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Abstract

This thesis focused on a primary aim: investigate behavioral and neural correlates

of flexible spatial navigation using a variety of methods. To do so, we combined

immersive virtual reality, real-world navigation, and neuroimaging to better under-

stand the nuances in flexible behavior. Across all five studies discussed in this thesis,

we utilized Sea Hero Quest as a baseline measure of spatial ability and prospective

predictor for both behavioral and neural measures. Importantly, the work presented

in this thesis aimed for novelty in methods. First, this thesis presents the first fMRI

results from a dynamic navigation task with a continuously moving goal position

– to our knowledge. Second, we found no evidence for a relationship between

performance in Sea Hero Quest and either real-world wayfinding / spatial memory

measures or related neural measures (hippocampal volume ratio) – in contrast to

some recent findings. Last, a new task design looking at spatial performance in an

urban version of Sea Hero Quest highlighted the importance of realism in task de-

sign. Overall, the work presented in this thesis adds to an understanding of flexible

navigation and, importantly, highlights areas in which the field might advance.



Impact Statement

This thesis presents work that adds to an understanding of flexible nav-

igation and, more generally, complex planning. Navigation is a behav-

ior which we perform on a daily basis and is not bound to a specific

nationality or culture. The study of navigation gives us insight into

other complex behaviors as well such as abstract planning and decision

making as the behaviors and neural processes involved in navigation

translate broadly across several cognitive domains. This translatable

nature of spatial cognition combined with the increased ecological va-

lidity of navigation tasks (compared to abstract planning or decision

making paradigms, for example) continues to make this a worthwhile

field of study.

Beyond simply adding to an understanding of flexible navigation, this

thesis presents work adding to our understanding of the structural cor-

relates of navigation ability, specifically the role of structural features

and changes to the hippocampus. Work with London taxi drivers has

highlighted this region as critical to the utilization of ‘The Knowledge’

and essential to planning within a massively complex space that is the

street network of London. However, less is known about how the hip-

pocampus impacts navigation at a novice level. This line of research

has ramifications for both science and medicine as the hippocampus is

one of the first brain regions impacted by Alzheimer’s Disease and the

resulting neural atrophy. As such, understanding how the structure of

this region relates to cognition and to spatial navigation, specifically,



Impact Statement 5

may aid future generations in the fight against this disease.

Lastly, this thesis presents ideas around how we might make spatial

navigation work in neuroscience more ecologically valid. The study

of navigation provides a unique window into cognition more broadly

through behavior that feels realistic and ‘normal.’ However, advances

in technology make it possible to better the design of spatial tasks, re-

sulting in more realistic and naturalistic in-lab tasks. As the field strives

towards increased validity and generalizability, the work and ideas pre-

sented in this thesis are among those moving towards that goal.
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Chapter 1

Introduction

Movement on our planet is a unifying feature for the vast majority of animals. Be-

fore the dawn of civilization and farming, humans were nomadic by definition, mov-

ing constantly in search of food and shelter. Many species still rely on movement in

response to changes in their environment, e.g. seasonal changes in temperature and

food availability. Despite extreme changes in human lifestyle in modernity com-

pared to our nomadic origins, movement – on a smaller scale – still plays a promi-

nent role in our daily lives. Specifically, navigation behavior points to these origins

and provides a parallel to a naturalistic behavior existing across many species. In

neuroscience, the study of navigation may provide insight into – not only – spatial

navigation but to aspects of memory, planning, and general cognition. As a catalyst

for understanding these broader topics, navigation study allows for interesting and,

sometimes, vastly generalizable behavior. Perhaps the reason navigation remains

interesting to the average person is that, unlike the majority of domains, navigation

tasks mimic tasks we actually do on a daily basis, sometimes without even thinking

about it. The ability to navigate flexibly and efficiently enables us to explore the

world without fear of getting lost. This provides a sense of independence likely

not fully appreciated until that independence is lost with the ability to navigate in

old age or disease-related decline, such as from Alzheimer’s Disease. Even though

we navigate daily, this is often a task we rarely think about and consider relatively

trivial – under familiar circumstances. Yet, navigating is actually a very complex

process, one requiring inputs from several regions in the brain and long-term mem-



13

ory storage for past navigation episodes. Understanding how this cognitive load is

reduced remains the primary focus of work in spatial navigation.

