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Abstract

The overall aim of the work presented in this thesis was to provide an analysis of the
constructive processes at play during episodic simulation, in terms of behavioural and
phenomenological characteristics, as well as underlying neural representations. We
focused on two theoretical accounts of episodic simulation: the constructive episodic
simulation hypothesis (Schacter & Addis, 2007) and the scene construction theory
(Hassabis & Maguire, 2007). These accounts make conflicting predictions about a
range of behavioural andneuralmechanisms, especiallywith regard to the importance
ascribed to different episodic detail types (spatial vs non-spatial). Studies designed to
directly compare these theoretical accounts had been sparse, despite having important
implications for episodicmemory and episodic simulation, aswell as for hippocampal
function more generally.

Across two behavioural studies—examining event construction times, recall, and a
range of phenomenological characteristics, including construction difficulty, and
representation vividness—and one fMRI study—focusing on the representational
content of the hippocampus during episodic simulation, we find converging evidence
for a central role of spatial context in the construction of episodic simulation. While
being broadly in line with the scene construction theory, we argue that the results are
most consistent with a general relational processing account of episodic simulation.

The work presented in this thesis provides novel insight into the behavioural and
neural constructive processes involved in episodic simulation, and corroborates
previously reported effects highlighting the central role of space. Consistent with
general efforts to unify spatial and relational processing accounts, we discuss ways
in which our results are coherent within an integrated framework.
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1
General Introduction

We have the ability to mentally travel through time, to visit the past or ponder
potential futures. Research suggests that we spend as much as half of our time
diverting our attention away from our ongoing stream of experience, and instead
engage in remembering the past or imagining the future (Killingsworth & Gilbert,
2010). Given how crucial our pasts and our futures are to our lives and identities, it
has been of great interest over the last century to characterise these behaviours in
more detail and to discover the underlying cognitive and neural machinery. While
episodic memory (remembering past events) and episodic simulation (imagining
future events) have been studied separately for a long time, theoretical proposals of
an intimate relationship between the two processes arose more than 30 years ago
(Ingvar, 1985; Tulving, 1985). Experimental work in the last decade has made it
increasingly apparent that instead of there being separate systems dedicated to past-
and future-oriented thinking, it is likely that a single simulation system in the brain
underlies both of these abilities (Addis, 2018; Buckner & Carroll, 2007; Hassabis,
Kumaran, Vann, & Maguire, 2007b; Schacter & Addis, 2007; Szpunar, Watson, &
McDermott, 2007).

From an evolutionary standpoint, a close connection between episodic memory and
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future thinking makes sense, given that for any memory system to be adaptive, it
has to improve future survival (Suddendorf & Corballis, 1997, 2007). A relatively
new line of research has produced compelling evidence that episodic memory and
episodic simulation are indeed closely related processes (for reviews see Schacter
et al., 2012; Schacter, Benoit, & Szpunar, 2017). Converging evidence for this
idea came from work in a variety of fields. Neuropsychological studies described
patients with brain damage impacting memory, who also displayed problems with
envisioning the future (e.g., Hassabis et al., 2007b; S. B. Klein, Loftus, & Kihlstrom,
2002; Rosenbaum et al., 2005; Tulving, 1985). Behavioural studies showed that, for
example, phenomenological changes in remembering past events during healthy
ageing, such as reduced episodic details being incorporated into recalled events,
are also observed in episodic simulations (for a review see Schacter, Gaesser, &
Addis, 2013). Lastly, neuroscientific studies have demonstrated that brain networks
underlying episodic memory and episodic simulation largely overlap (Addis, Pan,
Vu, Laiser, & Schacter, 2009; Addis, Wong, & Schacter, 2007; Beaty, Thakral, Madore,
Benedek, & Schacter, 2018; Benoit & Schacter, 2015; Botzung, Denkova, & Manning,
2008; Buckner & Carroll, 2007; Hassabis, Kumaran, & Maguire, 2007a; Schacter et al.,
2012; Spreng, Mar, & Kim, 2009; Szpunar, Chan, & McDermott, 2009; Szpunar et al.,
2007; Weiler, Suchan, & Daum, 2010b).

Following the appearance of evidence for shared mechanisms underlying episodic
memory and episodic simulation, different theoretical proposals emerged, aiming
to account for this phenomenon behaviourally and on a mechanistic level. The
constructive episodic simulation hypothesis (Schacter & Addis, 2007) captured the
adaptive quality of episodic memory and its constructive nature (Roediger &
McDermott, 1995), by suggesting that episodic simulation relies on the flexible
extraction and recombination of pieces of information from episodic memory into
novel scenarios. The scene construction theory (Hassabis & Maguire, 2007), in contrast,
highlighted spatial processes by proposing that episodic memory and simulation
are linked by the common process of constructing scenes. Both accounts ascribe a
central role to the hippocampus, but the proposed mechanistic involvement of the
hippocampus differs. The constructive episodic simulation hypothesis holds that the
hippocampus is responsible for retrieving episodic details fromwhere they are stored
in cortical areas, and binding them together into a coherent scenario through general
relational processes. The scene construction theory, on the other hand, proposes that
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the hippocampus constructs the spatial context of the remembered or imagined event
and thus provides a scaffold within which the event can then take place.

Beyond differing predictions about the function ascribed to the hippocampus,
this difference in emphasis (relational vs spatial processing) is reflected in
phenomenological predictions about the role spatial and non-spatial episodic
details, or ‘event components’, play in the construction and simulation of past and
future events. While the scene construction theory ascribes a special role to spatial
context, constituting the basis for any event representation, for the constructive
episodic simulation hypothesis spatial context is just one of many components being
integrated into the event representations, along with other components, such as
people and objects. Studies that directly compare and contrast different episodic
detail types and their role in the mental event construction process are lacking,
despite being necessary in order to differentiate between conflicting predictions of
these two theoretical accounts.

This thesis is largely concerned with testing a number of predictions made by the
constructive episodic simulation hypothesis and the scene construction theory about
the role different detail types play during episodic simulation. The overall aim is
to differentiate between conflicting hypotheses and provide further constraints for
both theories. To this end, I present behavioural and neuroimaging data across three
studies in Chapters 2, 3, and 4. Detailed background information for each study
is provided in the respective chapters. The remainder of this introductory chapter
contains a broader overview of the background underlying our research questions, to
motivate why we were interested in pursuing these questions. After providing a brief
overview of the phenomenology and computations involved in episodic memory
and episodic simulation, I discuss theoretical accounts of hippocampal mechanisms
underlying these abilities. I then turn to the question of why spatial processing
might play a special role in episodic memory and episodic simulation, and provide
an overview of the studies included in this thesis, together with a brief rationale for
each of them.
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Phenomenology and Computations of Episodic Memory
and Episodic Simulation

While the most striking evidence for similarities between episodic memory and
episodic simulation came from neuropsychology, showing that patients who
have problems with remembering also have problems with projecting themselves
into the future (Hassabis et al., 2007b; S. B. Klein et al., 2002; Rosenbaum et
al., 2005), numerous studies have since identified more subtle similarities with
regard to the phenomenology of simulations and the neural mechanisms involved.
Phenomenological characteristics of episodic memory and episodic simulation, for
example, are similarly affected by valence and temporal distance (D’Argembeau &
Van der Linden, 2004), and ageing causes parallel changes in how past events are
remembered and future events are imagined (Schacter et al., 2013). Such similarities
are reflected in the neural machinery involved in episodic memory and episodic
simulation. The core network of regions activated during episodic memory and
episodic simulation comprises parts of the medial temporal lobes, including the
hippocampus, the ventromedial and dorsomedial prefrontal cortex, the posterior
cingulate cortex, including the retrosplenial cortex, lateral temporal cortex, clusters
within posterior inferior parietal and superior temporal lobes, dorsolateral prefrontal
cortex, left anterior insula, and dorsolateral occipital cortex (for a meta-analysis see
Benoit & Schacter, 2015). This network of brain regions is also known as the default
mode network, and has generally been characterised as being engaged during mind
wandering in the absence of any tasks (Spreng, 2012).

There are, of course, also important differences between episodic memory and
episodic simulation. Most notably, remembered past events are experienced
more vividly than imagined future events (Arnold, McDermott, & Szpunar, 2011;
D’Argembeau & Van der Linden, 2004; D’Argembeau, Ortoleva, Jumentier, & Van
der Linden, 2010; Szpunar & McDermott, 2008). Similarly, a number of brain regions
show differential activation, with stronger activation during episodic simulation
relative to episodic memory in parts of the medial temporal lobe, including the
hippocampus, and in regions including the left posterior inferior parietal lobe and
the posterior dorsolateral prefrontal cortex (Benoit & Schacter, 2015). Effects in
the opposite direction, with stronger activation during episodic memory relative
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to episodic simulation, have been observed in posterior visual cortices (Addis et
al., 2009; Weiler et al., 2010b), although this effect could be related to past events
generally being more visually detailed (Addis et al., 2007).

Together, while this overlap in phenomenology and underlying neural mechanisms
highlights the intimate relationship between episodic memory and episodic
simulation, the aforementioned differences have been taken by some to suggest that
episodic simulation is a more demanding process (Martin, Schacter, Corballis, &
Addis, 2011; van Mulukom, Schacter, Corballis, & Addis, 2013), although recent
research suggests a more fine-grained picture: instead of episodic simulation always
being associated with increased demands relative to episodic memory, it might be the
case that constructing events for the first time—as is typically the case in paradigms
where participants imagine future events—is associated with additional demands
(Szpunar & Schacter, 2013; van Mulukom et al., 2013). This hypothesis had not been
tested directly, and was the aim of the first experiment presented herein (Study 1,
Experiment 1).

Theoretical Accounts of Hippocampal Involvement in
Episodic Memory and Episodic Simulation

The constructive episodic simulation hypothesis and the scene construction theory,
while both ascribing a central role to the hippocampus, assume different hippocampal
mechanisms during episodic memory and episodic simulation, which reflect and
originate from two different literatures on hippocampal function more generally.

The first line of research started to highlight the role of the hippocampus in memory
with the description of the famous case of patient H.M., who became amnesic after
a bilateral resection of the hippocampus (Milner, Corkin, & Teuber, 1968; Scoville
& Milner, 1957). From then on, evidence accumulated that hippocampal damage
leads to impairments in episodic memory specifically, while semantic memory
remains relatively intact (Corkin, 2002; Nadel & Moscovitch, 1997; Tulving, 1972;
Tulving, Schacter, McLachlan, & Moscovitch, 1988). One theory about hippocampal
involvement in episodic memory states that the hippocampus provides a relational
processing mechanism that binds together all elements constituting an experience,
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as well as different experiences with each other (N. J. Cohen & Eichenbaum, 1993;
Eichenbaum, Dudchenko, Wood, Shapiro, & Tanila, 1999; Konkel & Cohen, 2009).
The constructive episodic simulation hypothesis extends this view from episodic
memory to episodic simulation, by stating that the hippocampus supports episodic
simulation through relational processing by binding and integrating episodic details
from memory into novel combinations, thereby enabling the construction of a
scenario that has not previously occurred.

The second line of research originates from Tolman’s (1948) idea of a cognitive
map—the systematic organisation of knowledge—and its application to spatial
domains (O’Keefe & Nadel, 1978; Tolman, 1948), as well as the discovery of place
cells (O’Keefe & Dostrovsky, 1971). Together, these findings evidenced a crucial role
for the hippocampus in spatial navigation and the processing of spatial information
more broadly. The scene construction theory extends this spatial processing view
of the hippocampus to domains beyond spatial navigation, including episodic
simulation, by stating that the mechanism by which the hippocampus supports both
episodic memory and episodic simulation is not relational processing or mental time
travel, but the construction of scenes. The relational versus spatial processing view of
the hippocampus has recently started to receive a lot of attention (e.g., Eichenbaum
& Cohen, 2014; Ekstrom & Ranganath, 2017; Robin, 2017; Robin, Buchsbaum, &
Moscovitch, 2018; Robin, Rai, Valli, & Olsen, 2019; Sheldon & Levine, 2016), but
remains unresolved, especially in the context of episodic simulation.

Two other relevant research directions concern underlying computations that
can be engaged by different hippocampal mechanisms, as well as functional and
representational gradients along the hippocampal long axis. The hippocampus has
long been implicated in supporting memory encoding and retrieval via a mix of
pattern separation and pattern completion computational mechanisms (Burgess,
Becker, King, & O’Keefe, 2001; Horner, Bisby, Bush, Lin, & Burgess, 2015; Kesner
& Rolls, 2015; Kyle, Stokes, Lieberman, Hassan, & Ekstrom, 2015; Libby, Reagh,
Bouffard, Ragland, & Ranganath, 2018; Lohnas et al., 2018; Marr, 1971; Rolls, 1991;
Willshaw& Buckingham, 1990). Pattern separation refers to the process of integrating
event components into unique representations at the time of encoding, whereas
pattern completion refers to the process of using parts of an existing representation
at the time of retrieval, to reactivate the complete content-specific representation that
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was present during encoding (Kesner & Rolls, 2015).

These different computations might be engaged differently by different parts of the
hippocampus. The emerging picture with regard to a functional and representational
specialisation along the hippocampal long axis is that the posterior hippocampus
is involved in retrieval and the reinstatement of individual details, with pattern
completionmechanisms likely leading to representations being populated with detail
until they are complete during the retrieval process (Lohnas et al., 2018; Sheldon
& Levine, 2016). In contrast, the anterior hippocampus, and its connections to the
ventromedial prefrontal cortex, have been shown to be involved in the integration of
experiences or simulations into existing knowledge structures (Lohnas et al., 2018;
Nielson, Smith, Sreekumar, Dennis, & Sederberg, 2015; Schlichting & Preston, 2015;
Sheldon & Levine, 2016), likely through pattern separation mechanisms. In line
with this, it has been shown that the anterior hippocampus represents coarse event
narratives and generalised, global representations (Collin, Milivojevic, & Doeller,
2015, 2017; Frank, Bowman, & Zeithamova, 2019; Robin & Moscovitch, 2017a), while
the posterior hippocampus seems to have fine-grained representations of perceptual
details (Collin et al., 2015, 2017; Frank et al., 2019; Robin & Moscovitch, 2017a).

Most studies providing evidence for this view have used constrained, tightly
controlled paradigms, however, and research testing this specialisation gradient in
the context of episodic simulation is lacking thus far. In current specifications1 of
the constructive episodic simulation hypothesis and the scene construction theory,
it is unclear how these computations are proposed to be engaged during episodic
simulation, and which subdivisions of the hippocampus predictions target. As
evidence is emerging that ascribes different mechanisms and computations to
different parts of the hippocampus, however, more specific predictions can be
made; for example, the constructive episodic simulation hypothesis might predict
that all episodic details making up the simulation are represented in the posterior
hippocampus early in the construction process when they are retrieved frommemory.

1‘Current specifications’ here refers to the state of the theories at the start of the work presented in
this thesis. Very recently, more nuanced versions of the theories have been described; I refer to these in
the General Discussion (Chapter 5) in more detail.
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Is Space Special?

The fact that some theoretical accounts, such as the scene construction theory, are
centred on spatial processing does not only stem from the literature that it builds
on. In an early study by the proponents of the scene construction theory, their
participating patients, beyond being unable to remember past and envision future
events, could also not construct atemporal scenes (Hassabis et al., 2007b). This finding
led to the authors’ hypothesis that there is something special about space and that the
underlying ability impaired in these patients is not mental time travel per se, but scene
construction. This view, and the corresponding role ascribed to the hippocampus,
fits with a wealth of data following the initial experiment, showing, for example, that
the hippocampus is linked to a phenomenon called boundary extension, in which
individuals remember seeing parts of a spatial scene that extend beyond the scenes
that were actually presented to them (Maguire & Mullally, 2013; Mullally, Intraub,
& Maguire, 2012). Furthermore, the core network underlying episodic memory
and episodic simulation overlaps largely with the network of regions involved in
scene processing, most notably the hippocampus, parahippocampal gyrus, and the
retrosplenial cortex (Auger, Mullally, & Maguire, 2012; R. A. Epstein & Baker, 2019;
Hannula, Libby, Yonelinas, & Ranganath, 2013; Hodgetts, Shine, Lawrence, Downing,
& Graham, 2016; M. Kim&Maguire, 2018; Persichetti & Dilks, 2019; Robin et al., 2018;
Staresina, Alink, Kriegeskorte, & Henson, 2013; Szpunar, St Jacques, Robbins, Wig,
& Schacter, 2014; Vann, Aggleton, & Maguire, 2009; Zeidman, Mullally, & Maguire,
2015), suggesting that the scene-constructing regions of the brain play an important
role in other forms of mental construction, such as episodic simulation.

Beyond the specialisation for spatial processing in the brain, the spatial context
of imagined events also influences their phenomenology in substantial ways. For
example, it has been shown that a more familiar spatial context is associated with
higher levels of overall detail and clarity, reducing typically observed differences
between past and future events (Arnold et al., 2011; D’Argembeau & Van der Linden,
2012; Robin & Moscovitch, 2014, 2017b; Szpunar & McDermott, 2008; Vito, Gamboz,
& Brandimonte, 2012), that simulations with a clearer spatial context are perceived
as being more likely to occur in the future (Ernst & D’Argembeau, 2017), and that
spatial context is automatically generated during episodic simulations (Robin, Wynn,
& Moscovitch, 2016). Additionally, spatial context has been found to serve as a
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superior memory cue for imagined future events (Robin et al., 2016). However, given
that similar effects have also been reported for non-spatial details (e.g., D’Argembeau
&Mathy, 2011; D’Argembeau & Van der Linden, 2012; Jeunehomme & D’Argembeau,
2017; McLelland, Devitt, Schacter, & Addis, 2015; Robin et al., 2016), the matter is
very much still a subject of debate.

Overview of This Thesis

There is a lack of studies directly comparing the predictions of the constructive
episodic simulation hypothesis and the scene construction theory, on a behavioural,
as well as on a neural level. We aimed to play a small part in this quest, using
behavioural and neuroimaging methods to test a variety of conflicting predictions
these theories make. Specifically, our goal was to provide an analysis of the
constructive processes at play during episodic simulation, with a particular focus
on the contribution of spatial and non-spatial event components. Given that both
the constructive episodic simulation hypothesis and the scene construction theory
have been proposed to explain cognitive and neural mechanisms extending from
episodic memory to episodic simulation, we focused on episodic simulation in all
studies, although many of the hypotheses or tested mechanisms are also applicable
to episodic memory.

Before attempting to disentangle direct predictions made by the two theories,
we addressed the general hypothesis that the increased constructive demands
associated with episodic simulation might be due to the episodic details not having
been associated with each other before, rather than differences between temporal
directions per se. After this initial study, we had two main research questions.
The first question pertained to the relative contribution of different detail types to
behavioural aspects of the construction of future simulations, including construction
time, incorporated detail, and perceived difficulty. Specifically, we tested whether
spatial and non-spatial details contribute equally to the construction of future events
or whether spatial context plays a more central role. The second question was about
the representational content of the hippocampus during episodic simulation, and we
examined whether only spatial context, as predicted by the scene construction theory,
or also non-spatial details (in our case people), as predicted by the constructive
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episodic simulation hypothesis, are represented in the hippocampus.

While our research questions stem from a long tradition of research, and aremotivated
by a general recent trend in the field to unify relational and spatial processing accounts
of the hippocampus, our experiments are building most directly on a study by Robin
et al. (2016), who began to elucidate the role of spatial context in episodic simulations
specifically. In this study, participants imagined and remembered scenarios with
and without spatial context. The authors found that participants often filled in
spatial context when it was not provided, and that scenarios with spatial context
were later remembered in more detail than those without. These findings provided
initial evidence that spatial context plays a special role in episodic simulations,
by providing a scaffold for the imagined events. However, the evidence remains
far from conclusive, and more work and data is needed to tease apart alternative
explanations, and to test additional predictions and boundary conditions. The first
two studies in this thesis were thus designed to build and expand on this finding.

In the third study, we shifted our attention to the neural mechanisms underlying
episodic simulation, with a particular focus on the representational content of the
hippocampus during the event construction process. The debate regarding the exact
role of the hippocampus in episodic simulation remains unsettled, in part due to
the type of neuroimaging methods usually employed in this area of research. Most
studies have used activation-based analyses, the goal of which is to identify the
brain regions involved in specific mental tasks. This approach has been successful in
determining the network of brain regions that underlies episodic simulation and, to a
certain extent, the contributions of hippocampal subregions to simulation, but it does
not allow capturing fine-grained patterns of activity. In this context, it is important
to distinguish between identifying brain regions that differentiate between different
detail categories (e.g., locations and people), and brain regions that differentiate
between exemplars within a category (e.g., the identities of two different people).
The former is possible with activation-based analyses, but in order to investigate
the latter, which is necessary to answer our research question, more fine-grained
methods are needed. A recently developed neuroimaging analytic technique
(multivariate pattern analysis (MVPA); see Pereira, Mitchell, & Botvinick, 2009 for
an overview) can be used to investigate patterns of activity across brain regions
that reflect representational content. Using this method, it is possible to decode the
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content of mental states or processes from the activation evident in brain structures.
At the time of study conception, only one study used MVPA to examine the neural
representation of different event components (Chadwick, Hassabis, & Maguire, 2011)
in the hippocampus. This study only found information about the spatial context
of episodic-like memories in the hippocampus, in line with the scene construction
theory. This finding, however, has not been extended to episodic simulation; in fact,
it has yet to be replicated.2 The third study of this thesis aimed to extend on this idea,
by determining what types of details comprising future simulations are represented
in the hippocampus, and whether they differ along the hippocampal long axis.

Study 1: As a starting point, we were interested in the body of research suggesting
that constructing future events is a more cognitively demanding process than
recalling past events. As mentioned previously, preliminary research suggests
that this effect might be an artefact of the experimental paradigms typically used
in this field of research, rather than constituting a difference between temporal
directions per se. To test this hypothesis, in Experiment 1 of Study 1, we examined
whether it is always more demanding to imagine future events than to recall past
events, or whether the increased demands of future simulations are particularly
heightened when imagining events from scratch. Participants repeatedly constructed
past and future events, and we measured how construction times and a range of
phenomenological ratings changed across repetitions. In Experiment 2, we started
examining differential contributions of spatial and non-spatial event components
to future event construction, using a very similar repetition paradigm. Participants
imagined future events involving two memory details (person, location) and then
reimagined the event either i) exactly the same, ii) with a different person, or iii) in a
different location. We predicted that if generating spatial information is particularly
important for event construction, a change in location will have the greatest impact
on constructive demands.

Study 2: The aim of Study 2was to conceptually replicate and extend upon Experiment
2During the course of the work presented in this thesis, other studies investigating this question

have been published, most notably Robin et al. (2018) and Thakral, Madore, Addis, & Schacter (2019).
Robin et al. (2018) showed that spatial context plays amore prominent role in the neural representation
of future events than person or object details, with spatial context, but not people or objects being
represented in the hippocampus. In contrast, Thakral et al. (2019), who provided evidence for detail-
specific reinstatement in the hippocampus during episodic simulation, found spatial context and
people being represented in the hippocampus during episodic simulation.
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2 of Study 1. We further disentangled differential contributions of spatial and non-
spatial details by comparing the relative contribution of spatial context and person
details to event construction, simulation, and recall. We used a novel design to
investigate the same question from a different angle and to test additional hypotheses.
This design required participants to imagine one event component (location or
person) in isolation first, and then imagine a future event by integrating another
event component (person or location) into the existing representation. On a cued-
recall test at the end of the experiment, location and person details from both phases
(isolation, integration) were used as cues and participants recalled the second event
component from the imagined event. We tested whether the construction of spatial
contexts is slower and more difficult than the construction of people, whether spatial
context serves as a superior memory cue relative to person details, and whether
spatial context is automatically added by participants when people are imagined in
isolation, similar to the effect observed by Robin et al. (2016).

