aligning and averaging in each subsequent
participant. This initial model was then refined over three subsequent iterations; in each step,
every participant's original data was re-aligned to the improved group-average trajectory
computed in the previous step. A final third pass then realigned every participant once more
to the converged common space, producing the transformation ultimately applied in
downstream analyses. Throughout, every voxel time-series was z-scored before each

Procrustes step to preserve relative variance.

We opted for this ROI-level hyperalignment approach over a searchlight-based
method for two primary reasons. First, since our final analysis with GSBS operates on ROI-
averaged signals, it is sensitive to the overall pattern change across all voxels in the region,
not to distinct sub-patterns within it. Any fine-grained alignment improvements afforded by a
searchlight approach would likely be negated by running GSBS at the ROI-level. Second,
searchlight hyperalignment can introduce a significant geometric artifact, a scaling issue first
documented by Bogpetre (2021). The procedure involves computing transformation matrices
for thousands of overlapping searchlight discs and then summing them to create a single
transform. This summation process is the source of the artifact: the final transformation for
any given voxel is scaled in proportion to the number of searchlights in which it participated.
To demonstrate this, the author calculated a "searchlight count" for each vertex on a standard
cortical surface and compared this to the diagonal elements of a cumulative transformation
matrix from a separate hyperalignment analysis. A clear positive correlation was found,
confirming that the magnitude of the transformation is directly related to a voxel's searchlight
participation count. This superimposes a gain field across the data that reflects the geometry

of the searchlight tiling rather than underlying functional organisation. Our whole-ROI
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approach, which computes a single, unaggregated transformation for the entire region, avoids

this confound.

During initial implementation, a comparison between two commonly used software
packages, nltools and PYMVPA, revealed an important methodological difference.
Preliminary analyses conducted with nltools indicated a substantial reduction in voxel-wise
variance, with approximately 90% of voxels showing near-zero signal fluctuation after
alignment. This effect likely arises from the global Frobenius-norm scaling step applied
within each iteration of the Procrustes alignment algorithm. Specifically, this step involves
dividing each participant’s data matrix (X) by its Frobenius norm, defined as the square root
of the sum of squared matrix values (VEX.), which represents the total squared amplitude or
energy of the matrix. Because this norm is particularly sensitive to the highest voxel values,
participants with intrinsically higher signal variance have a disproportionately large scaling
factor, substantially diminishing their voxel-wise fluctuations. PyMVPA avoids this limitation
by performing voxel-wise z-scoring individually on each voxel’s time-series prior to
alignment. This preserves the relative variance structure across voxels while standardizing
each voxel’s dynamic range. In light of these observations, all subsequent hyperalignment

analyses were conducted using PyMVPA.

Impact of Hyperalignment on ISC and Event Structure

To quantify the impact of hyperalignment, we employed two distinct measures of
ISC. The first, ROI-level ISC, measures the synchrony of the region’s overall activity. It was
calculated by first averaging the time-series of all voxels within the ROI for each participant
and then computing the mean pairwise correlation between these single, region-averaged
time-courses. The second, voxel-wise ISC, directly assesses the success of functional
alignment at the finest-grained level. It was calculated on a per-voxel basis by correlating that
voxel's time-series across all pairs of participants and then averaging these pairwise
correlations; the final metric is the mean of these ISC values across all voxels in the ROI.
Using both metrics is crucial because they probe complementary spatial scales. Voxel-wise
ISC tells us whether hyperalignment succeeded in bringing fine-grained functional
topographies into register, which is the purpose of the rotation. On the other hand, ROI-level
ISC captures whether the coarse, region-level trajectory that GSBS will analyse remains

synchronised across brains.
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When applied to the Baseline data, hyperalignment (Baseline + HA) substantially
increased ISC at both scales (AG-controls: voxel-ISC 0.022—0.343; ROI-ISC 0.198—0.392;
Table 1). However, this impressive gain in ISC was accompanied by a degradation of the
block-diagonal structure in the ROI-averaged TR x TR correlation matrices (Figure 11). It is
noteworthy that prior to extended denoising, both the Baseline and the Baseline + HA
conditions exhibited poor block-like structure (Figure 11), but the addition of hyperalignment
visibly weakened it further. A plausible mechanistic explanation for this dissociation is that
hyperalignment, in optimising for moment-to-moment pattern similarity, can inadvertently
blur the boundaries between distinct neural events. The algorithm computes a single, global
rotation matrix for each participant that is solved across the entire time-series. It is therefore
blind to event boundaries. If two adjacent but distinct events recruit a partially overlapping set
of neural components, the rotation that best aligns one event will invariably make the other
more similar across subjects as well. This "leaking" of similarity across temporal boundaries

softens the sharp transitions that define the blocks in the TR x TR matrix.

Investigating Extended Denoising

The second set of optimisations involved applying an extended denoising pipeline to
the data, which had already undergone initial preprocessing with fMRIPrep 24.1.1 as well as
the standard denoising mentioned previously. This extended procedure consisted of two
additional steps, with parameters selected based on common practice rather than systematic
tuning. Physiological Nuisance Regression involved regressing the mean signals from WM
and CSF (provided by fMRIPrep’s confounds file) from the data. Spatial smoothing was then
performed by applying a Gaussian smoothing kernel of 6 mm full-width at half-maximum

(FWHM), a value chosen for its common use in previous GSBS studies.