Tolman coined the term ‘cognitive map’ to describe the idea of an internal rep-

resentation of one’s environment in the brain (1948). This theory – the cognitive

map theory – was proposed based on observation of rats’ flexible navigation behav-

ior in a maze. They appeared to have some knowledge of the environment allow-

ing them to take routes not previously learned (Tolman, 1948; Tolman & Honzik,

1930). Since this proposal, robust work in the field has found evidence supporting

the idea of the hippocampus as the neural center for the cognitive map (O’Keefe &

Nadel, 1978; Ekstrom, Spiers, Bohbot, & Rosenbaum, 2018; Epstein, Patai, Julian,

& Spiers, 2017; Spiers & Barry, 2015). Specifically, work in humans has indicated

the right posterior hippocampus specifically as critical for flexible navigation behav-

ior (Aradillas, Libon, & Schwartzman, 2011; Maguire, Nannery, & Spiers, 2006;

Smith & Milner, 1981; Burgess, Maguire, & O’Keefe, 2002; Bohbot et al., 1998;

Abrahams, Pickering, Polkey, & Morris, 1997). Perhaps the most famous finding

with human subjects is that of the London taxi driver hippocampus. Maguire and

colleagues discovered the London taxi driver has a larger posterior hippocampus

compared to controls (normal population and bus drivers) and that this effect scales

with years of experience (Maguire et al., 2000; Maguire, Woollett, & Spiers, 2006).

Since Tolman’s first observation of rodent behavior, work with rodents has

provided evidence critical to our understanding of spatial navigation and the neu-

ral processes underpinning this behavior. The discovery of place cells in the rat

hippocampus and grid cells in the entorhinal cortex (O’Keefe, 1976; Hafting et al.,

2005; Moser, Kropff, & Moser, 2008) provided a better understanding for how this

internal map may be structured. Specifically, these findings revealed a firing pat-

tern that is grid-like and hexadirectional for real-world locations, even when those

locations are not grid-like themselves. This suggested a reduction of real space into

grid-like patterns in the brain. Work with humans has found a similar pattern of

hexadirectional activation, or sixfold directional symmetry, in BOLD fMRI activity,

suggesting this finding translates across species and even across cognitive domain
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(Doeller, Barry, & Burgess, 2010; Jacobs et al., 2013; Chen et al., 2015; Kriegesko-

rte & Storrs, 2016). Likewise, recent work suggests an even broader translation

of these types of cells across a range of mammalian and non-mammalian species

(Chapuis, Durup, & Thinus-Blanc, 1987; Poucet, Thinus-Blanc, & Chapuis, 1983;

Geva-Sagiv, Las, Yovel, & Ulanovsky, 2015; Sarel, Finkelstein, Las, & Ulanovsky,

2017; Hayden, Pearson, & Platt, 2011; Lucon-Xiccato & Bisazza, 2017; Alvernhe,

Save, & Poucet, 2011; Alvernhe, Van Cauter, Save, & Poucet, 2008). More recent

discoveries of border cells and boundary vector cells in the hippocampus further

our understanding of map-like representation in the brain and in the hippocampus

specifically (Solstad et al., 2008; Lever et al., 2009).

Detours and Barriers

Understanding flexible navigation behavior and cognition often comes down to un-

derstanding how one navigates within a complex environment in which behavior can

be both familiar and novel. One way to introduce complexity into a testing environ-

ment is with the use of forced detours and barriers. Work with rodents has found

evidence suggesting reliance on the hippocampus for flexible navigation upon en-

vironmental change, with lesioned rats unable to take shortcuts (Alvernhe, Save, &

Poucet, 2011; Alvernhe, Van Cauter, Save, and Poucet, 2008 Winocur, Moscovitch,

Rosenbaum, & Sekeres, 2010). Work with human fMRI suggests the hippocam-

pus may track path distance and Euclidean distance between self and goal (Howard

et al., 2014; Rauchs et al., 2008; Spiers & Gilbert, 2015; Patai et al., 2019; Patai

et al., 2017; Viard, Doeller, Hartley, Bird, & Burgess, 2011) with frontal regions

active as well (Iaria, Fox, Chen, Petrides, and Barton, 2008; Javadi et al., 2019).