Study 3: In Study 3, we shifted away from the behavioural and phenomenological
to the neural representational level. Using a series of MVPA analyses, we aimed
to determine the type of mental content represented by the hippocampus while
imagining future scenarios. As with the behavioural studies, we were particularly
interested in contrasting spatial (locations) and non-spatial (people) details.
Participants imagined two people and two locations across multiple events, allowing
us to test whether information about the identity of these people and/or locations
was present in the hippocampus during simulation. We also examined whether there
is a gradient with regard to these representations along the hippocampal long axis,
and explored whether information about locations and/or people is represented in
regions beyond the hippocampus.

General considerations: While designing our experiments and deciding on our analysis
strategies, we paid particular attention to choose methods that we thought were
best suited to answer these questions. Given that a lot of studies in this field have
used very constrained paradigms, we chose a paradigm with high external validity
to best capture the complexity of episodic simulation. Across the four experiments,
we used different versions of the episodic recombination paradigm (Addis et al.,
2009; see cognitiveatlas.org/task/id/trm_59ed1f7a0ac9c for a basic description), in
which participants imagine future events comprising familiar components (locations,
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people, or objects) that were personalised for each participant to facilitate vivid
event representations. We also used Bayesian modelling techniques to capture
theoretical predictions made by the two theories as precisely as possible, and to be
able to provide evidence for various competing alternative models, as well as for the
null model of no difference between spatial and non-spatial event components—a
plausible model given the mixed literature. An overview of Bayesian statistics and
our particular use thereof is provided in Chapter 2. Data and code to reproduce
our analyses are openly available wherever possible, and links are provided in the
relevant chapters.
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Prologue

In the first study, wewanted to examine the extent towhich the process of constructing
future event representations is influenced by (i) an event having been previously
constructed, and (ii) the types of details (spatial vs non-spatial) comprising the
event. The first question followed on directly from work in the lab by van Mulukom
et al. (2013), who used a repetition design to examine hippocampal involvement
in the repeated construction of future events. Results showed that hippocampal
involvement—and constructive demands generally—decreased across repetitions.
These findings suggested that increased demands associated with future events
relative to past events might be due to the constituents comprising the event never
having occurred together, rather than constituting a difference between past and
future events per se. We wanted to replicate and extend the behavioural findings, by
contrasting them with an episodic memory condition. When the first experiment
confirmed the hypothesis that constructive demands are heightened particularly
when constructing future events for the first time, we became interested in whether
spatial context plays a particularly important role in these demands. We therefore
designed the second experiment to test the differential involvement of different detail
types (people, locations) in event construction, using a repetition design based on the
first experiment.
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Introduction

Episodic simulation refers to constructing a mental representation of a specific
autobiographical event, including future-oriented episodes (Szpunar, Spreng, &
Schacter, 2014). In the past decade, research on episodic simulation has produced
compelling evidence that this process is intimately related to episodic memory (for
reviews see Schacter et al., 2012, 2017). Numerous studies have identified processes
and properties that affect memories of the past and simulations of the future in
very similar ways. For example, early neuropsychological studies described patients
whose brain damage led to problems not just with episodic memory, but also with
envisioning the future (e.g., Hassabis et al., 2007b; S. B. Klein et al., 2002; Rosenbaum
et al., 2005; Tulving, 1985). Furthermore, the brain networks underlying episodic
memory and episodic simulation largely overlap (Addis et al., 2007), and qualitative
changes in remembering pasts events during healthy ageing, such as decreases in
episodic details contained in remembered past events, are similarly apparent in
episodic simulations (for a review see Schacter et al., 2013).

This close link between episodic memory and episodic simulation is captured
theoretically by the constructive episodic simulation hypothesis (Addis, 2018; R. P. Roberts,
Schacter, & Addis, 2017a; Schacter & Addis, 2007), which proposes that when
thinking about the future, details from episodic memory are extracted, recombined,
and integrated into coherent events, thus allowing us to construct and simulate
scenarios that have never occurred previously. According to the hypothesis, both
episodic memory and episodic simulation are constructive processes, drawing on
the same information (details from episodic memory) and the same underlying
processes (construction and elaboration of the events), but episodic simulation
additionally requires the flexible integration of episodic details into new, coherent
representations.

This notion is consistent with recent findings of phenomenological, cognitive, and
neural differences between episodic memory and episodic simulation. Studies have
shown, for example, that imagined future events are less detailed (Addis, Wong, &
Schacter, 2008; Berntsen & Bohn, 2010; D’Argembeau & Van der Linden, 2004, 2006;
Gamboz, Brandimonte, & De Vito, 2010; Grysman, Prabhakar, Anglin, & Hudson,
2013;McDonough&Gallo, 2010), less coherent (D’Argembeau&Vander Linden, 2006;
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Grysman et al., 2013), less specific (Anderson & Dewhurst, 2009), and more difficult
to generate (D’Argembeau & Van der Linden, 2004; McDonough & Gallo, 2010) than
remembered past events. Evidence for future events taking longer to construct than
past events in laboratory settings is quite sparse, however, withmost papers finding no
evidence for a difference in response times (Addis, Cheng, Roberts, & Schacter, 2011a;
Addis et al., 2009, 2007; Botzung et al., 2008; D’Argembeau & Van der Linden, 2004;
Spreng & Grady, 2010; Weiler et al., 2010b; Weiler, Suchan, & Daum, 2011), although
Anderson, Dewhurst, & Nash (2012) have shown an effect for highly imageable cues.

The evidence reviewed above suggests that episodic simulation is associated with
additional cognitive demands likely related to constructing an event representation
for the first time—as is the case with novel future events, which participants are
typically instructed to construct from scratch in these experiments. For instance, a
greater number of new associations between details are formed when constructing
a novel representation (e.g., simulating a future event) relative to retrieving an
existing representation (e.g., recalling a past event; Addis, 2018). As such, these
constructive demands should decrease when an existing representation of a future
event is reimagined. Preliminary evidence for this idea comes from two studies
that manipulated the novelty of episodic simulations using repetition paradigms
(Szpunar & Schacter, 2013; van Mulukom et al., 2013). These studies showed that
repeatedly imagining future events results in faster and increased ease of event
construction, increased plausibility and levels of imagined detail, and reduced
hippocampal activation, compared with the initial construction. However, both
studies only examined the construction of future events. Previous evidence suggests
that past events also become more vivid with increasing repetition (Svoboda &
Levine, 2009) and are recalled faster when primed (J. L. Park & Donaldson, 2016);
however, repeated future simulation has not been contrasted with the repeated
recall of past events in the same experiment. Doing so would allow examination of
whether the construction of episodic simulations is more demanding than retrieving
memories per se, or whether constructive demands during simulations are particularly
heightened when imagining a future event from scratch. Therefore, in Experiment 1,
we adapted the repetition paradigm from van Mulukom et al. (2013) to include a
condition in which memories of past events were recalled repeatedly, enabling us to
compare directly the effects of repetition on construction times and levels of detail
comprising past versus future events.
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The second aim of this study was to establish the role different event components (i.e.,
episodic details types) play in the constructive process, with a particular focus on
distinguishing between the relative contribution of spatial and non-spatial details.
Although some argue that spatial context plays a central role in episodic simulations,
providing the stage within which an imagined event unfolds (e.g., scene construction
theory: Hassabis &Maguire, 2007; spatial scaffold effect: Robin, 2018), others contend
that the construction of spatial contexts arises out of a general relational processing
mechanism that is also responsible for the integration of other event details into the
event representation (e.g., constructive episodic simulation hypothesis; R. P. Roberts
et al., 2017a).

Some progress has been made towards disentangling the differential effects of
spatial and non-spatial details on various aspects of episodic simulation. Two lines
of evidence suggest that spatial context may play a more central role than other
event components. First, characteristics of the spatial context influence the quality of
imagined future events, such that a more familiar spatial context is associated with
higher levels of overall detail and clarity (Arnold et al., 2011; D’Argembeau & Van
der Linden, 2012; Robin & Moscovitch, 2014, 2017b; Szpunar & McDermott, 2008;
Vito et al., 2012), and that simulations with a clearer spatial context are perceived
as being more likely to occur in the future (Ernst & D’Argembeau, 2017). Second,
spatial context has been found to serve as a superior memory cue for imagined future
events (Robin et al., 2016). However, similar effects have also been reported for
non-spatial details. It has been shown, for example, that the familiarity of non-spatial
details, such as people (D’Argembeau & Van der Linden, 2012; McLelland et al.,
2015; Robin et al., 2016) and objects (D’Argembeau & Van der Linden, 2012) influence
phenomenological aspects of episodic simulations, that person details result in more
specific episodic simulations relative to when spatial contexts are used as cues to
elicit imagined events (D’Argembeau & Mathy, 2011), and that there is no difference
between person details and the spatial context of episodic simulations in terms of
how well they are later remembered (Jeunehomme & D’Argembeau, 2017).

Taken together, the evidence does not seem stronger one way or the other with regard
to whether spatial context plays a more central role in episodic simulation than other
episodic details. However, if spatial context does indeed provide the ‘stage’ for a
simulated event, then the centrality of its contribution may be limited to the initial
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construction rather than the later elaboration of the simulated events. Indeed, Robin
et al. (2016) observed that participants often spontaneously added spatial context at
the beginning of the simulation process when the initial cue was something other
than a location, while this spontaneous integration rarely occurred for other detail
types (for a similar effect in episodic memory, see Hebscher, Levine, & Gilboa, 2017).
In Experiment 2, we aimed to clarify these findings by directly manipulating the
influence of spatial and non-spatial details (locations and people) on the construction
of episodic simulations. Like in Experiment 1, participants repeatedly imagined
future events involving key memory details. However, in this experiment, the
future events to be reimagined were either exactly the same (no change), or featured a
different person (person change), or were in a different location (location change). This
allowed us to assess how a change in one component of the simulation affects its
construction and the generated detail relative to when future events are reimagined
without any changes, and critically, whether any effects are the same or different for
spatial and non-spatial details.

The evidence reviewed above indicates that, theoretically, there are two equally
plausible models (spatial and non-spatial detail changes disrupt repetition effects
equally relative to the baseline condition vs spatial context disrupts repetition effects
more than non-spatial details relative to the baseline condition) that should be
compared to the null hypothesis (no difference between any conditions). Therefore,
we chose to use a Bayesian approach, which, unlike null hypothesis significance
testing, enables a comparison of the evidence for alternative hypotheses against each
other (rather than simply against the null), and additionally offers great flexibility in
specifying and testing theoretically precise and constrained hypotheses (Etz, Haaf,
Rouder, & Vandekerckhove, 2018; Fidler, Singleton Thorn, Barnett, Kambouris, &
Kruger, 2018).

Experiment 1

The aim of Experiment 1 was to determine whether the construction of episodic
simulations is more demanding than retrieving episodic memories per se, or whether
episodic simulation is particularly demanding when imagining a novel event
representation from scratch. To this end, we used a paradigm requiring participants to
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repeatedly recall past events and repeatedly imagine future events, while recording
construction times (approximated by response times) and subjective ratings of
how much detail was incorporated into the events. We predicted that the initial
construction of future events (i.e., time point 1) would take longer than for past
events, but that future event representations would nevertheless be less detailed.
We also predicted that repetition effects would be evident for both past and future
events, such that construction times would decrease, and detail ratings would
increase, with repeated retrieval/simulation (i.e., across time points 1 to 3). Critically,
if episodic simulation is always more demanding than episodic retrieval, any
past-future differences evident during the initial time point should be maintained
across repeated recall/simulation. However, if simulating an event from scratch is
differentially more demanding, then the past-future differences should dissipate
with repetition as future events become increasingly similar to past events with faster
construction times and higher levels of incorporated detail.

Methods

Participants

Twenty-three healthy young adults participated in this study and provided informed
consent in a manner approved by The University of Auckland Human Participants
Ethics Committee. All participants were fluent in English, had no history of
neurological or psychiatric conditions or use of psychotropic medications, and had
not participated previously in a study on episodic simulation. Three participants
were excluded due to insufficient responses to future event simulations (< 75% of
trials). Thus, data from 20 participants (10 males, aged 18-24 years, M = 19.6 years
old) were analysed.

Stimulus collection

The experiment consisted of two sessions (see Figure 2.1). During session 1 (stimulus
collection), participants recalled 100 episodic memories; for each event, they provided
a short description, the year of occurrence (later transformed into temporal distance in
years from the present), identified a person, location, and object featuring in the event,
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and rated eachmemory detail for familiarity on a 4-point scale (1 = unfamiliar; 4 = very
familiar). Participants were instructed that the memories had to be of specific events
that occurred in the past 10 years (verified based on descriptions and dates provided),
and the three details could not be duplicated across events (i.e., each particular detail
could only be provided once across all 100 memories). Of the events meeting these
criteria, we randomly selected 80 to create future event cues for session 2 (experiment).
Specifically, memory details were randomly sorted into person-location-object sets,
where each of the three memory details came from different memories; cues for past
event trials comprised the three details provided for a given memory. Note that the
familiarity of detail sets (average across the three details) was slightly higher for the
future (M = 2.84, SD = 0.34) than for the past condition (M = 2.72, SD = 0.34; BF10 =
32.05).
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Figure 2.1: Stimulus collection: Person, location, and object details featuring in memories were
identified by participants. Cue creation: Three details comprising a given memory (orange), or three
details recombined across multiple memories (teal) were used for the past and future conditions,
respectively. Recall/simulation phase: Participants recalled past events and imagined future events
and rated how detailed and plausible the events were. Future and past trials were presented at three
time points within the same 60-trial block.

Procedure

Session 2 took place one to two weeks later (M = 11 days, SD = 6.8 days), during
which participants completed the experiment. We used a version of the episodic

22



recombination paradigm (Addis et al., 2009; see cognitiveatlas.org/task/id/trm_59ed
1f7a0ac9c for a basic description), in which participants imagine future events
comprising familiar components (locations, people, or objects). Participants saw a
screen with an instruction (“recall past” or “imagine future”), as well as a person-
location-object detail set. The task was to recall the past event specified by the
presented detail set or to imagine a novel future event comprising all three details
that might occur in a specific spatiotemporal context within the next five years.
Participants indicated when they had constructed the event (i.e., when they had an
event in mind) by pressing a button and then continued elaborating on the recalled
or imagined event until the end of the 8 second trial. After each trial, detail (1 =
not detailed; 4 = very detailed) and plausibility (1 = implausible, 4 = very plausible)
ratings were made (4 seconds each)1. Rating scales were followed by a fixation cross
that was presented for a variable duration, ranging from 2 to 4 seconds. Critical for
this experiment, every past and future detail set was repeated twice (time point 2,
time point 3) after the first presentation (time point 1), that is, participants generated
each event three times in total. During time points 2 and 3, participants were asked
to recall/imagine the event from time point 1 without radically changing the event
(such as progressing the event in time). These repeated presentations were identical
in set-up to time point 1 (cue followed by detail rating), except that plausibility
ratings were not presented again. The experiment consisted of 40 detail sets per
condition; each detail set was presented three times, resulting in a total of 120 time
points (i.e., a trial comprising recall/simulation and rating scales) per condition. The
experiment was divided into 4 blocks of 60 time points, which were presented in
a pseudo-random order. The distance between corresponding time points was 1-4
trials (12-60 seconds, plus 2-4 seconds for fixation). The experiment was performed
using Presentation software (Version 15.0, Neurobehavioral Systems, Inc., Berkeley,
CA, www.neurobs.com).

Immediately after the experiment, participants were interviewed about the events
they had remembered and imagined. Participants gave a short description of every
event and rated their consistency across the three time points (4-point scale; 1 =

1Although past events are highly plausible, having actually occurred, we nevertheless had
participants rate plausibility (i.e., how plausible each past event would have seemed a week before
it happened) to equate task demands across the past and future conditions (van Mulukom, 2013).
However, whether the interpretation of past and future plausibility is the same is somewhat
questionable, and thus past event plausibility ratings are not discussed any further.
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different; 4 = identical), as well as the personal significance of the event (4-point scale;
1 = not significant; 4 = very significant). For future events, participants additionally
estimated the temporal distance from the present (in years) and rated the similarity
of the event relative to previous experiences (4-point scale; 1 = novel; 4 identical).

Analyses

For each participant, we calculated median response time and mean detail rating
across all trials. All three time points for a given detail set were excluded from
analysis if (i) no response was made during at least one of the time points, (ii)
response times were too fast for the participant to read the instructions on the screen
(< 500ms; based on previous experiments using the same paradigm), or (iii) a rating
of ‘1’ for consistency was given, indicating that participants generated distinct events
across time points (see Results section for the proportion of trials excluded for each
condition).

We analysed our data using Bayesian order-restricted repeated-measures ANOVAs
and Bayesian directional paired-samples t-tests. For the ANOVAs, we used the priors
defined in Rouder, Morey, Speckman, & Province (2012). For the t-tests, we used
a noninformative Jeffreys prior for the variance and a Cauchy prior with a width
of

√
2

2 for the standardised effect size. For hypothesis testing, we used the Bayes
factor (BF) as the statistical index, which is the ratio of the probability of the data
under one model (e.g., an alternative hypothesis) relative to the probability of the
data under a competing model (often, but not necessarily, the null hypothesis). The
BF hence directly compares how well competing statistical models predict the data
(Wagenmakers et al., 2018). The subscript of the BF denotes which models are being
compared (e.g., ‘BF10’ means the alternative hypothesis (‘1’) is being compared to
the null hypothesis (‘0’), ‘BF+0’ means the one-sided alternative hypothesis that the
effect size is positive (‘+’) is being compared to the null hypothesis), and the value of
the BF can be interpreted as how much more plausible one model is relative to the
competing one (e.g., ‘BF10 = 3’ means the alternative is 3 times more probable than the
null hypothesis), while ‘BF10 = 1’ means the alternative and the null hypothesis are
equally probable. All statistical analyses were performed in R (RRID:SCR_001905; R
Core Team, 2019), using the following packages: dplyr (Wickham, François, Henry, &
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Müller, 2018), tidyr (Wickham & Henry, 2018), reshape2 (Wickham, 2007), data.table
(Dowle & Srinivasan, 2018), BayesFactor (Morey & Rouder, 2018), ggplot2 (Wickham,
2009), and cowplot (Wilke, 2017). Data and scripts to reproduce all analyses and
figures are publicly available at osf.io/xqm5n/.

Results and Discussion

Descriptive statistics for past and future events across all three time points are
presented in Table 2.1. Response times and detail ratings for each detail type are also
presented in Figure 2.2. The analysed data included 95.3% of all detail sets (future:
M = 93.0%, SD = 6.05; past: M = 98.1%, SD = 2.63).

Table 2.1: Means (standard deviations) of response times and detail ratings from the past and future
conditions at three time points.

Response time (ms) Detail rating

Time point Past Future Past Future

1 3012.76 (850.86) 4396.71 (1012.97) 3.27 (0.44) 2.64 (0.33)
2 1773.46 (804.76) 2245.71 (958.36) 3.41 (0.38) 2.95 (0.42)
3 1656.68 (743.60) 1823.17 (788.09) 3.49 (0.41) 3.15 (0.49)

Note. Detail ratings made using a 4-point scale, ranging from 1 (low) to 4 (high).

All other ratings data are presented in Table 2.2. Importantly, there was no evidence
that consistency of the events across time points differed between conditions (BF10 =
0.64). Moreover, the similarity of future events to previous experiences and thoughts
was low, indicating that participants imagined novel future events, as instructed.

Table 2.2: Means (standard deviations) of additional ratings from the past and future conditions.

Condition Plausibility Similarity
to previous
experiences

Similarity
to previous
thoughts

Consistency
across time
points

Personal
significance

Temporal
distance
(years)

Past 2.98 (0.37) - - 3.47 (0.33) 2.04 (0.51) 2.56 (0.80)
Future 1.73 (0.40) 1.54 (0.36) 1.38 (0.34) 3.33 (0.34) 1.59 (0.47) 2.10 (0.56)

Note. Ratings (except temporal distance) made using a 4-point scale, ranging from 1 (low) to 4 (high).
Plausibility, personal significance, and temporal distance of events were different between conditions
(BF10 = 5.22x107; BF10 = 144.58; BF10 = 3.02). Note that plausibility ratings for past events (i.e., how
plausible the eventwould have seemed aweek before it occurred)were collected to equate task demands
with the future condition.
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Do novel future events take longer to construct while comprising less detail than
past events?

Our first prediction was that future events would take longer to construct
but would nevertheless comprise less detail than past events when events are
imagined/remembered for the first time in the experimental setting. To this end,
we used two Bayesian directional paired-samples t-tests (Morey & Rouder, 2011)
between response times and detail ratings of both future and past conditions at time point
1. In line with our prediction, we found very strong evidence for future events taking
longer to construct (BF+0 = 2.81x105, see Figure B) and being less detailed (BF+0 =
4.48x107, see Figure 2.2E) than past events.
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Figure 2.2: Future events take longer to construct (A-C) and comprise less detail (D-F) than past events,
but this difference decreases across time points. (A, D) Response times (RT)/detail ratings of past
and future events at time points 1, 2, and 3 with 95% confidence intervals. (B, E) Initial (time point
1) response times/detail ratings of past and future events. The plots show the distribution of scores
(violin) together with the mean (box central dot), median (box central line), first and third quartile (box
edges), minimum and maximum (whiskers), and outliers (outside dots). (C, F) Difference in response
times (future - past)/detail ratings (past - future) at each time point with 95% confidence intervals.

These results extend previous findings (Anderson et al., 2012) by showing that it
takes participants substantially longer to create a new imagined event representation
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than to retrieve an existing representation of a past event. Given that future events
were also less detailed than past events, independently replicating previous research
(e.g., Addis, Musicaro, Pan, & Schacter, 2010; Addis et al., 2009; Berntsen & Bohn,
2010; D’Argembeau & Van der Linden, 2004, 2006; Gamboz et al., 2010; McDonough
& Gallo, 2010), increased response times do not reflect integration of more details,
but additional cognitive demands during simulation, such as the formation of novel
associations between component details.

Having confirmed that construction time and detail differences exist between past
and future conditions at time point 1, in the next two sets of analyses, we analysed
data from all time points of the experiment to determine whether these effects reflect
a fundamental difference between episodic simulation and episodic memory, or
whether these differences can be ascribed to the intrinsic novelty of future events,
when constructed for the first time.

Do events become faster to construct and more detailed with repetition?

Our second prediction was that repetition effects would be evident for both past and
future events, with a linear decrease in response times and a corresponding increase
in detail ratings across time points. We computed four Bayesian repeated-measures
order-restricted ANOVAs, one for each of the two conditions (past, future) and each of
the two dependent variables (response times, detail ratings), with time point as the within-
subject factor. Order restrictions (Haaf & Rouder, 2017; Morey &Wagenmakers, 2014;
Rouder, Haaf, & Aust, 2018) allow testing more specific hypotheses than the default
alternative hypothesis that all means are different, without the need for post hoc tests.
The order-restricted models we used (M1) tested for a linear decrease/increase, i.e.,
the restriction time point 1 > time point 2 > time point 3 for response times and time point
1 < time point 2 < time point 3 for detail ratings. These models were compared to the
null model of no differences between time points (M0; time point 1 = time point 2 =
time point 3), as well as to the unconstrained model of differences in any direction
between the time points (Mu; time point 1 ̸= time point 2 ̸= time point 3). All models
are depicted in Figure 2.3.