The ExtDen pipeline produced the most distinct and well-defined block-diagonal
patterns of any pipeline (Figure 11). This improvement was chiefly attributable to spatial
smoothing, which enhances the signal-to-noise ratio on the presumption that the states that
GSBS detects have a coarser spatial scale than individual voxels. When hyperalignment was
subsequently applied to create the ExtDen + HA pipeline, the results were particularly
revealing. Both ROI- and voxel-ISC improved relative to ExtDen alone (AG-controls ROI
0.231—0.274; voxel 0.130—0.232) but remained below Baseline + HA (ROI 0.392; voxel
0.343; Table 1). This is likely because hyperalignment achieves its largest gains by aligning

fine-grained, high-spatial-frequency variance; spatial smoothing, as a low-pass filter, removes
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this very information before the alignment algorithm can use it, thereby setting a lower ceiling

on the maximum achievable ISC.

Given that the primary goal was to optimise the input for GSBS, and considering its
reliance on clear event structure, the modest ROI-level ISC gain offered by the ExtDen + HA
pipeline did not justify the degradation of the block pattern. Therefore, the final preprocessing
pipeline selected for the main analysis was the ExtDen pipeline, as it offered the best
compromise between respectable signal synchrony and the sharp event boundary structure

critical for segmentation.

Table 1
Inter-subject Correlation (ISC) at Each Preprocessing Stage, by Parcel and Group

Voxel-
ROI-ISC
ROI  Group ISC
(mean r)
(mean r)
Baseline ExtDen Baseline ExtDen
Baseline ExtDen Baseline ExtDen
+ HA + HA + HA + HA

AG  Control .198 392 231 274 022 .343 130 232
MCI A11 367 097 170 010 336 057 .16l
V1 Control  .205 385 233 286 .029 344 163 249

MCI 126 354 139 1196 014 .340 .090 181

Note. ROI-ISC is the Pearson » computed on the ROI-averaged time-series for every pair of
participants and then averaged; it indexes synchrony in the coarse (parcel-level) trajectory that
GSBS segments. Voxel-ISC is the mean across voxels of the pair-wise correlations for each
voxel’s time-series; it captures how well fine-grained functional topographies are brought into
register. All values are averaged across participants and rounded to three decimals. Baseline =
standard motion correction and high-pass filtering; Baseline + HA = Baseline plus
hyperalignment; ExtDen = Baseline plus white matter/cerebrospinal fluid (WM/CSF)

regression and 6 mm smoothing; ExtDen + HA = ExtDen plus hyperalignment.
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Figure 11

TR x TR pattern-similarity matrices for the AG (Control group)
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Note. Time-point-by-time-point correlation matrices (TR x TR) averaged across the Control

group for four preprocessing pipelines: (top-left) Baseline, (top-right) Baseline + HA,

(bottom-left) ExtDen, and (bottom-right) ExtDen + HA. Warmer colours indicate higher

inter-subject similarity; tick marks on each axis show 100-TR intervals. ExtDen sharpens the

block-diagonal structure that reflects putative event boundaries, whereas hyperalignment

raises overall correlation but visibly blurs those boundaries.



7.2 N-matched Control split-half analysis

Rationale and decision logic

This analysis tests whether the original MCI template-preference result could be an
artefact of unequal template precision (Control template estimated from more participants).
Under a shared-map + template-estimation noise account, unequal N should favour the
cleaner Control template; after matching /V, the MCI and Control templates become equally
precise, unbiased estimates of the same boundary times, so the predicted MCI preference is
~0 (indifference). Any consistent own-template advantage at matched N indicates that the
MCI template is systematically closer in time to MCI participants’ transitions, i.e., a real

timing difference rather than unequal precision.
Methods

All preprocessing, voxel selection, GSBS settings, and scoring followed §4.2. The split-half

procedure changed only the way templates were estimated and compared:

1. Control split-halves (n = 18/18 per split). For each random partition of the Control
cohort (n = 36) into two non-overlapping halves (Half-A, Half-B; n = 18 each), we
estimated two full Control templates (one per half) at the MClI-constrained £. Within
each half, we also computed LOO templates (V-1 averaging) to avoid circularity
when scoring members of that half. As a sanity/precision check, Control participants
were scored twice per split:

AControl = Strength(own-half LOO) — Strength(other-half full).

2. MCI preference at matched N. For each MCI participant (n = 18) we computed
strength on their MCI-LOO template (computed once per ROI from the MCI group
and reused across splits) and on each Control-half full template from the current split.
The Control reference was the mean of the two Control-half scores to stabilize the
estimate at matched V:

AMCI = Strength(MCI-LOO) — mean {Strength(Control Half-A full), Strength(Control
Half-B full)}.
3. Number of partitions. We analyzed 200 random splits per ROI
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Statistics

For each split, we formed within-subject differences (Controls: own-half LOO — other-
half FULL across both halves, yielding ~36 paired differences; MCI: own — mean(Control
halves), yielding 18 paired differences) and tested the mean difference against zero with a
paired #-test. Because participants are reused across random partitions, split-level tests are not
independent; we therefore summarized across splits using the mean A, its SD and 95% CI

(normal approximation). Reporting and interpretation of results appear in Chapter 4.
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