More broadly, a wide range of papers have found evidence for hippocampal activity

during both wayfinding events and route following events, reflecting activity ex-

pected for hippocampal regions during navigation episodes (Xu, Evensmoen, Lehn,

Pintzka, & Haberg, 2010; Rauchs et al., 2008; Spiers & Maguire, 2006; Rosen-

baum, Winocur, Ziegler, Hevenor, Grady, & Moscovitch, 2004; Simon & Daw,

2011).
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Despite the broad interest in flexible navigation and detour behavior, work

in humans continues to be produce behavior that is trivial or non-generalizable.

Specifically, the current set of navigation tasks looking at detours and / or barriers

in human navigation produce highly stereotyped trajectories with non-naturalistic

detour events and static goals. Ultimately, these tasks have provided some evidence

for the role of the hippocampus in these types of events, yet we still know very lit-

tle with regards to dynamic behavior in humans. Currently, task design for human

fMRI seems to operate on a trade-off between controlled manipulation and real-

world validity. For instance, the majority of detour tasks thus far track distance in

grid-like environments with single-step movement between spaces (Simon & Daw,

2011; Javadi et al., 2019; Howard et al., 2014; Patai et al., 2019) and very few

allowing for non-stereotyped behavior such as backtracking (Javadi et al., 2019).

There is not necessarily a perfect solution to this problem but the increased use of

methods such as desktop and head-mounted virtual navigation offer some solutions.

In recent years, the use of virtual reality in scientific research has expanded

greatly, allowing for much more interesting spatial tasks and, resultantly, more in-

teresting behavior. In addition, evidence from studies using these types of tasks

suggests virtual navigation behavior may be a better and more ecologically valid

predictor of real-world navigation behavior and cognition compared to standard

visuo-spatial working memory tests (Malinowski, 2001; Nori, Grandicelli, & Gius-

berti, 2009; Lippa, Collaer, & Peters, 2010), with results from both healthy popula-

tions (Moffat, Zonderman, & Resnick, 2001; Conroy, 2001; Grewe et al., 2014) and

Alzheimer’s / pre-AD populations suggesting the same effect (Cushman, Stein, &

Duffy, 2008; Coughlan et al., 2020). This thesis utilizes Sea Hero Quest, a virtual

navigation game, across a range of studies as both a predictor of real-world wayfind-

ing performance and baseline metric. This game was developed by researchers

at University College London and University of East Anglia in collaboration with

Deutsche Telekom and Alzheimer’s Research UK and released to the global pub-

lic on both Android and Apple app stores (Coutrot et al., 2018). Currently, over

four million people have played the game around the world, allowing us to bench-
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mark all lab-based participants against a world sample. Subsequent studies have

found evidence for the real-world validity of Sea Hero Quest with predictions for

real-world wayfinding performance (Coutrot et al., 2019). There is also some evi-

dence the game may be a good predictor of pre-Alzheimer’s Disease, as researchers

were able to predict which participants had the Alzheimer’s gene, APOE4, from

their Sea Hero Quest performance (Coughlan et al., 2019). However, the extent to

which Sea Hero Quest captures complex navigation or detour-specific behavior is

not supported by the evidence so far.

Naturalistic Behavior: Predator and Prey

Almost all goal-directed spatial navigation tasks require navigation to a fixed goal

location. In the real world, however, goals are not always fixed. The evolution-

ary predator and prey relationship involves dynamic navigation towards a moving

goal position (i.e. the prey) in which detours may occur, requiring replanning of

one’s route. There is some work looking at this type of behavior in non-human an-

imals, but none so far in humans. Some early work with rats exposed to stressful

conditions indicated an effect of inhibited plasticity in the hippocampus with de-

creases in primed burst potentiation (Mesches, Fleshner, Heman, Rose & Diamond,

1999). More recent work with rodents suggests changes in decision making be-

havior, inhibitions to performance in spatial tasks, and general avoidance behavior

when subjects are under stress of predation (Herberholz & Marquart, 2012; Dorf-

man, Nielbo, & Eilam, 2016; Ahuja, Lebollová, & Kelemen, 2020). Evidence from

a single human study found that participants took longer paths and fewer detours

when in a threatening state, yet they found no effect on spatial memory (Silston,

Ochsner, & Aly, 2021). Behaviorally, the concept of a predator and prey relation-

ship results in less stereotyped trajectories and more interesting behavior than the

traditional forced detour task. In addition, this concept allows for the introduction of

an ‘other’ into a group-hunting or companion task. This type of behavior is seen in

several species with macaques specifically hunting in a stereotyped group dynamic

that relies on spatial awareness of self, other, and prey (Stanford, 1999). Hayden and
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colleagues working with macaques in lab have found evidence for dynamic tracking

of both world and egocentric information in dorsal anterior cingulate cortex when

the monkeys performed a virtual version of this type of behavior (Yoo, Hayden, &

Pearson, 2021; Yoo, Sleezer, & Hayden, 2018; Yoo, Tu, & Hayden, 2021).