For future event response times, the order-restricted model (M1) was preferred over
all other models, showing very strong evidence not just for a difference between time
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Figure 2.3: Models tested in Experiment 1 for response times and detail ratings of future and past
conditions across the three time points. M0: null model, time point 1 = time point 2 = time point 3;
Mu: unconstrainedmodel, time point 1 ̸= time point 2 ̸= time point 3; M1: order-restricted model, time
point 1 > time point 2 > time point 3 for response times and time point 1 < time point 2 < time point 3
for detail ratings.

points, but specifically for a linear decrease in response times across time points (BF10
= 7.18x1016; BF1u = 5.9; BFu0 = 1.21x1016; see Figure 2.2A). M1 was also the strongest
model for past event response times (BF10 = 9.65x1016; BF1u = 5.5, BFu0 = 1.76x1016).
The preference for M1 was mirrored in the detail rating analyses, which showed that
detail increased linearly across time points for future (BF10 = 4.96x107; BF1u = 6; BFu0
= 8.27x106; see Figure 2.2D) and for past events (BF10 = 2455.50; BF1u = 5.6; BFu0 =
434.72).

These results replicate previous findings indicating that response times for future
event representations decrease linearly across time points, while at the same time
becoming more detailed and elaborate (van Mulukom et al., 2013). We extended
these findings by demonstrating that the same repetition effects are evident for past
events. The remaining question now is whether this decrease differs between future
and past events, that is, whether the constructive demands of future events decrease
moremarkedly with repetition than those of past events, or whether demands change
in the same way irrespective of condition.

Do future events become increasingly similar to past events across repetitions in
terms of construction times and incorporated detail?

The critical test of this experiment was the condition by time point interaction. If
repetition effects are the same for past and future conditions, then the magnitude
of the past-future differences for response time and detail at the first time point will
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be maintained over time points. However, if repetition effects are heightened in the
future condition, then the past-future differences evident at the first time point will
dissipate with repeated retrieval/simulation as future events become increasingly
similar to past events in terms of response times and detail ratings. To test these
alternatives, we calculated difference scores between past and future conditions,
for both response times and detail ratings, at each time point. We entered each
set of past-future difference scores into a Bayesian order-restricted repeated-measures
ANOVA with time point as the within-subject factor (time point 1 > time point 2 > time
point 3). We found very strong evidence that the difference between past and future
event construction times decreased across time points (BF10 = 2.73x109; BF1u = 5.9;
BFu0 = 4.63x108; see Figure 2.2C). The same was the case for detail ratings (BF10 =
2.59x104; BF1u = 5.9; BFu0 = 4384.31; see Figure 2.2F). These findings indicate that with
repetition, future events increasingly resemble past events with regard to how fast
they are constructed and howmuch detail is incorporated. Moreover, the results also
reflect the fact that repetition effects for both response time and detail ratings were
heightened in the future condition. Importantly, this pattern of findings supports
the hypothesis that, relative to past events, simulating future events is particularly
demanding when doing so from scratch, rather than the hypothesis that future
simulation is always more demanding than retrieval.

It is important to note that the simulation of future events is unlikely to remain
process-pure across repetitions, as re-imagining future events at time points 2 and
3 will involve remembering the event as it was originally imagined at time point
1. With respect to interpreting the above interaction effect, retrieving the original
simulation necessarily increases the similarity of the future condition with the past
condition at time points 2 and 3. If the interaction is driven largely by the retrieval
of the original simulation at time points 2 and 3 rather than a heightened repetition
effect for future events per se, the repetition effect between time points 2 and 3 should
be very similar for past and future events (i.e., no interaction effect). This however,
was not the case, as shown by a Bayesian directional (time point 2 > time point 3) paired
t-test on the past-future difference scores. Both construction times (BF+0 = 153.64) and
detail ratings (BF+0 = 89.01) still showed a heightened repetition effect in the future
compared to the past condition. Thus, while this limitation is unavoidable with this
particular design, it is unlikely to solely account for the convergence of past and
future events over time.

29



Note that although there was a slight difference in familiarity ratings of the detail sets
between conditions (with future events containing more familiar components than
past events), this difference is unlikely to have influenced the results as increased
familiarity should have yielded effects in the opposite direction to our observed results
(i.e., future events should have been associated with faster response times and more
detail than past events).

Can the results be explained by other phenomenological ratings?

Future events were rated as less personally significant than past events and it is
thus possible that additional effort was required to align these imagined events with
personal autobiographical knowledge and expectations (D’Argembeau, 2016; S. B.
Klein, 2016), or to resolve potential implausibilities. In order to examine whether
there was evidence for any of these hypotheses, we conducted a series of additional
analyses using the personal significance and plausibility ratings. Note that these are
unplanned, exploratory analyses, providing a more fine-grained description of the
data.

Personal significance of events

In order to ensure that the observed past-future differences could not be explained by
a difference in personal significance between conditions, we ran Bayesian repeated-
measures order-restricted ANCOVAs, testing for differences in response times (future >
past) and detail ratings (past > future) between future and past conditions at time point 1,
with personal significance ratings added as a covariate. For both models, there was still
very strong evidence for these differences after accounting for personal significance
ratings (response times: BF10 = 2.61x105 vs BF10 = 3.81x105 for the model without
the covariate; detail ratings: BF10 = 3.89x106 vs BF10 = 4.10x107), providing evidence
against the hypothesis that the observed differences are due to past and future events
differing in how personally significant they are judged to be.

Plausibility of events

Given that the interpretation of plausibility ratings is not equivalent across past
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and future conditions, we were unable to examine whether plausibility plays a role
in past-future differences. We did, however, examine whether plausibility ratings
predicted response times and detail ratings of future events on a trial-by-trial basis,
using Bayesian hierarchical linear models (with random intercepts and slopes for
each participant) created with the brms (Bürkner, 2017) and coda (Plummer, Best,
Cowles, & Vines, 2006) R packages. We conducted two analyses, testing whether
plausibility ratings predict the outcome variables during initial construction (time
point 1), and whether they predict the respective change between time points 1 and
3 (see Figure 2.4; plots of subject-specific estimates can be found at osf.io/xqm5n/).
There was strong evidence that, at time point 1, less plausible future events took
longer to construct (b = -146.87, 90% CI [-246.61, -45.85], BF-0 = 94.24) and were less
detailed (b = 0.25, 90% CI [0.17, 0.33], BF+0 > 5x103) than more plausible events. Less
plausible future events also benefited more from repetition (response times: b =
-160.71, 90% CI [-269.27, -49.15], BF-0 = 99.63; detail ratings: b = -0.13, 90% CI [-0.22,
-0.05], BF-0 = 131.23). While our main analyses showed that the generation of novel
future events imposes additional constructive demands on the simulation system as
compared to remembering past events, this exploratory analysis suggests that this
is especially true for future events that are less plausible with respect to one’s life.
As others have argued, this is likely because less plausible future events require the
generation of more novel associations between disparate details (cf. Weiler, Suchan,
& Daum, 2010a).

Overall, the findings from Experiment 1 demonstrate that, relative to past events,
the constructive demands associated with future events are particularly heightened
when these events are imagined for the first time, that is, when unique sets of details
are integrated into novel representations, and even more so for implausible future
events. It is likely that these amplified demands are driving many of the effects
reported in the literature, as participants typically imagine future events from scratch.
Although the repetition effects reported here indicate that both past and future events
are constructed more quickly across time points even as the event representations
become more detailed, the changes across time points are more pronounced for
future events as the demands of the initial construction dissipate and past and future
events become more similar. One question that follows from these findings relates
to the contribution of different event components to this process—are all episodic
details equally important, or do different details play different roles?
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Figure 2.4: The relationship between future event plausibility and (A) initial construction times and
incorporated detail, as well as (B) construction time and detail changes between time points 1 and 3.
The plots show fitted models estimated via Bayesian hierarchical linear modelling, with 95% credible
intervals.

Experiment 2

Our second aim was to examine in more detail the constructive processes involved
in future event simulation, by establishing the constructive demands associated with
the generation of different components of these events. Specifically, we set out to
clarify whether the generation of a spatial context contributes disproportionately to
the construction of these events relative to other details, by manipulating directly the
integration of different detail types (locations and people) into the events. Similar to
Experiment 1, participants imagined future events across two time points, and we
recorded response times as a proxy for construction times, as well as participants’
ratings for detail, difficulty, and how similar the events were perceived to be across
time points. Importantly, at time point 2, participants reimagined the events either
exactly as at time point 1 (no change condition), or with a critical detail changed: either
with a different person (person change condition), or in a different location (location
change condition).

Given that the no change condition was identical to time points 1 and 2 in Experiment
1, we expected to replicate those repetition findings, namely that relative to time
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point 1, future events at time point 2 would be faster to construct, but nonetheless
be more detailed. We expected future event construction furthermore to become
less difficult upon repetition, replicating previous research (Szpunar et al., 2014).
Importantly, this condition provided us with a baseline magnitude of the effect
of repetition when the event representation did not change. Additionally, we
predicted that repetition effects would also be evident in the two change conditions,
as participants were instructed to keep the event content constant across repetitions,
apart from the one detail (person/location) that was explicitly changed. However,
if a particular component detail contributes disproportionately to the construction
of future event representations, then a change in that detail should reduce the
magnitude of the repetition effect (i.e., the repetition-related benefit to response
time and difficulty and detail ratings). Therefore, we expected that, relative to the
no change condition (i.e., the baseline repetition effect), a change in key episodic
details, such as person or location, should be sufficient to disrupt construction and
thus reduce repetition effects. Critically, we also compared directly repetition effects
in the person and location change conditions to adjudicate between two competing
hypotheses: if both types of episodic details are important to event construction, in
line with the constructive episodic simulation hypothesis (R. P. Roberts et al., 2017a;
Schacter & Addis, 2007), then the magnitude of the repetition effect for the two
change conditions should be reduced to a similar degree relative to the no change
condition; however, if spatial components are more critical to event construction
than non-spatial components, as predicted by the scene construction and spatial
scaffolding hypotheses (Hassabis & Maguire, 2007; Robin, 2018), then the location
change condition should be associated with a greater reduction in repetition effects
than the person change condition.

Methods

Participants

Forty-four healthy young adults participated in this study and provided informed
consent in a manner approved by The University of Auckland Human Participants
Ethics Committee. There was no overlap of our samples between experiments.
One participant was excluded because of technical problems with E-prime and one
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participant did not complete the experiment. Thus, data from 42 participants (nine
males, aged 18-34 years, M = 24 years, SD = 4.4 years) were analysed.

Procedure

We adapted the paradigm from Experiment 1 in a number of ways: (1) In the stimulus
collection session, we instructed participants to list 100 people and 100 locations from
their autobiographical memory, rather than retrieving 100 episodic autobiographical
memories (a modification to the episodic recombination paradigm used in other
studies; e.g., Szpunar, Addis, & Schacter, 2012; van Mulukom, Schacter, Corballis,
& Addis, 2016); (2) instead of using objects as the third detail in the detail sets, we
randomly assigned a highly familiar action verb (in addition to the pseudo-random
assignment of a pair of participant-generated person and location details, where
detail familiarity and frequency of encounter ratings [on a 4-point scale from once a
year to every day] were matched across conditions)2; (3) we only included two time
points for each trial instead of three, as the largest change in response time and ratings
data in Experiment 1 occurred between time points 1 and 2; (4) we only included the
future condition, which was now subdivided into three conditions (no change—same
detail set for time points 1 and 2, as in Experiment 1; person change—the person detail
changed between time points 1 and 2, while the other two details [location, verb]
remained the same; location change—the location detail changed between time points
1 and 2, while the other two details [person, verb] remained the same); (5) ratings
following every future simulation were self-paced (rather than 4 s as in Experiment 1)
andwe collected difficulty ratings in addition to detail ratings (on a 4-point scale from
low to high); (6) similarity ratings (operationalised in the same way as ‘consistency’
in Experiment 1) for each set of corresponding events were collected at time point 2
during the experiment, rather than after the completion of all trials; and (7) ratings of
event plausibility were now collected after completion of all trials in the experiment.

For each participant, people and locations from their lists were randomly combined
with a list of 72 verbs to create 72 detail sets (24 in each of the 3 conditions). For detail
sets in the two change conditions, a modified detail set to be shown during time point

2The decision to use action verbs instead of objects was in response to feedback from participants in
similar studies that, while they include the object detail in their simulations as instructed, the objects
are rarely integral to the event.
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2 was created by substituting the critical detail (person or location) with another of
the 28 people or locations remaining on each list. Replacement details were selected
pseudo-randomly to match detail, familiarity, and frequency of encounter ratings as
closely as possible across conditions. Additionally, the person and location details
were either presented in the top or middle position of the screen in a counterbalanced
fashion (while the verb was always presented last), thus half of the changed details
were in the upper position and half were in the middle position.

Familiarity and frequency of encounter ratings for person and location details for each
condition are presented in Table 2.3. Frequency of encounter ratings for locations
differed between conditions (person change > location change mean, BF10 = 12.11;
person change > no change, BF10 = 75.07). The other ratings did not differ between
conditions (all BFs10 < 0.3), and there was also no evidence for a difference in the
change in ratings across time points (i.e., between original and changed detail sets)
between conditions (person familiarity: BF10 = 1.16; person frequency of encounter:
BF10 = 0.97; location familiarity: BF10 = 0.02; location frequency of encounter: BF10
= 0.56), or for differences between the change in person familiarity/frequency of
encounter and location familiarity/frequency of encounter across time points, all
BFs10 < 0.3.

Table 2.3: Means (standard deviations) of familiarity and frequency of encounter ratings for original
and changed details across all experimental conditions.

Person detail Location detail

Condition Original Changed Original Changed

Familiarity
No change 2.51 (0.45) - 2.73 (0.51) -
Person change 2.57 (0.45) 2.48 (0.43) 2.79 (0.52) -
Location change 2.47 (0.35) - 2.79 (0.53) 2.75 (0.52)

Frequency of encounter
No change 1.98 (0.37) - 1.95 (0.38) -
Person change 2.03 (0.42) 1.93 (0.40) 2.09 (0.43) -
Location change 2.00 (0.40) - 2.04 (0.38) 1.96 (0.39)

Note. Ratings were made on a 4-point scale, ranging from 1 (low) to 4 (high).

In session 2 (about one to two weeks after session 1; M = 9.9 days, SD = 8.1 days), each
of the 72 detail sets were presented twice, resulting in 144 time points (i.e., simulation
+ ratings; 48 per condition; see Figure 2.5 for an example of two time points from one
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trial). The total experiment was broken into four blocks of 36 time points, after each
of which participants were offered a short break. Four different pseudo-randomised
sequences across the four blocks were constructed to ensure that repetitions were
always in the same block, that the distances between repetitions were distributed
evenly across conditions (2-5 time points or 20-50 seconds, plus self-paced ratings),
and that there were no more than three consecutive trials of the same condition.
Participants were assigned to a version in a counterbalanced manner.

Imagine future event:
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Albert park

running

Imagine future event:

Peter
Soccer field

running

Rate detail:

not detailed 1 2 3 4 very detailed

Rate difficulty:

not difficult 1 2 3 4 very difficult
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Figure 2.5: Corresponding time points 1 and 2 from an example future simulation trial in Experiment 2.
At time point 1, participants imagined a future event involving the details presented on the screen, and
at time point 2, they either reimagined the same event in an identical manner (no change; orange), or
reimagined the event with a different person (person change; dark teal), or in a different location (location
change; light teal). After simulating each event, participants rated how detailed the event was and how
difficult it was to construct, and (following time point 2) how similar or consistent the simulations were
across the two corresponding time points.

Analyses

As in Experiment 1, for each participant we calculated median response time and
mean detail, difficulty, and similarity ratings. Instead of raw scores, we used
difference scores to quantify repetition effects (time point 1 - time point 2 for response
times; time point 2 - time point 1 for ratings) for all outcome measures because our
main interest lay in whether repetition effects differed across conditions. Both time
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points for a given detail set were excluded from analysis if response times were too
fast for the participant to read the instructions on the screen (< 500ms), or if the
participant indicated that they could not come up with an event (see Results section
for the proportion of trials excluded for each condition).

Unless otherwise specified, priors for Bayesian analyses were identical to the ones
used in Experiment 1, and all analyses were performed in R (RRID:SCR_001905;
R Core Team, 2019), using the following packages: dplyr (Wickham et al., 2018),
BayesFactor (Morey & Rouder, 2018), psych (Revelle, 2018), ggplot2 (Wickham, 2009),
cowplot (Wilke, 2017), Rmisc (Hope, 2013), BEST (Kruschke & Meredith, 2018),
CODA (Plummer et al., 2006), and rjags (Plummer, 2016).

Results and Discussion

Descriptive statistics for future events across the three conditions are presented in
Table 2.4. Response times, difficulty ratings, detail ratings, and similarity ratings for
each event type at each time point are also presented in Figure 2.6. The analysed data
included 89.2% of all trial sets (no change: M = 89.98%, SD = 12.49; person change: M
= 88.89%, SD = 13.55; location change: 88.79%, SD = 13.82).

Table 2.4: Means (standard deviations) of response times, and difficulty, detail, and similarity ratings
across the three experimental conditions at time points 1 and 2.

Response time (ms) Difficulty Detail Similarity

Condition 1 2 1 2 1 2

No change 4780.46
(1496.34)

2954.40
(1507.11)

1.91
(0.45)

1.61
(0.51)

2.93
(0.46)

3.13
(0.57)

3.65 (0.36)

Person change 4849.92
(1576.26)

4093.76
(1607.43)

1.91
(0.49)

1.93
(0.54)

2.92
(0.52)

2.85
(0.59)

2.89 (0.54)

Location change 4830.60
(1446.18)

4285.90
(1458.12)

1.90
(0.50)

1.86
(0.47)

2.94
(0.55)

2.92
(0.54)

2.65 (0.55)

Note. Ratings made using a 4-point scale, ranging from 1 (low) to 4 (high). ‘Similarity’ refers to the
rated similarity across time points.

By design, there should be no systematic differences between conditions at time point
1, as the experimental manipulation was only applied at time point 2. To confirm this
was the case, we tested for differences in response times, difficulty ratings, and detail
ratings between conditions at time point 1with Bayesian repeated-measures ANOVAs
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before the main analyses, which showed strong evidence for no differences between
conditions (construction times: BF01 = 9.95; detail ratings: BF01 = 11.50; difficulty
ratings: BF01 = 12.66). We also checked whether the plausibility of events differed
between conditions and found strong evidence for no differences, BF01 = 22.61.

Are repetition effects evident despite changes in event components?

Our first prediction was that response times and difficulty ratings would decrease,
and detail ratings would increase, across time points in all three conditions. Using a
series of nine Bayesian directional one-sample t-tests (one for each dependent variable
in each condition), we compared difference scores quantifying the effect of repetition
(i.e., time point 2 - time points 1) against zero. In all three conditions, we found very
strong evidence for a decrease in response time (no change: M = 1736.42, BF+0 =
8.82x109; person change: M = 714.17, BF+0 = 7.65x105; location change: M = 484.82,
BF+0 = 1.44x104). Moreover, in the no change condition there was also strong evidence
for a decrease in difficulty ratings and an increase in the amount of detail incorporated
into events across time points (difficulty: M = -0.30, BF-0 = 1.15x105; detail: M = 0.20,
BF+0 = 604.81). In contrast, for both person change and location change conditions, there
was stronger evidence for the null hypothesis indicating that there was no difference
in difficulty and detail ratings across time points (person change: difficulty, M = 0.03;
BF-0 = 0.11; detail, M = -0.07, BF+0 = 0.07; location change: difficulty, M = -0.03, BF-0 =
0.41; detail, M = -0.03, BF+0 = 0.11).

The response time findings replicate and extend the results from Experiment 1,
demonstrating that repetition facilitates faster construction of imagined future events,
even when there are specific alterations in content. Despite faster response times
overall, changes in person and location details disrupted the effects of repetition on
the subjective difficulty of event construction and the amount of detail imagined.
While reimagining future events in exactly the same way was perceived as less
difficult and resulted in the generation of more detailed representations, the
alteration of one detail—irrespective of detail type—eliminated these repetition
effects.
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Figure 2.6: Response times and difficulty, detail, and similarity ratings of episodic simulations. (A)
Raw response times, difficulty ratings, and detail ratings at time points 1 and 2 for each condition, with
95% confidence intervals. (B) Difference scores for response times, difficulty ratings, and detail ratings;
and raw scores for similarity ratings (only collected at time point 2). The plots show the distribution of
scores (violin) for each condition, together with the mean (box central dot), median (box central line),
first and third quartile (box edges), minimum and maximum (whiskers), and outliers (outside dots).

Do changes to spatial context differentially reduce repetition effects?

Beyond examiningwhether repetition effects are generally evident evenwhen one key
component has changed, the main goal of this experiment was to compare directly
the impact of changes in spatial and non-spatial details to determine whether these
detail types have a differential influence on future event construction. We predicted
that reimagining events without any changes would lead to a greater repetition effect
than in the two change conditions. Critically, if spatial components are more central
to the construction of future events, we predicted that a location change should result
in a greater reduction of repetition effects than a person change. In contrast, if both
types of episodic details are important to event construction, then location and person
changes should reduce repetition effects to a similar degree. To test these predictions,
we entered each dependent variable (difference scores for response times, difficulty
ratings, and detail ratings, as well as time point 2 ratings for event similarity) into
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four separate Bayesian one-way order-restricted repeated-measures ANOVAs, where
each ANOVA compared four models with different order and equality constraints
(see Figure 2.7, top). We constructed these models in a way such that the no change
condition—as the baseline condition—always had the greatest repetition effects,
while being able to simultaneously test whether a location change was associated
with greater (M2; no change > person change > location change), or the same (M1; no
change > [person change = location change]) degree of repetition-related reduction as a
person change. We compared these models against both an unconstrained model
(Mu; no change ̸= person change ̸= location change), which holds that there are differences
between conditions without specifying the directions, and the null model (M0; no
change = person change = location change) that there is no difference between conditions.
The critical comparison was thus between M1 and M2.

For response time data, M2 was the preferred model, 1.2 times stronger than M1, 5.7
times stronger than the unconstrained model (Mu), and 1012 times stronger than the
nullmodel (M0; see Figure 2.7 for BFs between allmodels for each dependent variable).
AlthoughM2 models the location change condition as having smaller repetition effects
than the person change condition, in linewith the hypothesis that spatial context plays
a more important role in the construction of future events than non-spatial details, it
is important to note that the evidence for supporting M2 over M1 was very weak; at
only 1.2, the BF indicates that M2 is only slightly more probable than M1 (i.e., if BF = 1,
M2 andM1 would be considered equally probable). We elaborate further on this point
in the section below.

With respect to both difficulty and detail ratings, M1 was the strongest model
(difficulty: BF1u = 6, BF12 = 9.4, BF10 = 107; detail: BF12 = 5.9, BF1u = 8, BF10 = 105).
These results suggest that, while repetition effects for the difficulty and detail ratings
were smaller during both change conditions relative to the no change condition, there
was no difference between person and location changes in the magnitude of decrease
from time point 1 to time point 2. Finally, M2 was the preferred model for the event
similarity ratings collected at time point 2 (BF2u = 6, BF21 = 59.7, BF20 = 1022). This
finding indicates that, while the future events constructed at time points 1 and 2 in
the no change condition were rated as more similar than when a key detail changed
between time points, altering the location in particular made the events subjectively
less similar than altering the person.
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Figure 2.7: Upper panel: Repetition effects models tested in Experiment 2 (top). M0: null model, no
change = person change = location change; Mu: unconstrained model, no change ̸= person change ̸= location
change; M1: order and equality restricted model, no change > (person change = location change); M2: order-
restricted model, no change > person change > location change. Lower panel: Results for response times,
difficulty ratings, detail ratings, and similarity ratings. Diagrams show the models from strongest (top)
to weakest (bottom) and the Bayes factors between each pair of models.