However, this type of behavior differs greatly from current studies in naviga-

tion as the goal is constantly moving and the predator (self) must engage in dy-

namically updating position and other spatial information in order to catch the prey.

Behaviorally, evidence suggests the primates plan for the future position of the prey

rather than the current position, suggesting tracking of information into a future es-

timate of position (Yoo, Tu, Piantadosi, & Hayden, 2020). Recent work with rats in

a companion task found the presence of a companion hindered performance (Dorf-

man, Nielbo, & Eilam, 2016). Despite the success of these types of dynamic tasks in

non-human work, to our knowledge, there is no evidence from human neuroscience

exploring dynamic navigation in this way. Among other aims, this thesis attempts

to address this gap in knowledge.

General Methods: fMRI, GPS Tracking, and Virtual

Reality
This thesis employs three primary experimental methods: functional magnetic reso-

nance imaging (fMRI), structural magnetic resonance imaging (sMRI), GPS track-

ing, and virtual reality. Each method is summarized below.

Chapters two and three of this thesis focus on MRI data and virtual navigation

behavior. In Chapter two, we present BOLD fMRI data correlated with a range

of spatial metrics from a continuous, dynamic navigation task. We utilized fMRI

for this experiment in order to observe the real-time brain activity when one is

planning and navigating towards a moving goal. In contrast to rodent study, we

do not have the means to study neural activation during human navigation with

single-unit methodologies. Alternately, the use of fMRI provides a proxy of activ-

ity with the recording of blood oxygen-level dependent response (BOLD) across

time. In this thesis, we logged BOLD activity with a repetition time (TR) of 1450
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milliseconds across the whole brain with a voxel resolution of 2 mm3̂ and slice

thickness of 2 millimeters. These parameters allowed us to observe a detailed scale

of BOLD activity at a whole-brain level. One limitation of fMRI, however, is the

delayed hemodynamic response. When modelling event-related parameters against

the hemodynamic response, the onset of modulators was convolved with a hemo-

dynamic response function (HRF). However, successive neural events close in time

may be unresolved. This must be considered as a limitation to this study as well as

all BOLD fMRI.

In Chapter three, we present structural MRI data correlated with virtual nav-

igation performance. For this analysis, we computed the structural volume of the

hippocampus split into anterior and posterior regions. Additionally, we controlled

for the overall brain volume with each subject’s brain image. To calculate this vol-

ume, we manually segmented each hippocampi along the uncal apex with regions

posterior to this line labelled as posterior hippocampus. The structural scans anal-

ysed were acquired at a repetition time of 2300 milliseconds with a voxel resolution

of 1 mm3̂, allowing for fine scale segmentation.

In Chapter four, we present GPS tracking data of time and distance travelled

correlated with virtual navigation performance (distance and duration). GPS track-

ing metrics were collected using a Q-Starz travel recorder with an acquisition rate

of 5 hertz.

Virtual reality is used as an experimental methodology in all chapters of this

thesis with two primary sub-methods: Sea Hero Quest and two desktop-based

Unity3D games. Sea Hero Quest was developed in collaboration with University

College London, University of East Anglia, Deutsche Telekom, and Alzheimer’s

Research UK; the game was designed and produced in Unity 3D by GLITCHER’S

games company, an independent game designer. The game was initially released on

both Apple app store and Android play stores in May of 2016, but has since been

taken down from these platforms. However, an unlocked version is still available

to download for research use, as was used for this study. Participants were sent a

URL enabling them to download the research-version of Sea Hero Quest, which
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was unlocked to all 75 levels.

The game features four different level types: wayfinding, path integration, ra-

dial maze, and ‘just-for-fun’ levels. Each level requires the participant to sail around

in a virtual water environment using four primary controls: sail right, sail left, sail

more quickly [‘boost’], and slow down. (1) Wayfinding levels require participants

to navigate to a series of numbered goals (total number of goals, range: 1 - 5) in

the corresponding order. At the start of each level, participants are shown a map of

the level-specific environment in varying degrees of obscuration. This map can be

viewed for as long as needed or desired, and the time spent is recorded. Once the

navigation has been initiated by closing the map, time and trajectory information is

recorded until the final goal is reached. This information is later used to calculate

distance travelled in virtual meters and level completion time. (2) Path integration

levels/ ‘flare levels’ require participants to sail around their environment until they

find a beacon point. Once this point is reached, participants are cued to send a

flare back to their starting location. Three options are given (A, B, and C). Time

and responses are recorded. (3) Radial maze levels require participants to navigate

a virtual radial maze (Konishi & Bohbot, 2013) and remember which arms of the

maze have been visited previously. There are two parts to each radial maze level.

In part one, participants travel to open arms in the maze. In part two, participants

are required to navigate to previous unvisited arms. The errors, time, and trajectory

information are recorded. (4) Lastly, ‘just-for-fun’ levels require participants to take

a photo of a sea monster within the game. These levels were included in the global

release to retain users and are spread out across the 73 total levels.

This thesis utilizes two additional virtual reality environments, both designed

and built in Unity3D games engine. This platform was used as it provides a realistic

physics engine for rendering of environments with full flexibility in design. We

designed two games: Group Hunt and City Hero Quest. Chapter two covers Group

Hunt in detail. Broadly, this game features a maze-like environment consisting of

16 rooms in which the participant must ‘hunt’ a moving prey. Chapter five covers

City Hero Quest, designed as a parallel, urban version of Sea Hero Quest. This
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game features functionality and level maps taken explicitly from Sea Hero Quest

levels with an urban / city-like environmental design. In both games, we utilized the

UXF Unity3D package (https://github.com/immersivecognition/unity-experiment-

framework) to build in real-time tracking of spatial metrics such as position, path

distance, and Euclidean distance. Modified trackers allowed us to additionally log

real-time events of interest for use in data analysis.

Summary

This thesis covers five studies looking at flexible navigation behavior in humans

using a range of methods – fMRI, sMRI, GPS tracking, and virtual reality. Each

study is summarized below.

In study one (Chapter two), we present the first ever fMRI experiment – to our

knowledge – on humans navigating towards a hidden, moving goal location. To do

so, participants planned 72 novel routes in a virtual maze environment consisting

of 16 rooms (4 x 4). To introduce complexity and to model multicentric tracking

of multiple agents, this task was completed with an agent companion that always

moved towards the framewise stationary position of the goal using the shortest path

possible. In short, the companion did not estimate the future position of the goal

and its behavior was highly predictable. Additionally, the doors connecting differ-

ent rooms were subject to pseudo-random changes (opening and closing) requiring

real-time adaptation to unexpected detours in the environment. We included these

dynamic features for three reasons: to make the task non-trivial, to model tracking

of multiple agents (Yoo et al., 2021), and to dissociate between spatial metrics of

path distance and Euclidean distance.

In study two (Chapter three), we present work correlating performance on Sea

Hero Quest with hippocampal volume ratio (posterior versus anterior). In contrast to

previous studies observing a similar effect (Brunec et al., 2019), this study presents

the first work utilizing a task with a robust comparison sample size (over three mil-

lion). As the game is divided into levels targeting assessment of specific navigation

aspects, e.g. wayfinding and path integration, we were able to compare different
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types of navigation performance against segmented hippocampal volumes. In con-

trast to previous work with single-use tasks with a small sample size, we are able

to compare our sample to that of the worldwide database in terms of performance

relative to demographic.

In study three (Chapter four), we present work from two real-world navigation

studies correlated with Sea Hero Quest. In the first study, we observed performance

in an older sample on both Sea Hero Quest wayfinding and real-world wayfinding in

London. To do so, we designed a task in the real-world that mimicked the features

of the wayfinding levels in Sea Hero Quest, i.e. pre-navigation map study and num-

bered goals. Distance and duration were recorded in the real-world using real-time

GPS tracking. In the second study, we compared two groups (test versus control)

across a range of spatial memory metrics using a variety of methods: pointing ac-

curacy, route navigation, backtracking, and map labelling. For the test group, we

introduced two interventions inspired by London taxi drivers and how they learn the

Knowledge.