Follow-up analyses for response time repetition effects in the two change conditions

As aforementioned, the BF of our critical comparison of M2 over M1 for response
time was very weak. It is possible, however, that the large difference between the
no change condition and the two change conditions (which was included in both
models) inflated the similarity of models M1 and M2 at the expense of smaller
differences. In other words, the no change > change condition effect may have
obscured a potentially larger difference between person change and location change
conditions. To explore this possibility, we focused exclusively on the two change
conditions, and used a Bayesian directional paired t-test to test whether repetition
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effects are smaller following a change in location versus a change in person. We
complemented this analysis with Bayesian parameter estimation, which, rather than
contrasting models, allows for estimation of the magnitude of parameters of interest,
as well as their uncertainty, both of which are derived from the posterior probability
distribution. Importantly, it also assesses the range of the most credible parameter
values, and whether this range includes the null (i.e., zero). Put another way, it
assesses whether or not parameter values around zero are amongst the most credible
values of the parameter. We followed the procedure outlined by Kruschke (2013)
and Kruschke (2018) by constructing a 95% highest density interval (HDI)3, that is,
the interval of the posterior probability distribution that includes 95% of the most
credible values. We calculated the difference of repetition effects between conditions
(person change repetition effects - location change repetition effects) to determine
whether the difference between conditions is non-zero, and used a t distribution4 as
descriptive model of these data—thus estimating mean µ, standard deviation σ, and
normality parameter ν—with hyperparameters defined as follows: µ ∼ N(y, sy103);
σ ∼ U( sy

103 , sy103); ν ∼ λ( 1
29 + 1), with ν ≥ 1. Markov chain Monte Carlo (MCMC)

with three chains, each with 106 iterations (no thinning) and a burn-in of 103, was
used to generate posterior samples. MCMC chains were checked for convergence
and to ensure that they were of sufficient length (for all parameters, R̂ = 1 and ESS >
10,000).

The Bayesian directional paired t-test showed evidence for a difference between the
two conditions (BF+0 = 3.84). Even though this Bayes factor does not constitute strong
evidence, this result was further supported by our Bayesian parameter estimation.
The marginal posterior distributions on the three estimated parameters (µ, σ, and ν),
the posterior distribution on the effect size (µ

σ
), and a posterior predictive check are

shown in Figure 2.8. The posterior distribution for µ had amean of 233.48 (SD = 97.91),
indicating that when spatial context changed, response time repetition effects were
reduced by about 233 ms relative to person changes. Importantly, all of the credible
values of µ were non-zero (95% HDI: [38.98, 425.36]). The posterior distribution on
the effect size also indicated a non-zero difference between conditions (M = 0.40, SD

3Although the HDI is similar to a frequentist confidence interval in that it reflects the uncertainty of
the estimated parameter value, there are important differences in that anHDI also provides information
regarding the probability of the parameter value, given the data (Kruschke & Liddell, 2018).

4Note that the use of a t distribution allows more flexibility than a Gaussian distribution, especially
as it can better accommodate extreme data points.
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= 0.18; 95%HDI: [0.05, 0.74]). The posterior predictive check (Figure 2.8B), which was
created by plotting the t distribution of randomly selected steps in the MCMC chains
together with a histogram of our data, suggested that the t distribution was a good
description of our data.

Figure 2.8: Parameter estimation of the difference in response time repetition effects (person change
- location change) against zero. Results further support the model comparison analysis result that
repetition effects are smaller in the location change condition than in the person change condition. (A)
Posterior distributions on the mean µ, standard deviation σ, effect size µ

σ , and the normality parameter
log10 ν. On each distribution, the 95% HDI is marked (black line). Grey dashed line indicates a
difference/effect size of zero. (B) Posterior predictive check, consisting of a histogram of the data and
a random selection of 30 credible t distributions from the MCMC samples.

Taken together, these results suggest that spatial context contributed to the time
it takes to construct future events more than person details, in line with theories
highlighting the central contribution of space in episodic simulation (e.g., scene
construction theory: Hassabis & Maguire, 2007; spatial scaffold effect: Robin, 2018).
Moreover, events that differed only with respect to spatial context were perceived as
less similar than events that differed only in person, further supporting the notion
that spatial context constitutes a defining feature of the event. Importantly, these
effects cannot be ascribed to a difference in familiarity or plausibility ratings of
people and locations between the two conditions (see Table 2.3). Although there
was a difference between conditions in location frequency of encounter ratings, this
difference is unlikely to have influenced the reported effects given that it was very
small (0.08 on a 4-point scale) and that the change in this rating between time points
did not differ between conditions. It could also be argued that some activities, as
determined by the verbs that were part of the detail sets, were more easily imaginable
in some locations than in others. If true, this would mean that location changes were
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more disruptive than person changes, simply because of incongruencies between
certain types of actions and specific locations. In order to circumvent this potential
confound, our design only included verbs describing activities that are plausible
regardless of spatial context (e.g., jumping, singing, laughing).

The pattern of results described above did not hold for incorporated detail and
perceived construction difficulty. The fact that incorporated detail did not differ
between the two change conditions is perhaps not surprising, given that in both of
these conditions only one key detail was changed and replaced with another detail
that should be similarly detailed. However, the results for perceived difficulty went
against our prediction; we expected them to be in line with the construction time
findings. This could potentially be an artefact of our design; the activity that was
part of the event did not have to be, but typically was (according to descriptions by
our participants) carried out by the provided person in the event. Thus, it is possible
that when the person was changed, participants found it more difficult to imagine
a different person doing the same action, inflating the difficulty ratings for that
condition.

General Discussion

In this series of experiments, we examined the construction process of past and future
events. First, we testedwhether it is alwaysmore demanding to imagine future events
than to recall past events, or whether the increased demands with future simulation
are particularly heightened when imagining events from scratch. The results of our
first experiment suggest the latter to be the case; when initially imagined, future
events took substantially longer to construct despite being less detailed than past
events, but with repetition, future events and past events became increasingly similar.
We also investigated whether these amplified demands are driven by specific event
components. The second experiment provided evidence for this hypothesis, such
that the construction of a spatial context influenced construction times and perceived
similarity of events more than person details. Subjective difficulty to construct the
event and incorporated detail, however, were not influenced by event component
type. These results, being the first to investigate specifically the construction process
of past and future events and their components, offer new insights with implications
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for current theoretical frameworks of episodic memory and episodic simulation.

Our results dovetail with previously reported differences between episodic memory
and episodic simulation (e.g., past events being more detailed, more specific, and
easier and faster to generate than future events). However, our findings also
suggest that the interpretation of these results as past-future differences might be
misguided; instead of reflecting temporal orientation, they might be attributable to
the nature of the experimental paradigms and tasks typically used in these studies.
In our experiment, once future events had been created and reimagined repeatedly,
differences in construction time and generated detail between past and future events
dissipated. This effect had not been evident before this study, because experiments
have not considered how the construction of past and future events changes across
repeated simulations.

This finding corroborates theoretical and empirical work highlighting the high
degree of similarity between episodic memory and episodic simulation (e.g., Addis,
2018; Buckner & Carroll, 2007; D’Argembeau & Van der Linden, 2004; Ingvar, 1985;
McDermott & Gilmore, 2015; Schacter & Addis, 2007; Spreng et al., 2009; Suddendorf
& Corballis, 2007; Tulving, 1985), consistent with the view that episodic memory and
episodic simulation are instantiations of one simulation system or a general faculty of
mental time travel, as well as with philosophical positions of continuism, which argue
that—apart from temporal orientation—there is no fundamental difference between
episodic memory and episodic simulation (see e.g., Perrin & Michaelian, 2017). In
line with this, Addis (2018) suggests a reconceptualisation of past-future differences
as differences in ‘associative history’ (i.e., how often the details comprising the
event have been temporally co-activated). According to this account, the fluency of
the event increases—and constructive demands decrease—the more often an event
representation is retrieved and the stronger associations between event components
become (up to a certain point, after which these changes level out). Our results
provide direct evidence for this account, with event construction being slow and
demanding when event components have not been associated before (i.e., future
events at time point 1), events being brought to mind with increasing ease as the
associative strength of the event representation increases (i.e., past and future events
across time points 1 to 3), and themagnitude of this repetition effect decreasing across
time points (i.e., difference between past and future events across time points 1 to 3).
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A similar effect has been reported for novel counterfactual simulations (simulations
of alternative ways past events could have occurred, i.e., past events that are created
from scratch), which, when imagined repeatedly, became more detailed and easier
to generate (De Brigard, Szpunar, & Schacter, 2013), further supporting the view
that these effects reflect associative strength of event representations, rather than
temporal orientation. According to the constructive episodic simulation hypothesis,
a likely underlying mechanism for constructive demands that change as a function
of associative history is the degree of relational processing required to integrate all
components into the event representation, which is high for novel combinations,
and decreases as associations become stronger. Interestingly, in other studies we
have found that when the components comprising novel future events are disparate,
construction times and perceived difficulty are higher still—and incorporated detail
lower—compared to novel future events including related components (R. P. Roberts
et al., 2017b; vanMulukom et al., 2016). Our exploratory analyses in Study 1, showing
that constructive demands are modulated by plausibility, such that less plausible
events are less detailed but take longer to imagine, provide further evidence for this
idea.

An account focused on relational processing could also explain the findings of our
second experiment, which demonstrated that the heightened constructive demands
when future events are imagined from scratch—especially the time it takes to
construct the events—are driven in large part by spatial context. These results are
broadly consistent with theories highlighting the central role of spatial processing
in episodic simulation (Hassabis & Maguire, 2007; Robin, 2018) and could reflect a
fundamental difference between the role different event components play during
the construction process. Indeed, spatial context has been argued to provide the
‘stage’ upon which the event plays out (Hassabis & Maguire, 2007; see also Rubin,
Deffler, & Umanath, 2018), and is thus critical to any event representation. However,
an alternative explanation is that the difference lies more generally in the degree of
relational processing required to construct different event components. If each event
component comprising an event is, in and of itself, an assemblage of relevant semantic,
episodic, and other sensory elements, then more elaborate representations would
have a greater influence on event construction times (for a discussion of this point
see R. P. Roberts et al., 2017a). Findings from studies using the scene construction
task indicate that scene representations do contain more than spatial elements,
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including episodic content such as entities, sensory descriptions, thoughts, emotions,
and actions (Hassabis & Maguire, 2007; Madore, Jing, & Schacter, 2019). Thus, it is
possible that spatial contexts are more elaborate than other event components (e.g.,
people, objects), and result in more intensive relational processing at the level of
event components, instead of events per se. This hypothesis is consistent with our
results, though it remains to be tested directly, for example via the manipulation of
the number of elements that make up event components (such as people and spatial
context).

A related point concerns the categorical distinction between spatial and non-spatial
event components, instantiated in the present study via the contrast between spatial
contexts and person details. This distinction is non-trivial; it could be argued that
person details are also spatial, in the sense that they have a position in space, and that
they themselves are made of spatial elements–in contrast to event components such
as actions or emotions (for a broader discussion see also Ekstrom & Ranganath, 2017).
Another outstanding question, and a potential avenue for future research, is thus
whether our results extend to event components that truly lack any spatial elements.

In conclusion, we have shown that constructive demands are heightened when
events are imagined from scratch—as is the case with novel future events—and that
construction times and incorporated detail of future events become increasingly
similar to past events when repeatedly constructed. These findings suggest that
constructive demands may reflect differences in associative strength, rather than
fundamental differences between episodic memory and episodic simulation.
Furthermore, we have shown that aspects of the constructive process, particularly
construction times, are influenced disproportionately by spatial context compared
to person details. While this could be due to spatial context playing a more central
role in event construction, it could also be that spatial contexts are simply more
elaborate in nature, consisting of more elements that have to be bound together by
relational processing. If confirmed by future research, this interpretation could bridge
theoretical accounts focused on explaining different aspects of event construction. A
promising way forward might be to reframe theoretical accounts that are based on
categorical distinctions into more continuous frameworks (see also Dalton, Zeidman,
McCormick, & Maguire, 2017; Eichenbaum & Cohen, 2014; R. P. Roberts et al., 2017a).
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Prologue

Study 1 provided initial evidence that spatial context influences constructive demands
more thanpersondetails. In the second study,wewanted to replicate and extend these
findings. Instead of a direct replication, we chose to conduct a conceptual replication,
using a different design, becausewewanted to see towhat extent the results generalise.
We designed the study in away that allowed us to additionally test the extent towhich
spatial context is a necessary event constituent, andwhether spatial contexts are better
cues for recalling the imagined events.
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Introduction

Episodic simulations of remembered and imagined events (i.e., autobiographical
event representations) are comprised of a number of details or ‘event components’,
including—but not limited to—spatial contexts, people, and objects. In recent years,
one line of research has examined the representation of these different types of
components, and their relative contribution to constructional and phenomenological
aspects of the simulations. Of particular interest has been the comparison between
spatial (locations) and non-spatial (such as persons) components, as different
theoretical accounts ascribe different roles to these types of event details. Specifically,
some accounts ascribe a special role to the construction of spatial context (e.g., scene
construction theory: Hassabis & Maguire, 2007; spatial scaffold effect: Robin, 2018;
Robin et al., 2016), while other accounts hold that the construction of spatial contexts
arises out of a general relational processing mechanism that is also responsible for
the integration of other event details into event representations (e.g., constructive
episodic simulation hypothesis: Addis, 2018; R. P. Roberts et al., 2017a; Schacter &
Addis, 2007).

Empirical support for the hypothesis that spatial context plays a central role in event
construction comes from studies suggesting that, for example, events with a more
familiar spatial context also have higher levels of overall detail and clarity (Arnold
et al., 2011; D’Argembeau & Van der Linden, 2012; Robin & Moscovitch, 2014, 2017b;
Szpunar & McDermott, 2008; Vito et al., 2012), spatial context serves as superior
memory cue (McLelland et al., 2015; Robin & Olsen, 2019; Robin et al., 2016), and
events comprising a clearer spatial context are perceived as being more likely to
occur in the future (Ernst & D’Argembeau, 2017). Furthermore, research has shown
that people have a strong tendency to add spatial context to imagined events when
not instructed to imagine them (Robin et al., 2016), further supporting the view that
spatial context is an integral, if not essential, element of simulated events.

Such findings have been taken as evidence for the position that spatial context acts
as the basis or scaffold for simulated events and in that sense plays a fundamentally
different role than other event components; however, these categorical interpretations
are weakened by seemingly contradictory findings that have been reported in other
studies. It has, for example, been shown that episodic simulations elicited by
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person cues are more specific than simulations cued by locations (D’Argembeau &
Mathy, 2011), while other studies report similar effects for person and location event
components in terms of modulating the phenomenological attributes of imagined
events (e.g., vividness; D’Argembeau & Van der Linden, 2012; McLelland et al.,
2015; Robin et al., 2016), centrality to the event representations (Jeunehomme &
D’Argembeau, 2017), and how well they are later remembered (Jeunehomme &
D’Argembeau, 2017).

With these discrepant findings in mind, we recently conducted a study in which we
examined phenomenological ratings and event construction times from a repetition
paradigm to tease apart the differential contributions of spatial (locations) and
non-spatial (persons) event components to the event construction process (Study 1 in
Chapter 2 of this thesis; Wiebels et al., 2019). We found that events imagined as taking
place in the same location were perceived as more similar than imagined events
featuring the same person, and that a change in location lengthened construction
time more so than a change in the person component. However, whether the changed
event component was spatial or non-spatial in nature did not influence subjective
ratings of difficulty in imagining the event and the amount of detail incorporated into
the simulation. Building on these results, the aim of the current study was twofold.
First, we sought to conceptually replicate the above results within the context of a
different experimental paradigm, providing a robust test of these effects. Second, we
aimed to extend these findings in two important ways, testing (i) whether spatial
context is added spontaneously to event representations even when participants are
explicitly instructed not to, providing an indication of the extent to which spatial
context is a necessary event constituent; and (ii) whether spatial or non-spatial details
are better cues for recalling other components of the imagined event.

To this end, we used a novel design that required participants to imagine
autobiographical future events in two phases, under two conditions. In the ‘person-
first’ condition, participants were required to imagine a person in isolation (phase 1),
and then construct a novel future event that integrated the already-imagined person
with a subsequently presented location (phase 2). In the ‘location-first’ condition,
participants imagined a location in isolation (phase 1), and then imagined a future
event integrating the location with a subsequently presented person (phase 2). We
recorded the time it took to construct these representations, subjective difficulty,
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vividness, and how frequently persons or locations were spontaneously generated
in phase 1. We also tested later recall of the persons and locations that were part
of the imagined events, using one event component to cue recall of the other event
component presented in the same trial. We used confirmatory and exploratory
analyses to answer our research questions. We asked i) whether the construction
of spatial contexts generally takes longer and is subjectively more difficult than the
construction of persons, ii) whether spatial contexts serve as superior memory cues
for other components of the event representation compared to person details, and iii)
whether spatial context is spontaneously generated when participants are instructed
to imagine persons in isolation. For each question, we compared a model assuming
greater contributions to event construction of spatial context relative to person
components, with a model assuming no difference between the two components
types. Given prior evidence for both possibilities, we used a Bayesian approach,
enabling us to appropriately compare and quantify evidence for both models.

Methods

This study was preregistered (osf.io/hfm9u) and data and code to reproduce all
analyses and figures can be found at osf.io/rt2vy/.

Participants

Forty healthy young adults participated in this study, and provided informed
consent in a manner approved by The University of Auckland Human Participants
Ethics Committee. This sample size was determined based on the sample size and
the effect sizes found in our previous study (Wiebels et al., 2019). A Bayes factor
design analysis using the BFDA R package (Schönbrodt & Wagenmakers, 2018b,
2018a) showed that given a sample size of 40 and an expected effect size of 0.4, we
achieved approximately 70% power under both H1 and under H0. All participants
were fluent in English, had no history of neurological and psychiatric disorder, and
had not previously participated in a study on episodic simulation. Two participants
were excluded because they did not complete the experiment. Thus, data from 38
participants (aged 18-35 years, M = 25.16, SD = 4.79, 13 males) were analysed.
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Procedure

The study consisted of two sessions (stimulus collection, experiment; see Figure 3.1)
separated by approximately one week (M = 6.24 days, SD = 3.01). We used PsychoPy3
(Peirce et al., 2019) to present stimuli and collect responses in session 2.

Session 1: Stimulus collection
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RT + 5 seconds self-pacedRT + 2 seconds
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Max

Briefly describe the event 
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Figure 3.1: Session 1 (stimulus collection: person and location retrieval, cue creation) and session 2
(experiment: simulation task, memory test, and follow-up question). During session 1, participants
provided person and location details from their autobiographical memory, and rated each detail on
three dimensions (ratings not shown here; see in-text for details). The provided details were later
combined by the experimenter into person-location pairs for use in session 2. During session 2,
participants completed a simulation task; on each trial they were presented with a person/location
to first imagine in isolation (phase 1) and then presented with a location/person to integrate with the
first event component to form a novel future event (phase 2). After each trial, participants rated the
frequency of intrusions, and the difficulty and vividness of imagining the details in isolation or together,
and verbally described the events they had imagined. At the end of the simulation task, memory for the
event components was tested, using one event component to cue recall of the other event component
presented in the same trial. The experiment ended with a supplementary question about participants’
assessment of their ability to imagine persons in isolation.
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Session 1: Stimulus collection

During session 1, participants provided 78 familiar persons and 78 familiar locations
from their autobiographical memory, and rated each on a four-point Likert scale for
familiarity (0 = unfamiliar; 3 = very familiar), frequency of encounter (0 = about once
a year; 3 = about once a day), and how strongly each person/location is associated
with one particular location/person (0 = no association; 3 = strong association).

To create cues for session 2 (experiment), person and location details were divided
into the two lists (for the two conditions: person-first, location-first). In order tomatch
the rated attributes of the details across the two conditions as closely as possible, we
took a stratified random approach using the randomizr R package (Coppock, 2018).
For both person and location details, we first sorted details into strata according to
their familiarity, frequency of encounter, and association strength ratings, and then
conducted complete random assignment to the lists within each stratum. Within
each condition list, we then randomly combined details into person-location pairs.
For each participant, 72 person-location pairs were created (i.e., 36 per condition)
for the experiment, and an additional 6 pairs (3 per condition) for a practice session
completed immediately before the experiment.

As a result of this process, there were no differences between phase 1 and phase 2
for any of the ratings (BFs10 < 0.18 for all pairwise comparisons). We also tested for
differences between detail types, which was considered as a factor in most of our
analyses, instead of condition (see section Analyses for further details). Although
there was no evidence that frequency of encounter ratings differed between persons
(M = 1.11) and locations (M = 1.03; BF10 < 0.95), familiarity ratings were higher for
locations (M = 1.92) than persons (M = 1.71; BF10 = 288.84) while association strength
was higher for persons (M = 1.94) than for locations (M = 1.51; BF10 = 3.97x108).1

1Because of these differences between detail types, we conducted additional exploratory analyses,
in which we controlled for familiarity or association strength, for all models in which detail type was
included as a factor. Substantial changes to results occurred in only one of these exploratory analyses, as
we note in the Results, and thuswe report the residualised results. All other results and the residualised
data are available at osf.io/rt2vy.
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Session 2: Experiment

During session 2, participants completed the experiment. The first part of the
experiment was a simulation task, which was an adapted version of the episodic
recombination paradigm (Addis et al., 2009) in which participants imagine future
events comprising familiar details (here, a pairing of a location and person, as created
during session 1). Example trials of the two simulation conditions (person-first,
location-first) are depicted in Figure 3.1. Trials from these two conditions were
presented in a randomised order in four separate blocks, after each of which
participants were offered a short break.

Each simulation trial comprised two phases, with one element of a given person-
location pair presented as a cue for 1 second at the start of each phase. The event
component presented during phase 1 denoted the condition; for example, during a
person-first trial, the person cue was presented in phase 1, and the location cue in
phase 2. During phase 1 of a trial, participants imagined the specified person or
location in isolation. They made a button press when they had the event component
in mind, after which they visualised the detail for another 2 seconds. Phase 2 began
with the presentation of the other event component; participants imagined a novel
future event that integrated this second event component with the already-imagined
event component from phase 1. Participants indicated when they had imagined the
specified person in the specified location (i.e., they had an initial event representation
in mind) with another button press, and then continued to construct the novel future
event involving the person in the location for another 5 seconds.

After each simulation trial, participants made five ratings in a self-paced manner on
continuous scales by moving the on-screen slider with the computer mouse, to place
a mark on a horizontal line anchored at each end with extreme responses: 1) the
extent to which, during phase 1, non-specified persons/locations were spontaneously
generated (i.e., ‘intrusion rating’; extreme responses: left, visualised phase 1 detail
only; right, visualised phase 1 detail as well as a spontaneously generated detail of the
other type); 2) how difficult it was to imagine the phase 1 detail in isolation (left, not
difficult; right, very difficult); 3) how difficult it was to imagine both details together
during phase 2 (left, not difficult; right, very difficult); 4) how vividly the location
was imagined during phase 2 (left, not vivid; right, very vivid); and 5) how vividly
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the person detail was imagined during phase 2 (left, not vivid; right, very vivid). For
each rating, the position on the line was recorded as a value between 0 (left) and 1
(right). Following these ratings, participants provided a short verbal description of
the event they had imagined, to verify that specific future events had successfully
been generated.

Following the simulation task, participants completed a surprise cued-recall test
for the pairs of event components they had integrated into future events. On each
cued-recall trial, one event component (person/location) from a simulation trial was
provided as a cue for the other component from the same simulation trial. Cues were
created using event components from each phase and detail type, resulting in four
types of memory cues: person details presented during phase 1 of simulation trials
(25%); person details presented during phase 2 (25%); location details presented
during phase 1 (25%); and location details presented during phase 2 (25%). The order
of these recall test trials was randomised across detail type and phase.

Lastly, we asked participants whether, and how often across all trials of the simulation
task, they were able to imagine the person without a spatial context. This rating was
made on a continuous scale (extreme responses: left, I was never able to imagine
people without a location; right, I was always able to imagine people without a
location).

Analyses

The structure of our experiment consisted of two factors: condition (person-first,
location-first) and phase (phase 1, phase 2) for the simulation task. However, for
most of our analyses, we considered detail type (i.e., person, location) instead of
condition as factor, because we were more interested in potential differences between
different event components than between the two conditions. All statistical analyses
were performed using R (version 3.6.0; RRID:SCR_001905; R Core Team, 2019) in
RStudio (version 1.2.1335; RStudio Team, 2018), using the following packages: dplyr
(Wickham et al., 2018), tidyr (Wickham & Henry, 2018), codebook (Arslan, 2019),
EMAtools (Kleiman, 2017), BayesFactor (Morey & Rouder, 2018), brms (Bürkner,
2017), coda (Plummer et al., 2006), tidybayes (Kay, 2019), ggplot2 (Wickham, 2009),
and cowplot (Wilke, 2017). We used the Bayes factor (BF) as the statistical index,
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which is the ratio of the probability of the data under one model (e.g., an alternative
hypothesis) relative to the probability of the data under a competing model (often,
but not necessarily, the null hypothesis). The BF hence directly compares how
well competing statistical models predict the data (Wagenmakers et al., 2018). The
subscript of the BF denotes which models are being compared (e.g., ‘BF10’ means
the alternative hypothesis (‘1’) is being compared to the null hypothesis (‘0’), ‘BF+0’
means the one-sided alternative hypothesis that the effect size is positive (‘+’) is
being compared to the null hypothesis), and the value of the BF can be interpreted as
how much more plausible one model is relative to the competing one (e.g., ‘BF10 = 3’
means the alternative is 3 times more probable than the null hypothesis, while ‘BF10
= 1’ means the alternative and the null hypothesis are equally probable).

We aggregated the data for each participant, calculating median response time, mean
difficulty, mean vividness ratings, and mean cued-recall accuracy, for each level of
each factor. Although intrusion ratings, like all ratings in the simulation task, were
made on a continuous scale and converted to values between 0 and 1, the nature of
the question was in fact dichotomous (location/person added vs no location/person
added). Consequently, the distribution of this variable was highly bimodal, with
peaks at 0 and 1 (see trial-level codebook at osf.io/rt2vy). These features, together
with a lack of clear interpretability for the values towards the middle of the scale, led
us to dichotomise this variable into ‘0’ (for all values less than 0.5), and ‘1’ (for all
values equal to or greater than 0.5). Consistent with the procedure applied for the
other ratings, we then calculated the mean of this dichotomised intrusion variable for
each person.

Confirmatory analyses

Our confirmatory analyses followed the preregistration with no changes. Using the
aggregated data, we constructed four different models using the BayesFactor package
(Morey & Rouder, 2018) and default priors, and tested specific effects within these
models to answer our research questions. We used order-restricted models (Haaf &
Rouder, 2017; Morey & Wagenmakers, 2014; Rouder et al., 2018), enabling us to test
specific directional hypotheses, rather than using the default alternative hypothesis
that all means are different (standard ANOVA), and without the need for post hoc
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tests. In addition to the BF for the order restriction against the null hypothesis
(BF10), we also report the unrestricted model against the null hypothesis (BFu0, where
subscript u refers to unrestricted), as well as how much stronger the order restriction
made the model compared to the unrestricted version (BF1u). For response times and
difficulty ratings, we used Bayesian order-restricted repeated-measures ANOVAs,
with detail type (person, location) and phase (phase 1, phase 2) as predictors, and
tested the following effects: main effect of phase (phase 2 > phase 1), main effect of
detail type (location > person), and interaction between detail type and phase ([location
- person] phase 2 > [location - person] phase 1). For intrusion ratings, we used a
Bayesian directional paired t-test (person > location). For cued-recall accuracy, we
used a Bayesian order-restricted repeated-measures ANOVA, with detail type (person,
location) and phase (phase 1, phase 2) as predictors, and tested the following effects:
main effect of detail type (location > person), and interaction between detail type and
phase ([location - person] in phase 1 > [location - person] in phase 2).

Exploratory analyses

In addition to the confirmatory analyses, we conducted a number of additional
analyses for which we did not have specific hypotheses at the start of the study, or
that followed on directly from the results of our confirmatory analyses. We tested (i)
whether spontaneously generating an uncued event component during phase 1 (i.e.,
intrusion trials) was associated with slower and more difficult event construction in
phase 2 relative to trials on which no intrusions occurred; (ii) whether subsequent
recall accuracy was lower when cued by phase 1 details from intrusion versus
no-intrusion trials; and (iii) whether there were any differences between detail types
or trial phases with regard to how vividly the event components were imagined.

To answer the first two questions regarding the effects of phase 1 intrusions, we
constructed Bayesian hierarchical linear models testing for differences in response
times, difficulty ratings, and cued-recall accuracy between no-intrusion and intrusion
trials. We also included condition as an interaction term to determine whether the
effect of intrusion on the dependent variables was different for the two conditions. In
each of these models, we included trial as level 1 predictor (number of observations:
2701) and participant as level 2 predictor (number of observations: 38), with the
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dependent variable (response times, difficulty ratings, or recall accuracy) as fixed
effect, and random intercepts and slopes for each participant. All models were
created in the Stan computational framework (mc-stan.org/) accessed with the
brms package (Bürkner, 2017). Posterior samples were generated using four chains,
each with 5,000 iterations and a burn-in of 1,000. For response times, we used an
exGaussian likelihood model and specified the following priors: b ~ normal(0, 10),
beta ~ gamma(1, 0.1), cor ~ LKJ(1), intercept ~ Student-t(3, 4, 10), sd and sigma
~ Student-t(3, 0, 10). For difficulty ratings, we used a Gaussian likelihood model
with the following priors: b ~ normal(0, 10), cor ~ LKJ(1), intercept ~ Student-t(3,
0, 10), sd and sigma ~ Student-t(3, 0, 10). For cued-recall accuracy, we used a
binomial likelihood model with the following priors: b ~ normal(0, 1), cor ~ LKJ(1),
intercept ~ Student-t(3, 0, 10), sd ~ Student-t(3, 0, 10)). All priors were chosen to be
mildly informative, regularising priors to improve convergence and guard against
overfitting. MCMC chains were checked for convergence (for all parameters and all
models, R̂ = 1).

For the third exploratory analysis, we used a Bayesian repeated-measures ANOVA
for vividness ratings, with detail type (person, location) and phase (phase 1, phase 2) as
predictors.

Results

Descriptive statistics for the outcome variables of interest, as well as the ratings
provided in session 1 are presented in Table 3.1. A trial-level and a participant-level
codebook containing descriptive statistics of every variable in the dataset can be
found at osf.io/rt2vy.
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Table 3.1: Means (standard deviations) of all outcome variables and session 1 ratings, broken down by
phase and detail type.

Phase 1 Phase 2

Outcome variables Location Person Location Person

Experiment
Response time (seconds) 3.51 (2.03) 3.01 (1.79) 4.97 (3.28) 4.42 (3.10)
Difficulty rating 0.23 (0.15) 0.20 (0.13) 0.43 (0.12) 0.43 (0.14))
Intrusion rating 0.38 (0.27) 0.33 (0.24) - -
Cued-recall accuracy 0.74 (0.18) 0.41 (0.21) 0.74 (0.19) 0.64 (0.20)
Vividness rating 0.75 (0.14) 0.73 (0.15) 0.73 (0.14) 0.68 (0.17)

Session 1 ratings
Familiarity 1.94 (0.48) 1.72 (0.40) 1.92 (0.50) 1.71 (0.41)
Frequency of encounter 1.03 (0.39) 1.11 (0.41) 1.04 (0.43) 1.10 (0.45)
Association strength 1.53 (0.56) 1.95 (0.50) 1.48 (0.54) 1.96 (0.52)

Note. Difficulty and vividness ratings were continuous (0 to 1), intrusion ratings were dichotomous (0,
1), and session 1 ratings were categorical scale (0 to 3).

Confirmatory analyses

An overview of the data and all effects tested with our confirmatory analyses are
presented in Figure 3.2A-D. Independently of the theoretical frameworks relevant to
this study, we expected response times in phase 1—where participants only had to
generate one event component—to be faster than in phase 2—where participants had
to generate and integrate event components. To test this hypothesis, we looked at the
main effect of phase in the response time and difficulty rating models (see Figure 3.2A
and 3.2B, second panel). In both models, there was very strong evidence for this effect
(response times: BF10 = 1.01x1011; BF1u = 2; BFu0 = 5.03x1010; difficulty ratings: BF10 =
2.57x1020; BF1u = 2; BFu0 = 1.28x1020) in line with the predicted order restriction, with
response times being slower and difficulty ratings being higher in phase 2 (response
times: 4.69, SD = 3.17; difficulty ratings: M = 0.43, SD = 0.12) compared to phase 1
(response times: M = 3.26 SD = 1.88; difficulty ratings: M = 0.21, SD = 0.13). These
effects were very consistent across participants for both measures (see grey dashed
lines in Figure 3.2A/B), being present in all but two participants. Together, these
findings confirm that for both detail types, it took longer and was more difficult to
generate and integrate an event component with an existing representation of another
event component, compared to generating a single event component in isolation.
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Figure 3.2: Overview of all outcome variables (A: response times; B: difficulty ratings; C: cued-recall
accuracy; D: intrusion ratings) and effects tested in confirmatory analyses. For each variable, the full
design with 95% confidence intervals is plotted (left panel; ‘Component presented’ refers to the event
component type presented as a cue in the respective phase), along with all tested main/interaction
effects. The violin plots show the distribution of scores for each factor (phase, detail type), together with
the mean (box central dot), median (box central line), first and third quartile (box edges), minimum
and maximum (whiskers), and outliers (outside dots). The grey dashed lines show the effect for each
participant, and the grey bold line represents the group effect.

Is the construction of spatial contexts slower and more difficult than the construction
of persons?

With regard to our first research question, we tested whether the construction of
locations is slower and subjectively more difficult than the construction of persons.
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We tested this hypothesis with the main effect of detail type in the response time and
difficulty rating models (see Figure 3.2A and 3.2B, third panel). In the response time
model, we found evidence for this effect (BF10 = 5.55; BF1u = 1.98; BFu0 = 2.80) in line
with the predicted order restriction, with slower response times for locations (M =
4.24, SD = 2.62) than persons (M = 3.71, SD = 2.38). It took participants about 500
ms longer on average to bring a spatial context to mind than a person, irrespective
of phase. Again, this effect was very consistent across participants (see grey dashed
lines in Figure 3.2A/B), with everyone except two participants showing the effect in
this direction. In contrast, there was strong evidence for the null hypothesis in the
difficulty ratings model (BF10 = 0.25; BF1u = 1.32; BFu0 = 0.19), indicating that, despite
taking longer to construct, participants did not find it more difficult to bring locations
to mind (M = 0.33, SD = 0.10) than persons (M = 0.32, SD = 0.10).

Are spatial contexts better memory cues than person details?

Our second prediction was that, if spatial context provides a scaffold for events, it
might be a superior recall cue relative to person details; that is, accurate recall of the
other event component should be higher when cued by locations relative to persons,
independently of phase. We tested this hypothesis with the main effect of detail type in
the model for recall accuracy (see Figure 3.2C, second panel). There was very strong
evidence for this effect (BF10 = 3.30x1010; BF1u = 2; BFu0 = 1.66x1010) in line with the
predicted order restriction, with accuracy being higher for location cues (M = 0.74, SD
= 0.18) compared to person cues (M = 0.52, SD = 0.19). Thus, being provided with
the spatial context of the event representation led to better recall for other content
comprising the imagined event. This effect was large and consistent, with accurate
recall on 20% more trials when spatial context was provided as cue, and all but three
participants in our sample showing the effect in this direction.

Is spatial context automatically generated during event construction?

Finally, we were interested in whether spatial context is automatically added by
participants when they imagine a person in isolation (during phase 1). To this
end, we examined participants’ own ratings regarding intrusions during phase 1,
predicting that intrusions should occur more frequently when imagining in isolation
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persons compared to locations. Moreover, we also tested this question indirectly
by determining the presence of various ‘interference effects’ at phase 2 that should
only be apparent if during phase 1, intrusions of spatial context occurred more
frequently than intrusions of persons. Specifically, we predicted that: in phase 2, the
construction of locations should be slower and more difficult than the construction
of persons—over and above any ‘baseline’ differences between locations and persons
observed in phase 1—because the construction of a location in phase 2 is more likely
to require the ‘over-writing’ of locations spontaneously generated in phase 1 of
the trial; and that recall accuracy should be lower when cued by phase 1 persons
compared to locations if these components are more frequently associated with two
locations (i.e., the spontaneously generated location in phase 1 and the presented
location in phase 2), over and above any differences observed in phase 2.

To test the prediction that ratings of intrusions during phase 1 were greater when a
person was imagined in isolation, we used a Bayesian directional paired t-test (see
Figure 3.2D) on intrusion ratings and found strong evidence against a difference
between detail types (BF10 = 0.09). This result, not being in line with our prediction,
suggests that when event components were imagined in isolation, spatial context
(M = 0.33, SD = 0.24) was not spontaneously added to the representations more
often than persons (M = 0.38, SD = 0.27). In addition to the ratings made during the
experiment, we asked participants at the end of the experiment whether, and how
often across all trials, they were able to imagine the person in isolation without an
intruding spatial context (we did not collect this rating for locations). Participants
estimated this to be the case 68% of the time (SD = 21%), consistent with the intrusion
ratings collected during the task which showed that most of the time (67% of trials)
participants were able to imagine persons in isolation, but that in some trials (33%) a
spatial context was spontaneously generated.

Next, we tested the prediction that the extent to which locations are slower and more
difficult to construct than persons will be larger during phase 2 than phase 1, with
an order-restricted interaction between phase and detail type in the response time and
difficulty models (see Figure 3.2A and 3.2B, right panel). In both models, there was
evidence against the hypothesised interaction effect (response times: BF10 = 0.35; BF1u
= 1.35; BFu0 = 0.26; difficulty ratings: BF10 = 0.12; BF1u = 0.28; BFu0 = 0.42), with the
difference between locations and persons in phase 2 (response times: M = 0.55, SD =
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0.72; difficulty ratings: M = 0.00, SD = 0.06) not being different from phase 1 (response
times: M = 0.50, SD = 0.68; difficulty ratings: M = 0.02, SD = 0.12). Although contrary
to our prediction, this result suggests that spontaneously-generated spatial context
did not interfere with construction in phase 2, and is in agreement with the above
finding that such intrusions only occurred some of the time.

Finally, we tested the prediction that the location-person differences in recall accuracy
is larger for cues from phase 1 than phase 2, with an order-restricted interaction
between phase and detail type in the recall accuracy model (see Figure 3.2C, third
panel). In this analysis, there was very strong evidence for the interaction effect (BF10
= 7.82x105; BF1u = 2; BFu0 = 3.91x105) in line with the predicted order restriction,
with the difference between locations and persons in phase 1 (M = 0.33, SD = 0.26)
being larger than in phase 2 (M = 0.1, SD = 0.15). As predicted, in addition to the
above-reported main effect of detail type whereby recall accuracy is poorer when
event memory is cued by persons versus locations, here we show that recall was even
further impacted when those person cues were from phase 1.

Exploratory analyses

An overview of the data and all effects tested with our exploratory analyses are
presented in Figure 3.3.

Do phase 1 intrusions impact measures of phase 2 construction?

Our confirmatory analyses showed that in phase 2, the construction of locations
was not especially slow and difficult relative to persons—against our prediction
based on the assumption that spontaneously adding spatial contexts to phase 1
representations would cause interference during the subsequent integration of the
specified location during phase 2. However, those analyses were conducted on
participant averages across trials and not directly connected to intrusion ratings; our
inferences were thus dependent on the assumption that intrusions of spatial context
generally occurred in phase 1—an assumption that turned out to be too strong, given
that spatial context was only added in about a third of the trials. To explore this
question in a more fine-grained manner, we conducted exploratory analyses on
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Figure 3.3: Overviewof exploratory analyses. A: FittedBayesian hierarchical linearmodels for response
times (phase 2), difficulty ratings (phase 2), and cued-recall accuracy (phase 1 cues) with 95% credible
intervals. B: Tested effects for vividness ratings (controlling for familiarity of the person and location
details); the full design with 95% confidence intervals is plotted (left panel), along with the tested
main effects. The grey dashed lines show the effect for each participant, and the gray bold line shows
the group effect. ‘Component presented’ refers to the episodic detail type presented as a cue in the
respective phase.

trial-level data. Specifically, we grouped simulation trials in the person-first and
location-first conditions according to whether or not intrusions were reported during
phase 1. We then tested whether phase 2 event construction was slower and more
difficult in intrusion versus no-intrusion trials, and whether these interference effects,
if present, were stronger for the person-first relative to the location-first condition.

These hypotheses were tested with Bayesian hierarchical linear models (see Figure
3.3A) and the corresponding results can be found in Table 3.2. The response time
model showed strong evidence for phase 2 response times being overall slower for
intrusion trials (M= 5.23) compared to no-intrusion trials (M= 5.03), with an estimated
difference of 200 ms (BF10 = 133.45). This effect was even larger within just the person-
first condition, with a difference in response times of 350 ms (intrusion: M = 5.54,
no-intrusion: M = 5.19; BF10 = 431.43) and there was no convincing evidence that it
was present within the location-first condition (intrusion: M = 4.92, no intrusion: M
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= 4.87; BF10 = 2.42). Furthermore, the estimated difference between intrusion and no-
intrusion trials—tested with the interaction term—was greater in the person-first (M
= 0.35) compared to the location-first condition (M = 0.05; BF10 = 45.78).

Table 3.2: Hypotheses tested on the different Bayesian hierarchical linearmodels examining differences
between intrusion and no-intrusion trials, together with corresponding parameter estimates.

Hypothesis tested Coefficient 90% CI BF Posterior
probability

Response times
Main effect 0.20 [0.07, 0.34] 133.45 0.99
Simple effect person-first 0.35 [0.15, 0.56] 431.43 1.00
Simple effect location-first 0.05 [-0.10, 0.21] 2.42 0.71
Interaction 0.30 [0.06, 0.55] 45.78 0.98

Difficulty ratings
Main effect 0.04 [0.01, 0.07] 135.75 0.99
Simple effect person-first 0.07 [0.04, 0.11] 1229.77 1.00
Simple effect location-first 0.01 [-0.02, 0.04] 2.39 0.71
Interaction 0.06 [0.02, 0.10] 136.93 0.99

Cued-recall accuracy
Main effect -0.15 [-0.53, 0.21] 0.33 0.25
Simple effect person-first 0.17 [-0.42, 0.76] 2.27 0.69
Simple effect location-first -0.48 [-1.00, 0.01] 0.06 0.05
Interaction 0.65 [-0.16, 1.46] 9.98 0.91

Note. All tested hypotheses were one-sided (response times and difficulty ratings: intrusion > no
intrusion; recall accuracy: intrusion<no intrusion), so the BF reported here is the ratio of the hypothesis
(e.g., intrusion > no intrusion) over its alternative (e.g., no intrusion > intrusion).

There was also strong evidence for phase 2 difficulty ratings being higher overall
for intrusion trials (M = 0.46) compared to no-intrusion trials (M = 0.42; BF10 =
135.75), with an estimated difference of 4%. As in the response time model, this
effect was stronger within the person-first condition, with an estimated difference of
7% (intrusion: M = 0.48, no intrusion: M = 0.41; BF10 = 1229.77), and there was no
convincing evidence for the effect in the location-first condition (intrusion: M = 0.44,
no intrusion: M = 0.43; BF10 = 2.39). The intrusion versus no-intrusion difference was
greater in the person-first (M = 0.07) than in the location-first condition (M = 0.01;
BF10 = 136.93).

Together, these results indicate that when participants spontaneously generated
spatial context when instructed to visualise a person only, subsequent construction
and integration of the provided location was delayed and perceived as more difficult.
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These effects were only observed when spatial context was added; spontaneously
adding a person when locations were imagined in isolation did not influence
subsequent construction times or perceived difficulty.

Do phase 1 intrusions impact accuracy of cued recall?

For completeness, we also conducted exploratory analyses on trial-level cued-recall
accuracy data. We selected recall trials cued by phase 1 details and, as for the other
hierarchical models, grouped them according to whether or not intrusions were
reported. We tested whether accuracy of cued recall was poorer on intrusion versus
no-intrusion trials, and whether this difference, if present, was stronger for the
person-first relative to the location-first condition.

Recall accuracy for events that were cued by phase 1 details was not lower overall for
intrusion trials (M = 0.60) than for no-intrusion trials (M = 0.58; BF10 = 0.33). Therewas
no convincing evidence for this effect in the person-first condition either (intrusion:
M = 0.36; no-intrusion: M = 0.41; BF10 = 2.27), and strong evidence against this effect
in the location-first condition (intrusion: M = 0.83; no intrusion: M = 0.75; BF10 =
0.06), which in turn means that there was strong evidence that recall accuracy for
the location-first condition was higher for intrusion than for no-intrusion trials. Lastly,
therewas strong evidence that the difference between intrusion andno-intrusion trials
(no-intrusion - intrusion) in the person-first condition (M = 0.08) was greater than
in the location-first condition (M = -0.04; BF10 = 9.98). These results suggest that
the spontaneous generation of spatial contexts in phase 1 did not impact cued-recall
accuracy, contrary to what we predicted and to what we found in the confirmatory
analyses. The addition of uncued persons, in contrast, seemed to enhance subsequent
recall.

Do vividness ratings differ between detail types or trial phases?

Finally, we explored whether the subjective vividness of event components differed
according to the type of detail imagined (locations, persons), and the phase during
which it was imagined (phase 1 or 2; see Figure 3.3B). In this vividness rating model,
there was strong evidence for a main effect of phase (BF10 = 8.38), showing that event
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components were imagined more vividly in phase 1 (M = 0.74, SD = 0.14) compared
to phase 2 (M = 0.71, SD = 0.15). We found no evidence for a main effect of detail type
(location: M = 0.73, SD = 0.14; person: M = 0.72, SD = 0.15; BF10 = 0.43).2 Thus, while
there was no difference between how vividly people and locations were imagined,
phase 1 details were imagined more vividly than those details added in phase 2.
However, given that vividness ratings were made at the end of phase 2, it is likely
that the higher vividness for phase 1 details is an artefact of those details having
been visualised for a longer duration (i.e., across both phases) than phase 2 details,
thus providing more time to elaborate and add detail to the representations. As such,
these results are not discussed further.

Discussion

In this study, we investigated differential contributions of spatial context and person
details to future event construction and simulation, with a focus on whether spatial
context plays a more central role than people, as posited by several theoretical
accounts (e.g., scene construction theory: Hassabis & Maguire, 2007; spatial scaffold
effect: Robin, 2018). We addressed three main questions with our confirmatory
analyses, namely i) whether the construction of spatial contexts generally takes
longer and is subjectively more difficult than the construction of persons, ii) whether
spatial contexts serve as superior memory cues for other components of the event
representation compared to person details, and iii) whether spatial context is
spontaneously generated when participants are instructed to imagine persons in
isolation. Using additional exploratory analyses, we examined the last question in
a more fine-grained manner, by testing (i) whether spontaneously generating an
uncued event component during phase 1 (i.e., intrusion trials) was associated with
slower and more difficult event construction in phase 2 relative to trials on which no
intrusions occurred, and (ii) whether subsequent recall accuracy was lower when
cued by phase 1 details from intrusion versus no-intrusion trials. Additionally, we
explored whether there were any differences between detail types or trial phases

2These results are corrected for familiarity ratings of the person and location details. In the
uncorrected analysis, there was strong evidence for a main effect of detail type (BF10 = 19.77), with
locations rated as being imagined more vividly than persons. The main effect of phase was present,
but evidence was weaker (BF10 = 3.99) than that reported above.
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with regard to how vividly the event components were imagined.

We found that spatial context took longer to construct than people—despite no
differences in subjective construction difficulty or vividness of the representation.
These results directly replicate previous research (Study 1; Wiebels et al., 2019), in
which we argued that, while being in line with theoretical accounts ascribing a
critical role to spatial context in event representations (e.g., scene construction theory:
Hassabis & Maguire, 2007; spatial scaffold effect: Robin, 2018), these findings are
also consistent with a relational processing account (see also R. P. Roberts et al.,
2017a). This account predicts that more complex or elaborate representations—such
as spatial context—would have a greater influence on how long it takes to construct
events or event components, which in themselves are an assemblage of episodic and
semantic elements that have to be integrated into coherent representations. Note that
even though we expected perceived difficulty to be in line with construction times,
difficulty ratings did not reflect this pattern. This replicated divergence between
response times and phenomenological ratings suggests that constructing elaborate
components (such as spatial context) might be a more computationally demanding
process, but that this is not necessarily reflected in subjective experience.

A relational processing perspective gains additional support from our finding that
it was slower and more difficult to integrate event components into an existing
representation (i.e., in phase 2) than to imagine event components in isolation (i.e.,
in phase 1). Similar to the difference in complexity between person and location
details, when integrating new components into existing representations, there are
more elements (i.e., the already constructed and the new elements) that have to be
bound together, compared to when event components are constructed from scratch,
resulting in additional relational processing. Here, perceived difficulty was also
affected, likely due to the task in this case being more complex (constructing and
integrating elements vs constructing them without the need to integrate them into
existing representations).

Spatial context furthermore served as a superior memory cue for other components
of the event representation, suggesting that being provided with the spatial context
of an event facilitates better access to the content of episodic simulations. This effect
has been reported before (McLelland et al., 2015; Robin & Olsen, 2019; Robin et al.,
2016), and supports the idea that spatial context provides a ‘scaffold’ for imagined
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events. Note, however, that an alternative explanation could be that instead of spatial
context being a better memory cue, person details are easier to recall. Our study
is unfortunately unable to differentiate between these explanations, as we always
asked for one event component (e.g., person) by providing the respective other event
component type (e.g., location) from the same trial as recall cue.

Beyond recall being worse overall when person details were used as cues, recall was
even further impacted when those person cues were from phase 1—an expected
result if these components are more frequently associated with two locations (i.e.,
the spontaneously generated location in phase 1 and the presented location in phase
2). However, we did not find any evidence for this hypothesis in the trial-level
analysis, and it thus remains to be determined to what extent this relationship
holds. In contrast, the spontaneous generation of person details led to improved
recall accuracy when phase 1 locations were used as cue, perhaps due to additional
associations formed between the provided and the spontaneously generated person,
which may have been used by participants as further cue to recall the featured person
of the episode. Note that there is a logical constraint on the nature of the relationship
between imagined people, places, and the events these details inhabit, which may
have played a role in this result. Spontaneously added spatial contexts in phase 1
had to be replaced by the spatial context provided in phase 2, whereas this was not
necessarily the case for spontaneously added people; while event representations
can only take place in one spatial context, they can feature several people. Given that
we did not strictly constrain this strategy during the experiment, it is possible that it
played a role in the results that examined the impact of intrusions.

Regarding the intrusion data more generally, we found that participants added
spatial context in only about a third of the trials, indicating that most of the time
they were able to imagine persons in isolation. In this context, it is important to
point out that in our study, the task was to imagine single event components in
isolation. Results would perhaps have been different if the task had been to imagine
whole events without spatial context, as was the case in a previous study reporting
spontaneous addition of spatial context in 78% of imagined events (Robin et al., 2016).
Despite this relatively low frequency, we found evidence for spontaneously generated
spatial context impacting subsequent event construction. Although there was no
difference in the frequency with which people and locations were spontaneously

71



added to event representations, and no differential influence on subsequent response
times or difficulty ratings on average (i.e., on the participant-aggregated data),
these effects were observable on a trial level. The spontaneous generation of spatial
context—but not people—resulted in subsequent construction and integration of the
provided location being delayed and perceived as more difficult.

The contrast in findings between analysis levels highlights the importance of more
fine-grained, hierarchical tests. When using averaged data, within-person variability
is ignored, which might conceal important effects. This impact is exacerbated when
there are relevant differences between individual trials, as was the case in our study,
with spatial context additions not occurring consistently across trials. Trial-level
information in this case thus offered important additional insight that was obscured
by aggregating the data.

Together, these findings offer support for a critical role of spatial context in the
construction and simulation of future events, in line with previous research (e.g.,
Robin et al., 2018, 2016; Wiebels et al., 2019) and theoretical accounts (e.g., Hassabis
& Maguire, 2007; Robin, 2018). They do, however, also suggest that the difference
between spatial context and other event components may not be one of kind, but of
representation complexity, modulating relational processing demands.
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Prologue

The first two studies gave us a deeper understanding of the role spatial and non-spatial
event components play behaviourally in the construction of episodic simulations. In
the final study, we were interested in examining what neural mechanisms might
be underlying these differences. We were particularly interested in hippocampal
coding mechanism during future event construction, with a focus on whether event
components of all types are represented in the hippocampus during this process, or
just spatial components.
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Introduction

Humans have a unique capacity to mentally generate complex and multidimensional
social simulations containing details (people, places, objects etc.) that are absent
from the current physical environment (W. A. Roberts & Feeney, 2009; Suddendorf
& Corballis, 2007; Suddendorf, Addis, & Corballis, 2009). Indeed, as much as 50%
of our time is spent engaging in episodic simulation (Killingsworth & Gilbert, 2010),
that is, remembering past events or imagining scenarios we have never experienced.
Functional magnetic resonance imaging (fMRI) has provided insights into the
brain regions involved in episodic simulation (Addis et al., 2009; Andrews-Hanna,
Smallwood, & Spreng, 2014; Beaty et al., 2018; Benoit & Schacter, 2015; Buckner &
Carroll, 2007; Hassabis & Maguire, 2007; Hassabis et al., 2007a; Konishi, McLaren,
Engen, & Smallwood, 2015; Schacter, Addis, & Buckner, 2007; Schacter et al., 2012;
Spreng et al., 2009; Stawarczyk & D’Argembeau, 2015), yet identifying the precise
contributions of different brain regions to this process has proven elusive. This is
especially true of the hippocampus, which is consistently activated in fMRI studies
of episodic simulation (Addis, Cheng, Roberts, & Schacter, 2011b; Addis et al., 2009;
Hassabis et al., 2007a; Maguire & Mullally, 2013; Martin et al., 2011; Schacter et al.,
2007, 2012). In addition, damage to the hippocampus typically results in amnesia as
well as an inability to imagine future scenarios (Hassabis et al., 2007b; S. B. Klein et
al., 2002; Rosenbaum et al., 2005).

There are different theoretical accounts aimed at explaining the role of the
hippocampus in episodic simulation. The constructive episodic simulation
hypothesis (Addis, 2018; R. P. Roberts et al., 2017a; Schacter & Addis, 2007)
regards episodic simulation—both remembering and imagining—as an inherently
constructive process, in which the hippocampus integrates or binds memory details,
stored in the neocortex, into coherent scenarios. According to this account, all
episodic detail types (people, locations, objects, etc.) are bound together by the
hippocampus during episodic simulation. Evidence for this hypothesis comes from
fMRI studies showing that, while both remembering and imagining activate the
hippocampus, this effect is often greater when people are imagining novel scenarios
(e.g., Addis et al., 2007; for a meta-analysis see Benoit & Schacter, 2015). This
differential future-related activity is interpreted as episodic simulation requiring
a more intensive binding process: unlike memory, simulation requires a novel
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binding of memory details into an event not previously experienced. In addition,
the hippocampus has been implicated in perceptual, short-term memory, social
cognition, and language tasks that require binding (Covington & Duff, 2016; Duff
& Brown-Schmidt, 2012; Eichenbaum, 2015; A. C. H. Lee, Yeung, & Barense, 2012;
Montagrin, Saiote, & Schiller, 2018; Olson, Page, Moore, Chatterjee, & Verfaellie,
2006; Ranganath, Cohen, Dam, & D’Esposito, 2004), suggesting a general relational
processing function that can be recruited by cognitive functions beyond episodic
simulation.

The scene construction hypothesis (Hassabis & Maguire, 2007), on the other hand,
proposes that the primary role of the hippocampus is to construct coherent spatial
scenes in which imagined episodes take place. This hypothesis fits nicely with a
wealth of data—both in humans and animals—showing that the hippocampus plays
an important role in spatial navigation (Bird & Burgess, 2008). In addition, the
hippocampus has been linked to a phenomenon called boundary extension, in which
individuals remember seeing more of a spatial scene than was actually presented to
them (Maguire & Mullally, 2013; Mullally et al., 2012). This mental “adding in” of
spatial information that was not experienced further supports the notion that spatial
processing is a fundamental function of the hippocampus. However, it has been
argued that hippocampal involvement in spatial processing may in fact reflect more
fundamental, domain-general processes (Eichenbaum & Cohen, 2014; Mok & Love,
2019); a debate that remains ongoing.

Standard fMRI analyses, which are primarily concerned with discerning which brain
regions increase in activity in response to certain cognitive demands, have provided
independent support for—and largely failed to distinguish between—constructive
episodic simulation and scene construction hypotheses. For example, in a recent
meta-analysis focused on repetition suppression effects, H. Kim (2017) found that
the bilateral hippocampus showed higher repetition suppression for scene compared
to non-scene processing. This effect was not evident for face or object processing,
in line with the scene construction view. On the other hand, a broader review on
category specificity in the medial temporal lobe reported that scenes, as well as
faces and, to a lesser extent, objects are processed in the hippocampus (Robin et al.,
2019), which appears to align most closely to more general accounts of hippocampal
representations, such as the constructive episodic simulation hypothesis. One
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obstacle to progress is that most traditional fMRI approaches are only able to provide
indirect support for theories making predictions about neural representations,
because they typically deal with activations that are averaged across stimuli or trials.
This means they can be employed to investigate whether a brain region differentiates,
for example, between categories (e.g., between faces and houses), but not to examine
the representation of single exemplars within a category, such as a particular person
or location (for a broader discussion of this point see Kriegeskorte & Bandettini,
2007).

Multivariate pattern analysis (MVPA) methods are better suited to this kind of
endeavour. One of the most popular of these methods, called multivariate decoding,
involves relating patterns of brain activity to specific tasks or stimuli. Multiple
examples (trials) are used to train a machine learning classifier on features (patterns
of brain activity) to predict the classes (conditions or types of stimuli) to which these
examples belong (see Pereira et al., 2009 for a tutorial overview). Once trained, the
classifier is tested on a separate set of data to determine how accurately it can predict
class membership. If the classifier is able to predict the classes of previously unseen
data, it is inferred that there was a meaningful and consistent association relating the
features and classes, that is, that information about the classes was contained in the
features. In contrast, if the classifier performs at chance level at testing, the features
likely contained no information about the classes. In the context of neuroimaging,
we can thus use these methods to test whether information about specific stimuli,
categories, tasks, or conditions are represented in certain brain regions. Typically,
the analysis is either constrained to a predefined region of interest (ROI), or a
more exploratory searchlight approach is used (Kriegeskorte & Bandettini, 2007;
Kriegeskorte, Goebel, & Bandettini, 2006). In the former case, all voxels in the ROI
are used as features, resulting in one classification accuracy value that represents the
informational content of the whole region. In searchlight analyses, an information
map is constructed by moving around a sphere centred on every voxel in the brain
or within an ROI, conducting an MVPA analysis in the sphere for each centre voxel,
and assigning each voxel an accuracy value capturing the information present in the
surrounding sphere.

MVPA techniques have been successfully employed in episodic memory and
simulation research, showing, for example, that single episodic memories are
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distinguishable based on patterns in the hippocampus (Bonnici et al., 2012;
Chadwick et al., 2011; Chadwick, Hassabis, Weiskopf, & Maguire, 2010), or that the
hippocampus contains information about the temporal direction of simulated past
and future events (Kirwan, Ashby, & Nash, 2014). However, most of these studies
have investigated questions at the level of whole events, or categories of exemplars
(e.g., people vs locations), whereas we were interested in determining whether
the hippocampus represents information about specific event components, that is
exemplars within a category (e.g., person 1 vs person 2).

This research question makes the underlying assumption that the hippocampus is
not only involved in cortical reinstatement (i.e., the reactivation of content-specific
cortical representations present during encoding at the time of retrieval), but also
that activation patterns in the hippocampus itself can be related to detail-specific
reinstatement. While cortical reinstatement has received experimental support from
numerous MVPA studies (e.g., J. Chen et al., 2017; Kuhl & Chun, 2014; Lohnas et
al., 2018; Wing, Ritchey, & Cabeza, 2015), it remains more controversial whether the
hippocampus directly reflects features of the simulated event, or whether it instead
provides a sparser indexing code (Kesner &Rolls, 2015; Moscovitch, Cabeza,Winocur,
& Nadel, 2016; Sheldon & Levine, 2016; Teyler & DiScenna, 1986; Teyler & Rudy,
2007). In the latter case, it is unclear whether hippocampal patterns can be related
to specificities such as the identity of the person featuring in an imagined event.

To our knowledge, only three studies have investigated representational questions at
the level of event components, but, while evidence so far is inconclusivewith respect to
which theoretical account they support, they nonetheless suggest that it is possible to
decode relevant detail-level information from activation patterns in the hippocampus
during episodic simulation. In one study, the hippocampus was shown to contain
information about the spatial context, but not about other event content of recalled
episodic-like events (Chadwick et al., 2011), supporting the scene construction theory.
Similarly, another study found information about spatial context, but not about people
or objects, in the left posterior hippocampus, although no information about any event
details was found when looking at the whole hippocampus (Robin et al., 2018). In
contrast, a third study found information about spatial context as well as people being
represented in the hippocampus (Thakral et al., 2019), in line with the constructive
episodic simulation hypothesis.
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In the present study, we aimed to build on these mixed findings, to provide evidence
that further distinguishes between these two theoretical accounts. Participants
provided two familiar people and locations from their autobiographical memory,
and, during an fMRI scan, imagined multiple unique events containing one of the
people or one of the locations. This design allowed us to test whether information
about the identity of the people and/or locations was present in the hippocampus
during simulation, that is, whether a classifier can predict which person or which
location was part of the imagined event. According to the constructive episodic
simulation hypothesis, the hippocampus should be able to discriminate between
both categories of event details, whereas the scene construction hypothesis predicts
that hippocampal patterns are solely able to distinguish different locations.1 We
examined two different time points during the construction process (early and late),
as previous research suggests differential hippocampal mechanisms during early and
late phases of episodic simulation, with retrieval and related reinstatement effects
occurring earlier in the simulation process (Thakral, Benoit, & Schacter, 2017b, 2017a).
We also explored the representational content of regions beyond the hippocampus,
using a series of searchlight analyses. We hypothesised that, even if the hippocampus
is representationally indiscriminate, other regions reliably engaged during episodic
simulation may show detail specificity.

Methods

Participants

Thirty healthy young adults participated in this study, and provided informed
consent in a manner approved by The University of Auckland Human Participants
Ethics Committee. All participants were fluent in English, had no history of
neurologic or psychiatric conditions or use of psychotropic medications, and had not
participated previously in a study on episodic simulation. Data from four participants

1Like the majority of work in this area, we focus on the strong version of the scene construction
theory (i.e., that the hippocampus responds exclusively to spatial information), although we note a
recent softening of this claim (i.e., that the hippocampus responds primarily—but not exclusively—to
spatial information). For details, see Dalton, Zeidman, McCormick, & Maguire (2018) and Dalton &
Maguire (2017).
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were excluded (three participants did not complete the scanning session, and one
participant had extensive signal dropout in the hippocampus due to susceptibility
artefact). Thus, data from 26 individuals (aged 18-35 years, M = 24.92, SD = 4.59, 9
males) were analysed.

Procedure

The study consisted of two sessions (stimulus collection and experiment; see Figure
4.1). We used E-prime 2.0 (Psychology Software Tools, Pittsburgh, PA) to present
stimuli and collect responses.

Session 1: Stimulus collection

During a pre-scan session, participants generated details from their autobiographical
memory (people and locations). Each participant selected two people and two
locations with which they were particularly familiar (primary details), as well as an
additional 25 people and 25 locations (secondary details). For each detail, participants
provided familiarity (0 = unfamiliar; 3 = very familiar) and frequency of encounter
ratings (0 = about once a year; 3 = about once a day). Additionally, participants
rated the likelihood of co-occurrence of details for each person/location pair (0 =
unlikely; 3 = very likely). To create stimuli for the fMRI scan, each primary detail
was then paired with each of the 25 secondary details of the other category, as well
as a highly familiar action verb (selected from Brysbaert, Warriner, & Kuperman,
2014). This yielded 100 location-person-verb sets across four different trial types;
trials including the first primary person (P1), the second primary person (P2), the
first primary location (L1), or the second primary location (L2). Importantly, no
location-person-verb set was presented more than once across the experiment (each
primary detail was presented 25 times, each secondary detail was presented twice,
and each verb was presented four times, once with each of the primary details). Note
that we chose to pair each primary detail with each of the secondary details in order
to equate P1 and P2, as well as L1 and L2 trials in terms of familiarity and frequency
of encounter ratings of the details.
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Figure 4.1: Overview of session 1 (stimulus collection, cue creation) and session 2 (fMRI scan). During
session 1, participants provided two persons and two locations with which they were particularly
familiar (primary details), aswell as an additional 25 persons and 25 locations (secondary details). Each
primary detail (P1, P2, L2, and L2) was then paired with each of the 25 secondary details of the other
category, as well as a highly familiar action verb for session 2. During session 2, participants completed
the fMRI scan. An example episodic simulation trial and null trial are shown in the figure. In each
episodic simulation trial, participants imagined future events involving all three details presented on
the screen. After each trial, participants rated how vividly they imagined the person and the location
as part of the event.

Session 2: fMRI scan

During the second session, participants completed the fMRI scan. We used the
episodic recombination paradigm (Addis et al., 2009; see cognitiveatlas.org/task/id/
trm_59ed1f7a0ac9c for a basic description). In this paradigm, participants imagine
future events in familiar spatial contexts and involving themselves interacting with
familiar components, in this case a person. In the experiment, participants saw
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a screen with an instruction (“imagine future”), as well as a person-location-verb
detail set (the order of the details on the screen was randomised).2 Participants were
instructed to generate a novel future event that included all three details presented on
the screen, that might occur in the next five years, and that was specific (i.e., lasting
minutes and hours but not more than a day). Participants made a button press when
they had an event in mind, after which they continued to elaborate on the event
for the remainder of the trial. Following each simulation trial, participants made
two ratings on five-point scales (each shown for 4 seconds) using an MR-compatible
response box, to indicate how vividly they imagined the person and the location in
the imagined scenario (0 = wrong person/location; 1 = low; 4 = high; presented for 4
seconds each).

During a practice session directly before scanning, participants completed 4 episodic
simulation trials (one of each trial type); the remaining 96 trials were used during
the scan. The fMRI scan consisted of six runs (each comprising 219 volumes) during
which four trials of each trial type (P1, P2, L1, L2) were presented (i.e., 16 trials per
run, 96 trials in total per participant). Each episodic simulation trial was 19 seconds
long (1 second fixation to prepare participants for the upcoming trial, 10 seconds for
construction and elaboration of the events, and 2 x 4 seconds for vividness ratings). A
variable number of null trials with a duration of 1.6 s each were presented between
each episodic simulation trial (range of null trial time between episodic simulation
conditions: 4.8 s-11.2 s, M = 8 s). We used an odd/even judgement task instead of
fixation to a crosshair tominimise activation of the default mode network, andOptseq
2.0 (Dale, 1999) to optimise the jitter of the null trials for our event-related design.

In addition to measuring behaviour with in-scanner vividness ratings for the person
and location featuring in each imagined scenario, we also conducted a post-scan
interview immediately following the scan. Participants were provided with each
person-location-verb set and were asked to provide a brief description of the scenario
they imagined in the scanner. The interviews were used to verify that participants
imagined specific and future events during the experiment, with the correct persons
and locations.

2In decoding analyses, there is a risk of decoding aspects of the task or behaviour that are not of
interest, such as perceptual processing of the words presented on the screen or motor responses. In
order to minimise this risk, we used two different font faces for presenting the stimuli on the screen.
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MRI Acquisition Parameters and Preprocessing

MRI data was acquired on a 3T Siemens MAGNETOM Skyra scanner with a 32-
channel head coil. A structural T1-weighted image was acquired using an MP-RAGE
sequence (TR = 1900 ms, TE = 2.13 ms, flip angle = 9◦, FOV = 240 mm, matrix size =
176 x 256 x 256 mm3, slice thickness = 0.9 mm). Additionally, a field map (TR = 626
ms, TE = 4.92 ms/7.38 ms, flip angle = 60◦, FOV = 220 mm, matrix size = 64 x 64 x 60
mm3, slice thickness = 2.4 mm) was acquired to correct for distortions of the magnetic
field. Whole-brain functional scans were acquired using a T2*-weighted echo-planar
imaging (EPI) sequence. We collected 60 oblique axial slices, oriented ~20◦ off the
AC-PC axis (TR = 2000 ms, TE = 29 ms, flip angle = 73◦, FOV = 220 mm, matrix size =
110 x 110 x 60 mm3, slice thickness = 2 mm, no interslice gap, multiband acceleration
factor = 2, GRAPPA factor = 2; sequence adapted from Schlichting et al. (2015)).

Results included in this manuscript come from preprocessing performed using
fMRIPREP v1.0.0-rc12 (Esteban et al., 2018a, 2018b, RRID:SCR_016216), a
Nipype (Gorgolewski et al., 2011, 2018, RRID:SCR_002502) based tool. Each
T1w (T1-weighted) volume was corrected for INU (intensity non-uniformity)
using N4BiasFieldCorrection v2.1.0 (Tustison et al., 2010) and skull-stripped using
antsBrainExtraction.sh v2.1.0 (using the OASIS template). Brain surfaces were
reconstructed using recon-all from FreeSurfer v6.0.1 (Dale, Fischl, & Sereno, 1999,
RRID:SCR_001847), and the brain mask estimated previously was refined with
a custom variation of the method to reconcile ANTs-derived and FreeSurfer-
derived segmentations of the cortical gray-matter of Mindboggle (A. Klein et
al., 2017, RRID:SCR_002438). Spatial normalisation to the ICBM 152 Nonlinear
Asymmetrical template version 2009c (Fonov, Evans, McKinstry, Almli, & Collins,
2009, RRID:SCR_008796) was performed through nonlinear registration with the
antsRegistration tool of ANTs v2.1.0 (Avants, Epstein, Grossman, & Gee, 2008,
RRID:SCR_004757), using brain-extracted versions of both T1w volume and template.
Brain tissue segmentation of cerebrospinal fluid (CSF), white-matter (WM) and
grey-matter (GM) was performed on the brain-extracted T1w using fast (Zhang,
Brady, & Smith, 2001, FSL v5.0.9, RRID:SCR_002823).

Functional data was slice time corrected using 3dTshift from AFNI v16.2.07 (Cox,
1996, RRID:SCR_005927) and motion corrected using mcflirt (FSL v5.0.9; Jenkinson,

83



Bannister, Brady, & Smith, 2002). Distortion correction was performed using an
implementation of the TOPUP technique (Andersson, Skare, & Ashburner, 2003)
using 3dQwarp (AFNI v16.2.07; Cox, 1996). This was followed by co-registration to
the corresponding T1w using boundary-based registration (Greve & Fischl, 2009)
with 9 degrees of freedom, using bbregister (FreeSurfer v6.0.1). Motion correcting
transformations, field distortion correcting warp, BOLD-to-T1w transformation
and T1w-to-template (MNI) warp were concatenated and applied in a single step
using antsApplyTransforms (ANTs v2.1.0) using Lanczos interpolation. Many internal
operations of FMRIPREP use Nilearn (Abraham et al., 2014, RRID:SCR_001362),
principally within the BOLD-processing workflow. For more details of the pipeline
see fmriprep.readthedocs.io/en/latest/workflows.html.

After preprocessing, we performedmanual ICA denoising of the functional images in
FSLeyes (McCarthy, 2018) using FSL’s MELODIC and fsl_regfilt, following the criteria
described in Griffanti et al. (2017).

Data Analysis

We excluded trials from analysis if response times were too fast for participants to
read the instructions on the screen (< 500ms; based on previous experiments using the
same paradigm), if the wrong primary detail was imagined, as indicated by a rating
of ‘0’ for the corresponding vividness rating, or if no specific events were generated
(see Results section for the proportion of trials excluded for each trial type).

Behavioural data

As our main interest was to contrast P1 with P2 trials, and L1 with L2 trials within
participants, and we did not have conditions that were meaningful on a group
level (e.g., there was no difference between P1 and P2 trials apart from them
featuring different primary people), we did not perform any group-level tests on
the behavioural data. For descriptive purposes, we aggregated the data for each
participant, calculating median response times and mean ratings. To describe
differences between person trial types and between location trial types, we then
calculated absolute differences inmean response times and vividness ratings between
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P1 and P2 trials as well as between L1 and L2 trials across participants. We did the
same for familiarity, frequency of encounter, and likelihood of co-occurrence ratings
from session 1.

fMRI data

We used SPM12 (Friston, Ashburner, Kiebel, Penny, & Nichols, 2007) to create
univariate models, and nilearn v0.5.0 (Abraham et al., 2014) and Scikit-learn
(Pedregosa et al., 2011) for all decoding analyses.

Univariate analyses

To investigate which regions were active during episodic simulation relative to our
control task, we conducted a univariate analysis on the images. For this analysis,
we additionally smoothed the images using an isotropic Gaussian kernel of 8 mm at
full-width half maximum (FWHM). We created two general linear models (GLMs),
using the event-related canonical haemodynamic response model in SPM12. The
models differed in which time point during event simulation we modelled: in the
early time point model, we modelled the beginning of the construction phase (trial
onset); in the late time point model, we modelled the end of the construction phase
(two seconds before participants pressed the button to indicate that they had an event
in mind; similarly to Addis et al. (2007)). Both GLMs included one regressor each
for the four episodic simulation trial types. We also included vividness ratings and
dropped trials as two regressors of no interest. For each participant, the first-level
models were created in native space. The resulting con images (episodic simulation
> control) were then registered to MNI space using antsApplyTransforms (ANTs v2.1.0),
where we conducted group-level one-sample t-tests. The resulting T maps were FWE-
corrected to maintain a false positive rate of 5%.

In addition to examining the brain activity during early and late event construction,
we also used these T maps to create masks as a feature-selection step for the decoding
analyses, to restrict analyses to those brain areas that were (most) active during
episodic simulation.
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Decoding analyses

To obtain activation patterns for our decoding analyses, we estimated GLMs
from the unsmoothed functional images in native space using an LS-S (least
squares - separate) approach (Abdulrahman & Henson, 2016; Mumford, Turner,
Ashby, & Poldrack, 2012), using scripts available at github.com/tsalo/misc-fmri-
code/tree/eecc2f52834ef4ac147bd9421bf0a 5805502624c/lss. In this approach, each
trial’s estimate is obtained through a separate model that includes a regressor for
the trial and one for all other trials as well as regressors of no interest. As for the
univariate analyses, we created two models to capture the early and late construction
phase. This resulted in 96 beta maps per participant (24 for each episodic simulation
trial type) per model, which we used as examples for all decoding analyses (ROI and
searchlight).

For each of the decoding analyses, we were interested in two different binary
classifications to determine whether we can discriminate between events involving
the two primary people, and between events involving the two primary locations
(i.e., P1 vs P2, and L1 vs L2). We used a Linear Discriminant Analysis (LDA)
classifier with shrinkage, which is suitable for instances where the number of features
(voxels) is higher than the number of examples (trials), and which has been shown
to perform best on fMRI data among a range of classifiers (Pereira & Botvinick,
2011). We furthermore used a leave-one-run-out cross-validation procedure, training
the classifier on examples from five runs, and testing it on examples from the
remaining run. Classifier performance was assessed using the area under the receiver
operating characteristic curve (AUROC). An ROC curve plots the true positives (i.e.,
sensitivity) against the false positives (i.e., 1 - specificity) of a binary classification,
as its discrimination threshold is varied. The area under this curve indicates how
well the model is able to distinguish between two classes (e.g., between P1 and P2),
where a value of .5 means that the model has no class separation capacity, that is, it is
performing at chance. The higher the AUROC, the better the model is at classifying
the classes correctly.

We conducted three different sets of decoding analyses: two series of analyses in ROIs
within the hippocampus, as well as a series of searchlight analyses conducted within
the network of brain regions active during episodic simulation, as identified by the
univariate analyses.
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ROI analyses: Anatomically-defined hippocampal subdivisions

Our main analysis of interest was a series of decoding analyses within the
hippocampus to test whether information about people or locations is represented in
the whole, or in subdivisions of the hippocampus during episodic simulation. The
rationale was that if the hippocampus—or subdivisions within the hippocampus—
represent information about specific event details, we should be able to decode from
hippocampal activation patterns which person (i.e., P1 vs P2) or location (i.e., L1 vs
L2) featured in a given event. We examined activation patterns in the whole left and
right hippocampus, and in anatomically-defined subdivisions of the hippocampus,
based on the rationale that the representations might be more localised within the
hippocampus.

To obtain whole hippocampal masks, we segmented T1-weighted scans in native
space using FSL’s FIRST (Patenaude, Smith, Kennedy, & Jenkinson, 2011). To obtain
masks for the subdivision analyses, we segmented the hippocampusmasks into head,
body, and tail, based on FreeSurfer’s hippocampal subfield segmentation (Iglesias et
al., 2015) with manual corrections. For all ROI analyses, we assessed the classification
results by performing one-sample t-tests against chance (.5) on the resulting AUROC
values.

ROI analyses: Functionally-defined hippocampal subdivisions

Wealso conducted a second series of ROI analyses, to gainmore information about the
nature of hippocampal representations. Instead of anatomically defining the regions,
we used functional constraints, by restricting the analyses to the most informative
voxels in the hippocampus. The rationale for this approach was that patterns in the
hippocampus that represent information about the content of episodic simulations do
not necessarily have to be contiguous—as is assumedwhen anatomically constraining
ROIs—and that the patternsmight not have to be consistent with regard to the specific
anatomical location across participants. To obtain masks for this analysis, we selected
the voxelswith the highest t-values fromeach participant’s first-level univariatemodel
within the hippocampus. We varied the number of voxels included in the masks,
looking at the top 2.5%, 5%, 10%, 20%, and 50% of the most informative voxels, to
simultaneously explore the spatial extent of the representations. We conducted all
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analyses in the left and right hippocampus separately.

Searchlight analyses

We also ran a series of searchlight analyses to identify which regions across the brain
beyond the hippocampus represented information about people and/or locations
during episodic simulation. We used spherical searchlights with a radius of 5.6
mm and 10 mm, respectively, to additionally examine the spatial extent of the
represented information in the brain, and potential differences between episodic
detail types. This resulted in eight different searchlights—2 categories (people and
locations), 2 models (early and late construction), and 2 searchlight sizes (5.6 and 10
mm)—which were conducted within the corresponding episodic simulation network
identified by our second-level univariate analyses. The masks were projected from
MNI space, where they were created from the group-level univariate maps, back into
each participant’s native space using antsApplyTransforms (ANTs v2.1.0) with Lanczos
interpolation, to run the searchlight analyses. From the searchlights we created
maps of AUROC values, which we then registered back to MNI space and smoothed
with an isotropic Gaussian kernel of 5 mm at FWHM. The resulting maps were
entered into group-level analyses, conducted using FSL’s randomise for voxel-wise
permutation t-tests with threshold-free cluster enhancement (TFCE; Smith &Nichols,
2009), which has been shown to lead to fewer false positives than other clusterwise
methods (Eklund, Nichols, & Knutsson, 2016). All reported results are corrected for
multiple comparisons to maintain a family-wise error rate of 5%.

Results

The analysed data included 97.36% (SD = 3.82%) of all trials (P1: M = 98.24%, SD =
3.16%; P2: M = 96.47%, SD = 7.24%, L1: M = 97.12%, SD = 5.11%; L2: M = 97.60%,
SD = 3.94%). Descriptive statistics for the variables of interest from the experiment
and for session 1 ratings are presented in Table 4.1. Importantly, primary people and
locations were highly familiar and frequently encountered (at least once a week). The
events imagined during the experiment were vivid—with average ratings for both
people and locations of approximately 3 on a scale from 1 to 4.
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Table 4.1: Means (standard deviations) for all session 2 outcome variables and session 1 ratings.

Outcome variables Across all trial types Absolute mean
difference between
P1 and P2 trials

Absolute mean
difference between
L1 and L2 trials

Experiment
Response time (s) 3.40 (0.93) 0.18 (0.15) 0.21 (0.16)
Vividness rating person 2.94 (0.46) 0.18 (0.12) 0.21 (0.15)
Vividness rating location 2.92 (0.48) 0.16 (0.12) 0.19 (0.15)

Session 1 primary people
Familiarity 2.96 (0.14) 0.08 (0.27) -
Frequency of encounter 2.81 (0.29) 0.31 (0.47) -

Session 1 primary locations
Familiarity 2.85 (0.31) - 0.15 (0.37)
Frequency of encounter 2.50 (0.47) - 0.46 (0.51)

Session 1 secondary details
Familiarity 2.31 (0.34) 0.03 (0.03) 0.03 (0.03)
Frequency of encounter 1.69 (0.40) 0.05 (0.04) 0.04 (0.04)
Likelihood of co-occurrence 0.87 (0.31) 0.27 (0.28) 0.27 (0.26)

Note. Vividness ratings were made on a scale from 1 (low) to 4 (high); a 0 indicated that the wrong
person/location was imagined. Session 1 ratings were made on a scale from 0 (low) to 3 (high).

Univariate Analyses

Using the fMRI data, we first conducted a univariate analysis to identify regions that
were involved in the simulation of future events early and late in the construction
process. We found activation of the typical core episodic simulation network,
including medial temporal and prefrontal lobes, posterior cingulate and precuneus,
and lateral parietal and temporal regions (see Figure 4.2). There was substantial
overlap between the two timepoints, with brain activation late during the construction
process being more extensive and pronounced compared to early on.
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 A) Early  B) Late

Figure 4.2: Univariate analysis of episodic simulation, early and late during the event construction
process. Coloured regions are those in which activation was significantly greater during episodic
simulation compared to the control task. The figure was created using BrainNet Viewer (Xia et al.,
2013; RRID:SCR_009446).

ROI Decoding Analyses

The main question in this study was whether information about people and locations
is present in the hippocampus during the construction of episodic simulations.
To test this, we trained one classifier to distinguish between P1 and P2 trials, and
another one to distinguish between L1 and L2 trials. We conducted three series
of ROI analyses, examining patterns in the whole left and right hippocampus,
in anatomically-defined subdivisions (hippocampal head, body, and tail), and
functionally-defined subdivisions.

Whole hippocampus

When using patterns from the whole left and right hippocampus, classification
accuracy was not significantly above chance for people or locations, neither early,
nor late during the construction process (see Supplementary Material for details and
figures).
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Anatomically-defined hippocampal subdivisions

To test whether people and locations are represented in smaller subdivisions along
the hippocampal long axis, we also trained classifiers in left and right hippocampal
head, body, and tail. Here, we found above-chance classification for people in the left
hippocampal body early (M = 0.56, p = .003) and late in the construction process (M =
0.54, p = .046; see Figure 4.3). For locations, classification was above chance in the left
hippocampal body (M = 0.55, p = .029) and in the left hippocampal tail (M = 0.55, p =
.030) late in the construction process (see Figure 4.3; plots for non-significant results
can be found in the Supplementary Material).

A) Early B) Late

Figure 4.3: Anatomically-defined hippocampal subdivisions (indicated by top row) that represented
people (teal) or locations (orange), early (A), or late (B) during the construction process. The grey
dashed line represents chance level (.5). Shrinkage LDA classifiers were used for the decoding analyses,
and classifier performance across participants was assessed using one-tailed one-sample t-tests against
chance. The figure was created using BrainNet Viewer (Xia et al., 2013; RRID:SCR_009446) and
hippocampal parcellations from Plachti et al. (2019).

Functionally-defined hippocampal subdivisions

In an additional series of ROI analyses, we restricted the fMRI patterns to the most
informative voxels in the left and right hippocampus, as determined by the t-values
of the first-level univariate models. This approach was based on the rationale that
hippocampal representations do not have to be spatially contiguous. We varied
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the spatial extent of the patterns from the top 2.5% of voxels to the top 50%. We
found above-chance classification for people early in the construction process, using
the top 10% and 20% of voxels in the left hippocampus, and for locations late in
the construction process, using the top 20% and the top 50% of voxels in the left
hippocampus (see Figure 4.4). None of the classifiers in the right hippocampus
performed significantly above chance.

A) Early

B) Late

Top 10%

Top 20%

Top 20%

Top 50%

Figure 4.4: Functionally-defined hippocampal subdivisions (left hemisphere) that represented
information about people (teal) or locations (orange), early (top) or late (bottom) in the construction
process. Shrinkage LDA classifiers were used for the decoding analyses, and classifier performance
across participants was assessed using one-tailed one-sample t-tests against chance. Left: classifier
performance; grey dashed line represents chance level (.5). Classifiers performing significantly above
chance are denoted by an asterisk. Right: heatmaps of the voxels contributing to the analysis across
participants for those analyses that resulted in above-chance decoding.
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Searchlight Analyses

To identify regions beyond the hippocampus that contained information about
people or locations, we conducted a series of searchlight analyses within episodic
simulation masks created from the univariate analyses. We trained classifiers to
distinguish between people and between locations, early and late in the construction
phase, within smaller (5.6 mm radius) and larger spheres (10 mm radius). Both 10
mm searchlights aiming to classify locations revealed clusters located in posterior
cortical regions (see Figure 4.5; local maxima are reported in supplementary tables
S1 and S2). Early in the construction process, the network included the intracalcarine
cortex, lateral occipital cortex, occipital pole, and occipital fusiform gyrus. Late in
the construction phase, we found two posterior clusters, with the main cluster being
located in the precuneus cortex, extending into the supracalcarine cortex and lingual
gyrus, and another cluster in the occipital pole. We did not find any regions that
represented information about people, and none of the 5.6 mm searchlights resulted
in any significant clusters, after multiple comparison correction.

 A) Early  B) Late

Figure 4.5: Regions containing information about the location in which the imagined event took
place. Results are from the 10 mm searchlights using shrinkage LDA classifiers. The figure shows
the significant t-values resulting from the group-level permutation test on the participants’ searchlight
maps after correction for multiple comparisons. Coloured regions are those where the classifier
performed significantly above chance across all participants. The figure was created using BrainNet
Viewer (Xia et al., 2013; RRID:SCR_009446).
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Discussion

The aim of this study was to investigate the representational content of the
hippocampus during the construction of episodic simulations. While the critical
involvement of the hippocampus in episodic memory and simulation is well
established, its representational content—and especially neural representations of
different detail types that are part of simulated events—have been studied less.
Competing theoretical frameworks make different predictions about what type of
episodic details are processed in the hippocampus during the construction of episodic
simulations; while some hold that the hippocampus represents space (e.g., scene
construction theory; Hassabis & Maguire, 2007), others confer that the hippocampus
integrates all event components, irrespective of detail type (e.g., constructive episodic
simulation hypothesis; Addis, 2018; R. P. Roberts et al., 2017a; Schacter & Addis,
2007). We aimed to differentiate between these predictions directly, testing whether
the hippocampus only represents spatial information of episodic simulation, or
whether it also contains information about other episodic detail types (in our case,
people). In a series of multivariate decoding analyses, we examined neural patterns
from early and late time points during future event construction, in different ROIs
within the hippocampus. We also conducted searchlight analyses to identify regions
beyond the hippocampus that show detail specificity.

Our experimental task elicited brain activity in the typical episodic simulation
network (Addis et al., 2009; Andrews-Hanna et al., 2014; Beaty et al., 2018; Benoit &
Schacter, 2015; Buckner & Carroll, 2007; Hassabis & Maguire, 2007; Hassabis et al.,
2007a; Konishi et al., 2015; Schacter et al., 2007, 2012; Spreng et al., 2009; Stawarczyk
& D’Argembeau, 2015), with clusters being slightly more extensive and pronounced
late in the construction process. When looking at whole hippocampal patterns, we
did not find any information about people or locations. However, when looking at
smaller subregions within the hippocampus, we found that early in the construction
phase, the left hippocampal body contained information about people, and late in the
construction phase, the same structure contained information about both people and
locations. Late during construction, information about locations was also present
in the left hippocampal tail. When constraining the patterns functionally, by using
only the most informative voxels in the hippocampus, we found that early during
construction, information about people was represented in the top 10% and 20% of
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voxels in the left hippocampus. Late during construction, information about locations
was present in the top 20% and 50% of voxels in the left hippocampus. Searchlight
analyses within the episodic simulation network revealed that information about
locations was also contained in several posterior cortical regions, including the
precuneus, intracalcarine cortex, lateral occipital cortex, and occipital pole, both early
and late during event construction.

Our hippocampal ROI analyses resulted in three main findings: (i) both spatial
(locations) and non-spatial (people) information was present in the hippocampus
during episodic simulation, (ii) information about event details in the hippocampus
was strictly left-lateralised and localised to mid and posterior portions of the
hippocampus, regardless of detail type and construction phase, and (iii) information
about spatial context tended to be represented later, and was represented in a larger
proportion of the hippocampus, compared to persons. We discuss each of these
findings below.

Our result that information about both locations and people was represented by the
hippocampus during episodic simulation is contrary to what the scene construction
theory predicts. Instead, it suggests that representations in the hippocampus are
category-agnostic, supporting accounts focused on general relational processing
mechanisms, such as the constructive episodic simulation hypothesis. While
there have been reports on the hippocampus representing the spatial context
of remembered or imagined events exclusively (Chadwick et al., 2011; Robin et
al., 2018), this study is not the first to find other event details represented in the
hippocampus. A recent study, for example, provides evidence for reinstatement of
locations and people in the hippocampus during episodic simulation (Thakral et al.,
2019). Similarly, the hippocampus has been shown to differentiate between locations
as well as between people during a free-viewing movie paradigm (Milivojevic,
Varadinov, Vicente Grabovetsky, Collin, & Doeller, 2016), and to be responsible for
content-general relational memory retrieval (Hannula et al., 2013). Results such
as these are also in line with emerging, more nuanced views of scene construction
and non-scene associative processes (Dalton et al., 2018), and the field’s increasing
interest in unifying spatial and relational processing accounts of the hippocampus
more generally (e.g., Konkel & Cohen, 2009; Whittington et al., 2019).

Information about event details being represented in mid and posterior portions
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of the left hippocampus dovetails with research suggesting that retrieval and
reinstatement of specific, episodic information occurs in the posterior hippocampus
(Dimsdale-Zucker, Ritchey, Ekstrom, Yonelinas, & Ranganath, 2018; Robin et al.,
2018; Schlichting et al., 2015). In contrast, it has been suggested that towards the
offset of events, when the events are encoded, integration across memories occurs in
the anterior hippocampus (Nielson et al., 2015; Schlichting et al., 2015; Thakral et al.,
2017b). Along very similar lines, recent work suggests a gradient of representation
specificity along the hippocampal long axis, with detailed, local representations in
the posterior hippocampus, and generalised, global representations in the anterior
hippocampus (Collin et al., 2015; Evensmoen et al., 2013; Frank et al., 2019; Nadel,
Hoscheidt, & Ryan, 2013; Robin & Moscovitch, 2017a; Sheldon & Levine, 2016).
While our results cannot speak to the encoding of the events, memory integration, or
global representations more broadly, they do further support the notion that the left
posterior hippocampus represents specific event details that are reinstated during
retrieval. It remains to be determined whether person and location representations
truly overlap in the hippocampus with regard to its anatomical location, or whether
our approach was still too coarse to identify differences on a smaller scale. Given
recent high-resolution fMRI work, suggesting that distinct hippocampal subfields
represent different types of information (Bakker, Kirwan, Miller, & Stark, 2008;
Dalton & Maguire, 2017; Dalton et al., 2018; Dimsdale-Zucker et al., 2018; Kyle et
al., 2015; Schlichting, Zeithamova, & Preston, 2014), it is likely that high-resolution
follow-up work will provide important insights with regard to this point.

The final observation from our ROI analyses was that information about spatial
context tended to be present later during event construction than information about
people, and that distributed patterns of activity associated with spatial context were
bigger compared to those associated with person representations. Given that both of
the time points we examined were part of the initial construction of the events, which
generally occurred during the first half of the trial, the temporal difference could
reflect spatial context taking longer to construct than people. We do not have data
to test this hypothesis in this study; however, it is in line with behavioural evidence
for the construction of spatial contexts being slower than the construction of person
details (Study 1 and Study 2; Wiebels et al., 2019), and could be due to the fact that
location representations are more complex or elaborate than person representations.
Spatial context representations presumably also make up a larger proportion of
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the complete event representation, which is consistent with our finding that spatial
context representations were associated with larger distributed patterns of activity.

Our searchlight analyses revealed that locations were also represented beyond the
hippocampus, in a network of posterior cortical regions, which overlapped largely
with regions implicated in the processing of scenes (Auger et al., 2012; R. A. Epstein
& Baker, 2019; Hannula et al., 2013; Hodgetts et al., 2016; M. Kim & Maguire, 2018;
Persichetti & Dilks, 2019; Robin et al., 2018; Staresina et al., 2013; Szpunar et al.,
2014; Vann et al., 2009; Zeidman et al., 2015). We did not, however, find information
about people in extra-hippocampal regions, even though a study similar in aim and
methods to the present one did identify a network of regions representing people,
as well as objects (Robin et al., 2018). There are several explanations that might
account for this discrepancy. One explanation could simply be a lack of power in
our study, given the relatively low number of training examples, in combination
with the multiple comparison correction that is required for searchlight analyses,
contrary to more theoretically targeted ROI analyses. A more fundamental reason
might be that in previous studies, the events overlapped more, or were based on
episodic memories, whereas in the present study, each imagined event was novel
and contained a different combination of details. This design difference perhaps
resulted in less stable neural representations compared to studies investigating more
overlapping, or even repeated instances of the same events. It is also possible that in
our study, neural representations of people were not as stable as those of locations
in general, because, while locations were presumably always highly similar across
events, representations of people might have been more variable. For example,
people performed different actions in each event, as prescribed by our design, and
might also have changed in terms of, for instance, external appearance or displayed
emotion. Constraining representations of person details in a more principled way
will provide insights into whether this hypothesis is true, or whether there is a more
fundamental reason why we did not observe people being represented in regions
beyond the hippocampus.

Note that our inferences are limited to the detail types we examined in our study—
people and locations. It could be argued that this contrast does not strictly reflect
the spatial versus non-spatial distinction, given that people are also made of spatial
elements and that they have a position in space—in contrast to event components
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such as actions or emotions (for a broader discussion see also Ekstrom & Ranganath,
2017). It will be insightful to investigate truly non-spatial components of episodic
simulations, such as actions, emotions, or time. While research suggests that temporal
aspects of episodic memories are represented in the hippocampus (Nielson et al.,
2015), actions have not been decodable from hippocampal patterns (Chadwick et al.,
2011), so more focused studies will be helpful to shed light on this question. It will
also be interesting to extend our findings to aspects of episodic simulation that we
were unable to examine in the present study, such as how representations of event
details relate to memory accuracy.

In conclusion, our results suggest that both spatial and non-spatial event details are
represented in the left posterior hippocampus during the construction of episodic
simulations, supporting theoretical accounts based on general relational processing
mechanisms, and previous reports implicating the left posterior hippocampus in
general retrieval and reinstatement processes.
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Supplementary Material

Table S1: Local maxima of brain regions in which activation was significantly greater during episodic
simulation compared to the control task during early construction.

Brain region Coordinates t-value

x y z

Occipital pole 14 -88 2 4.22
extending into occipital fusiform gyrus 26 -77 -12 4.04

Occipital pole -15 -89 -6 5.47
Intracalcarine cortex -19 -72 10 4.00
Lateral occipital cortex -29 -79 21 4.26
Intracalcarine cortex -15 -75 3 3.85

Table S2: Local maxima of brain regions in which activation was significantly greater during episodic
simulation compared to the control task during late construction.

Brain region Coordinates t-value

x y z

Precuneus cortex 14 -88 2 4.22
extending into intracalcarine cortex 26 -77 -12 4.04
extending into lingual gyrus -15 -89 -6 5.47
extending into lingual gyrus -19 -72 10 4.00
extending into intracalcarine cortex -29 -79 21 4.26
extending into intracalcarine cortex -15 -75 3 3.85

Occipital pole -16 -90 -6 4.82
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Figure S1: Anatomically-defined hippocampal subdivisions that represented people (teal) or locations
(orange), early during the construction process. The grey dashed line represents chance level (.5).
Shrinkage LDA classifiers were used for the decoding analyses, and classifier performance across
participants was assessed using one-tailed one-sample t-tests against chance.
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Figure S2: Anatomically-defined hippocampal subdivisions that represented people (teal) or locations
(orange), late during the construction process. The grey dashed line represents chance level (.5).
Shrinkage LDA classifiers were used for the decoding analyses, and classifier performance across
participants was assessed using one-tailed one-sample t-tests against chance.
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5
General Discussion

The overall aim of the work presented in this thesis was to provide an analysis of the
constructive processes at play during episodic simulation, in terms of behavioural and
phenomenological characteristics, as well as underlying neural representations. We
focused on two theoretical accounts of episodic simulation: the constructive episodic
simulation hypothesis (Schacter & Addis, 2007) and the scene construction theory
(Hassabis & Maguire, 2007). These accounts make conflicting predictions about a
range of behavioural and neural mechanisms, especially with regard to the centrality
ascribed to different episodic detail types. Studies designed to directly compare
these theoretical accounts had been sparse, despite having important implications for
episodic memory and episodic simulation, as well as for hippocampal function more
generally. Direct implications of the findings of each study were discussed in detail
in the respective chapters. In this final chapter, I therefore focus on synthesising
findings across studies, and discussing broader implications for theoretical accounts
of episodic memory, episodic simulation, and hippocampal function. I also highlight
open questions and future directions that might be of interest to the field.
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Summary of Results

Study 1: In Study 1, we examined the extent towhich the process of constructing future
event representations is influenced by (i) an event having been previously constructed,
and (ii) the types of details comprising the event. Participants repeatedly constructed
events and we measured how construction times and a range of phenomenological
ratings changed across repetitions. In Experiment 1, we contrasted the construction
of past and future events and found that, relative to past events, the constructive
demands associated with future events are particularly heightened when these
events are imagined for the first time. When initially imagined, future events took
substantially longer to construct despite being less detailed than past events, but
with repetition, future events and past events became increasingly similar in terms
of construction times and incorporated detail. Experiment 1 thus demonstrated
that, relative to past events, the constructive demands associated with future events
are particularly heightened when these events are imagined for the first time, that is,
when unique sets of details are integrated into novel representations. This effect
was even more pronounced for implausible future events. These findings indicate
that constructive demands may reflect differences in associative strength, rather
than fundamental differences between episodic memory and episodic simulation.
We suggested that it is likely that these increased demands are driving many of the
effects reported in the literature, as participants typically imagine future events from
scratch.

In Experiment 2, we investigated whether these initial, heightened demands are
driven by specific event components. Participants imagined future events involving
two memory details (person, location) and then reimagined the event either i) exactly
the same, ii) with a different person, or iii) in a different location. We predicted that
if generating spatial information is particularly important for event construction, a
change in location will have the greatest impact on constructive demands. Results
showed that the construction of a spatial context influenced construction times more
than person details, despite not differing in subjective difficulty or incorporated detail.
Moreover, events that differed only with respect to spatial context were perceived as
less similar than events that differed only in person, further supporting the notion
that spatial context constitutes a defining feature of the event. These results are
consistent with theories highlighting the central role of spatial processing in episodic
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simulation. We proposed, however, that an alternative explanation could be that
spatial contexts are simply more elaborate in nature, consisting of more elements that
have to be bound together by relational processing, and therefore resulting in greater
relational processing demands.

Study 2: Building on the findings of Study 1, the aim of Study 2 was twofold. First, we
sought to conceptually replicate the above results within the context of a different
experimental paradigm. Second, we aimed to extend these findings in two ways,
testing (i) whether spatial context is added spontaneously to event representations
even when participants are explicitly instructed not to, providing an indication of the
extent towhich spatial context is a necessary event constituent; and (ii)whether spatial
and non-spatial details are differentially recalled. To this end, we used a design that
required participants to imagine one event component (location or person) in isolation
first, and then imagine an autobiographical future event by integrating another event
component (person or location) into the existing representation. On a later cued-
recall test, location or person cues from both phases (isolation, integration) were used
as a cue and participants recalled the second event component from that episodic
simulation.

Analyses demonstrated that spatial context took longer to construct than person
details, but the resulting simulations did not differ in subjective difficulty and
detail vividness, directly replicating findings from Study 1. Locations also served as
superior recall cues, supporting the idea that spatial context might be a more defining
constituent of imagined events relative to person details. Finally, we found some
evidence for spatial context being spontaneously added to event representations,
although this was only the case in about a third of the trials, and did not occur more
frequently than the spontaneous addition of person details. Nevertheless, exploratory
analyses indicated that on trials in which a spatial context was spontaneously added,
subsequent event construction was slower and more difficult. Aligning closely
with Study 1 findings, these results support a central role of spatial context, but
also provide further evidence that the difference between spatial context and other
event components may not be one of kind, but simply of representation complexity
that modulates relational processing demands. This interpretation was further
supported with an additional finding from Study 2, showing that it was slower and
more difficult to integrate event components into an existing representation than to
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imagine event components in isolation.

Study 3: After characterising contributions of spatial and non-spatial event
components to event construction behaviourally, we turned to underlying neural
representations in Study 3, with a focus on hippocampal mechanisms. To determine
the type of mental content represented by the hippocampus while imagining
future scenarios, we used a series of multivariate decoding analyses. We were
particularly interested in contrasting spatial (locations) and non-spatial (people)
details. Participants imagined two people and two locations across multiple events,
allowing us to test whether information about the identity of these people and/or
locations was present in the hippocampus during simulation. We found that
both spatial (locations) and non-spatial (people) information was present in the
hippocampus during episodic simulation, contrary to predictions derived from (at
least strong versions of) the scene construction theory (Hassabis & Maguire, 2007).
Furthermore, information about both event component types in the hippocampus
was strictly left-lateralised and localised to mid and posterior portions of the
hippocampus, dovetailing with research suggesting that retrieval and reinstatement
of specific, episodic information occurs in the posterior hippocampus. Finally,
information about people tended to be represented earlier than information about
locations, perhaps due to location representations being constructed more slowly,
in line with the construction time findings from Study 1 and Study 2. Exploratory
searchlight analyses within the broader episodic simulation network revealed several
posterior cortical regions, largely overlapping with regions implicated in scene
processing, that also represented information about locations.

Theoretical Implications

Episodic memory and episodic simulation as instantiations of the
same simulation system

The results of our first experiment confirmed the hypothesis that the increased
constructive demands associated with episodic simulation are due to the episodic
details not having been associated with each other before, rather than constituting
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differences between temporal directions per se. This finding provides further
evidence for a continuum between episodic memory and episodic simulation—with
a common simulation system in the brain supporting these two processes—and
directly supports recent reconceptualisations of past-future differences as differences
in ‘associative history’ (Addis, 2018). Accumulating evidence suggests that the
same simulation system might also underlie functions beyond episodic memory
and episodic simulation, such as the online construction of the ongoing stream
of experience, watching movies, autobiographical planning, problem solving, and
creativity (for an overview, see Addis, 2018), so it will be insightful to characterise
differences and similarities between these functions to further our understanding of
the brain’s simulation system.

The role of spatial and non-spatial components of episodic simulations

After the first experiment, the remainder of the work presented in this thesis was
dedicated to disentangling the role spatial and non-spatial event components play
during the construction of episodic simulations. The findings paint a very consistent
picture. Across the three studies, we found converging evidence for a central role
of spatial context in episodic simulation, broadly in line with the scene construction
theory. We have argued, however, that the results are most consistent with a general
relational processing account of episodic simulation (e.g., the constructive episodic
simulation hypothesis; Schacter & Addis, 2007), and of the hippocampus more
generally (N. J. Cohen & Eichenbaum, 1993; Eichenbaum et al., 1999; Konkel &
Cohen, 2009). There are three main pieces of evidence in support of this conclusion.

First, spatial context took longer to construct than person details. Studies 1 and
2 showed exactly the same pattern of results with regard to the comparison of
spatial and non-spatial details, namely that the construction of spatial contexts takes
longer, but is not subjectively more difficult than the construction of person details.
Importantly, this effect was not due to spatial context representations being more
detailed, as shown by the detail and vividness ratings in the studies. Spatial contexts
being constructed more slowly was also consistent with Study 3 results, which
showed that spatial context tended to be represented in the hippocampus later than
person details, thus suggesting that neural representations of spatial context take
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longer to be constructed and to become stable than person representations. To our
knowledge, this is the first time this effect has been reported. It can be interpreted
in a relational processing framework by considering representation complexity.
Given that spatial context—itself consisting of relevant semantic, episodic, and other
sensory elements—is a more elaborate event component than for example person
details, more intensive relational processing is likely required to construct the event
component itself, before integrating it with other elements into a complete event
representation (see also R. P. Roberts et al., 2017a). Representation complexity could
thus modulate relational processing demands, which are in turn reflected in the time
it takes to construct different event components.

Second, spatial context served as superior memory cue, and events sharing a
spatial context were perceived as more similar than events featuring the same
person. Broadly consistent with the scene construction theory and other accounts
highlighting the importance of spatial processing in episodic simulation, such as
the spatial scaffold effect (Robin, 2018), these findings suggest that spatial context
might be a more defining constituent of events, and that it provides better access
to other content comprising the imagined event. Both of these results, however,
could also be due to spatial context representations taking up more ‘space’ than
person representations, that is, constituting a larger proportion of the full event
representation. Evidence for the hypothesis that spatial context representations are
bigger relative to person representations comes from Study 3, in which we found a
larger proportion of voxels representing information about spatial context compared
to persons. If this hypothesis is confirmed on a behavioural and neural level, this
effect can also be explained by relational processing demands, without the need to
appeal to a fundamental distinction between spatial and non-spatial components.
As we only have behavioural evidence for the recall effect, underlying neural
mechanisms remain to be determined; however, pattern completion mechanisms
likely play a role here. Given that pattern completion enables cued recall (Staresina
& Wimber, 2019), it might be the case that if a larger proportion of the event
representation is already reinstated—as is the case for spatial context compared
to person details—autoassociative processes related to completing the remaining
representation constituents might be more successful.

Third, person details were represented in the hippocampus during event construction,
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in addition to spatial context. This result is predicted by relational processing
accounts, but unexpected in the context of the scene construction theory. It is
important to note that when deriving predictions and discussing the results of our
studies, we have assumed a strong version of the scene construction theory that has
very recently been revisited to provide a more nuanced view. With the advent of
high-resolution imaging that enabled investigating distinct hippocampal subfields,
the proponents of the scene construction theory refined their account to move
away from holding that the hippocampus as a whole favours spatial processing,
towards ascribing category- or process-specificity to subfields or circuits within the
hippocampus (Dalton & Maguire, 2017; Dalton et al., 2018). This view brings the
scene construction theory and the constructive episodic simulation hypothesis closer
together, and is furthermore more consistent with theories of general hippocampal
function, especially with regard to recent insights into hippocampal subfield
specialisation and a gradient along the hippocampal long axis. Emerging evidence
suggests that the posterior hippocampus is involved in the retrieval and reinstatement
of individual details, enabled by pattern completion mechanisms (Lohnas et al., 2018;
Sheldon & Levine, 2016), a view further supported by Study 3 findings, which
showed that spatial context and person representations were reinstated in posterior
portions of the hippocampus.

Together, the results across all studies confirm that spatial context plays a central role
in the construction of episodic simulations, but that this is not a story of exclusivity;
non-spatial components (in our case person details) contributed substantially to the
construction process as well, and, importantly, the hippocampus represented event
components beyond spatial context. Across the studies, it has become increasingly
apparent that the predictions by the two theories are not necessarily conflicting.
Instead, most results can be interpreted in the context of both theories. This is partly
due to the theoretical accounts being underspecified with regard to some underlying
cognitive and neural mechanisms, as well as some terminology. It is, for example,
rarely specified what exactly is meant by ‘spatial’, even by accounts focused on spatial
processing, or what the exact neural mechanisms are by which the integration of
episodic details or the construction of scenes is proposed to occur. Underspecified,
verbal theories render deriving specific, falsifiable predictions more difficult and lead
to instances where very different conclusions can be drawn from the same findings,
depending on which theoretical framework is used (for a discussion of this point see
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also R. P. Roberts et al., 2017a).

This point also holds more broadly, beyond episodic simulation, in the context of the
spatial versus relational processing debate of hippocampal functioning. It has been
argued for a while that evidence for spatial views can be re-interpreted as evidence
for relational processing accounts (Eichenbaum, 2017; Eichenbaum & Cohen, 2014).
For example, it has been suggested that the hippocampus plays a memory role even
in spatial tasks like navigation, by mapping memories into the cognitive space of
the navigational task (Eichenbaum, 2017). Ideally, theories are specified in formal,
computational terms, instead of as verbal descriptions. Despite the difficulty to
computationally capture complex processes such as episodic simulation, recent
theoretical progress (Addis, 2018; Dalton & Maguire, 2017; Dalton et al., 2018) in
combination with a surge in empirical tests of their predictions is promising progress
towards this goal.

Revisiting Chapter 1: Is space special?

Based on our results, and accumulating insights from related fields, it seems the
answer might be more nuanced than previously thought. It is likely that cognitive
and neural mechanisms, originally evolved for spatial purposes, were hijacked to
perform other cognitive functions. Cells specialised for spatial processing in the
hippocampus, for example, have recently been shown to have adapted to also code
semantic information (Behrens et al., 2018; Constantinescu, O’Reilly, & Behrens,
2016; Solomon, Lega, Sperling, & Kahana, 2019), thus extending their function from
navigating physical space to navigating abstract space. Few would disagree that
space plays a central role in episodic memory and episodic simulation, not least
because it is a necessary part of any event, whether it may be remembered, imagined,
or currently experienced. A categorical distinction between spatial and non-spatial
elements does seem, however, less tenable, especially if the same neural machinery
underlies both. It is perhaps time to go back to Tolman’s original idea that a cognitive
map spans all types of knowledge (Tolman, 1948) and to increase efforts to unify
relational and spatial accounts of episodic memory and episodic simulation, as well
as hippocampal function more generally. Promising attempts have already been
made towards this goal, theoretically and computationally (e.g., Collin et al., 2017;
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Eichenbaum & Cohen, 2014; Konkel & Cohen, 2009; Mok & Love, 2019; Whittington
et al., 2019).

Open Questions and Future Directions

There is ample opportunity to build on the findings presented in this thesis. I identify
a number of open questions and future directions below, which I deem especially
promising or informative to pursue.

Is there a difference between spatial and non-spatial event components beyond
representation size and complexity?

Our data suggest that rather than being categorically different, constructive demands
associated with spatial context and person details exist on a continuum, and vary
as a function of representation size and complexity. Testing this hypothesis is
straightforward, by manipulating the size (in the sense of how much space they
occupy as part of the whole representation) or the complexity (in the sense of
how many elements they are themselves composed of) of spatial and non-spatial
representations. If behavioural aspects of event construction, such as construction
times, are mainly a function of representation size or complexity, this difference
between component types should disappear, which would provide strong evidence
against a space-focused account of episodic simulation.

What is the role of truly non-spatial event components?

As mentioned in various parts of this thesis, person details are not truly non-spatial.
They are themselves made up of spatial elements and they occupy space, whereas
this is not the case for other, more abstract event components, including actions,
emotions, or semantic information, such as schema. Our understanding of episodic
simulations thus far consists mostly of visual components, because these are the most
straightforward to study (see also Mahr, 2020). We chose to contrast locations with
person details because theories like the scene construction theory make a categorical
distinction between spatial context and all other event components. Person details as
part of episodic simulations are well studied, highly imageable, and an integral part
of an episode (in contrast to objects which are often more peripheral), making these
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ideal for an initial contrast with spatial context. This decision, however, means that
our experiments are not able to fully pull apart spatial from non-spatial aspects of
episodic simulations. It will be insightful to extend our findings to truly non-spatial
components, especially in the context of episodic simulations, where semantic
information plays a crucial role (e.g., Irish & Piguet, 2013). Designing experiments to
do so might prove less straightforward, however, as a lot of other event components
might not be distinct enough from person representations. Emotions, for example,
are displayed by people, and actions are performed by people. One element that is
perhaps more straightforward to study is time, and research suggests that temporal
aspects of episodic memories are also represented in the hippocampus (Nielson
et al., 2015). It is likely that truly non-spatial event components shift activation
patterns away from the posterior hippocampus, which represents perceptual details
(Collin et al., 2015, 2017; Frank et al., 2019; Robin & Moscovitch, 2017a), to more
anterior portions of the hippocampus, which represents more abstract information
(Schlichting & Preston, 2015; Sheldon & Levine, 2016).

Where in the brain are person details represented beyond the hippocampus?

In Study 3, while spatial context was represented in posterior cortical areas, we
did not find any regions representing information about people outside of the
hippocampus. This result was unexpected, especially because person details have
previously been found to be represented in cortical areas (Robin et al., 2018; Szpunar
et al., 2014). This finding thus more likely reflects limitations of our design, data,
or analysis strategy, rather than an underlying truth. For example, we might not
have had enough statistical power for the particular analysis we chose, due to a low
number of training examples. This low number was not an oversight on our part;
an increase of training examples is not trivial to achieve without compromising on
other important aspects of the task, given that the nature of the processes under
investigation and the paradigm we used results in very long trials (in our case
almost 20 seconds). One way to improve this in future studies would be to use more
overlapping events (as done in e.g., Robin et al., 2018), or a different analysis strategy
that does not rely on training a classifier (e.g., representational similarity analysis).

How do representations change across the course of event simulations?

In this work, we have focused on the construction of episodic simulations, which
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includes the retrieval of episodic details. Episodic simulation consists of at least two
other elements: the integration of event components into coherent scenarios, and
the encoding of the events into memory (Addis & Schacter, 2012), and it will be
interesting to examine how representations change across these different simulation
phases. In the context of this question, converging evidence from studies using
different paradigms might be particularly beneficial. While the paradigm we used
has been created to capture the richness and complexity of the simulation process,
such as emotion, personal significance, and familiarity, it makes it more difficult
to isolate and tease apart underlying processes. The latter might be achieved more
suitably by more constrained paradigms (e.g., item-context binding paradigms),
which have successfully established that the anterior hippocampus is involved in
the integration and encoding of experiences into existing knowledge structures
(Lohnas et al., 2018; Nielson et al., 2015; Schlichting & Preston, 2015; Sheldon &
Levine, 2016). Consistent with this finding, component integration and encoding of
episodic simulations are likely to shift activation patterns to more anterior portions
of the hippocampus, and it will be interesting to examine how other, more ecological
aspects of the simulation modulate this effect.

How do representations differ between hippocampal subfields?

In addition to examining patterns in the whole hippocampus, we also constrained
analyses to hippocampal subsections, because previous research suggests a functional
and representational specialisation along the hippocampal long axis. However, these
subsections are still quite large, and emerging evidence from high-resolution imaging
of the hippocampus maps specific mechanisms, functions, and computations
onto single subfields (Bakker et al., 2008; Dalton & Maguire, 2017; Dalton et al.,
2018; Dimsdale-Zucker et al., 2018; Kyle et al., 2015; Schlichting et al., 2014). For
example, the CA3 subfield has been linked to pattern completion (Rolls, 2013), the
dentate gyrus to pattern separation (Rolls, 2013), and the pre/parasubiculum to
scene-based processing (Dalton & Maguire, 2017). Higher-resolution imaging will
provide substantial insights into the distinction between spatial and non-spatial
representations and other aspects of episodic memory and episodic simulation,
currently obscured by lower resolutions.
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Conclusion

The work presented in this thesis provides novel, converging insight into the
behavioural and neural constructive processes involved in episodic simulation, and
corroborates previously reported effects that have highlighted the central role of
space. Consistent with general efforts to unify spatial and relational processing
accounts (e.g., Eichenbaum & Cohen, 2014; Konkel & Cohen, 2009; Whittington et al.,
2019), I have discussed ways in which our results are coherent within an integrated
framework. With this contribution, we hope to have made some progress towards
differentiating—and unifying—the two theoretical accounts of episodic simulation.
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