In study four (Chapter five), we present work from an online study comparing

performance in Sea Hero Quest against a new virtual navigation task and a range of

demographic information. We designed this new task – titled City Hero Quest – as

a parallel, urban version of Sea Hero Quest with functionality and basemaps taken

explicitly from a set of Sea Hero Quest levels. This work presents the first evidence,

to our knowledge, of navigation performance correlated with home environment, as

we asked participants for the city and state they grew up in. These locations were

split into categorizations of city versus non-city and used as a categorical predictor

of performance on both virtual games.

Regions of Interest

For study one, we expect modulation of BOLD fMRI activity in regions of hip-

pocampus, anterior cingulate cortex, and frontopolar regions / BA10. The hip-

pocampus has been heavily implicated in spatial navigation with evidence suggest-

ing the region is critical for flexible route-taking and periods of active navigation
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(Patai et al., 2019; Spiers & Maguire, 2006; Hartley et al., 2003). In contrast, the

anterior cingulate cortex (ACC) has been implicated in decision-making paradigms

with choice value (Kennerley et al., 2006; Rushworth & Behrens, 2008). In naviga-

tion, there is some evidence the region may be involved in the tracking of path dis-

tance (Howard et al., 2014; Patai & Spiers, 2021). Likewise, there is some evidence

that frontopolar prefrontal cortex (PFC) track the difficulty of future reward choices

(Howard et al., 2014) as well as the simulation of possible future paths (Javadi et al.,

2017; Badre & Nee, 2018; Burgess et al., 2017; Patai & Spiers, 2021). Our study

models behavior in a highly demanding task requiring integration of multi-agent

information as well as dynamic environmental information. This design mimics the

challenges of the real world, requiring dynamic decision making and the combina-

tion of information in real time. As such, we expect hippocampal involvement due

to the spatial nature of our task, ACC activation modulated with trial difficulty dur-

ing planning and active navigation periods, and frontopolar PFC activation during

periods of planning and navigation onset.

Operational Definitions
This thesis uses the terms “complexity” and “flexibility” throughout. For clarity of

understanding, these terms are operationally defined for the purposes of this thesis

below.

Complexity

This term is used to refer to the nature of environmental features such as the number

of states, state-state connections, and presence / absence of barriers. We consider

the addition of any of these features to increase environmental complexity. Chapter

two of this thesis provides an overview of an environment we consider to be along

the higher end of the complexity spectrum as this environment includes a moderate

number of states but the state-state connections are non-stagnant and change relative

to one’s path distance. In contrast, the remaining chapters present data using Sea

Hero Quest, a mobile game that features levels of varying complexity. These are

discussed in more detail where relevant to each chapter.
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Flexibility

This term is used to refer to behavior dependent on a cognitive map, and relatedly,

hippocampal function. In addition, this behavior is non-habitual or cue-response

driven. An example of flexible spatial behavior is the use of shortcuts. In chapter

two, flexibility is measured by the increase in path distance after detour encounters.

In Sea Hero Quest, flexibility is measured using a variety of metrics depending on

level type, e.g., probe error for radial maze levels.



Chapter 2

Group Hunt: An fMRI analysis of

dynamic navigation

The ability to navigate efficiently allows one to explore the world in a way under-

appreciated unless this ability is suddenly lost, such as in the onset of Alzheimer’s

Dementia or hippocampal loss. This ability requires integration across several brain

areas, yet the massive cognitive demand is reduced to a relatively simple task one

typically does numerous times on an average day. One idea for how the brain sup-

ports this task is through the ‘cognitive map’, i.e. the brain’s internal representation

of our environments. Tolman (1948) first coined this term observing the flexible

behavior of rodents in a maze environment (Tolman & Honzik, 1930). Subsequent

work has highlighted the hippocampus and entorhinal cortex as critical neural cen-

ters for this cognitive map in humans (O’Keefe & Nadel, 1978; Ekstrom et al.,

2018; Epstein et al., 2017; Spiers & Barry, 2015). Work with rodents and other

mammals has found supporting evidence for this theory with the discovery of place

cells in the hippocampus and grid cells in the entorhinal cortex (Moser et al., 2008).

Specifically, more recent work with non-human mammals has found evidence of

map-like representation with cell firing patterns dependent on environment or route-

planning behavior, across multiple species (Alvernhe et al., 2011; Alvernhe et al.,

2008; Chapuis et al., 1987; Poucet et al., 1983; Geva-Sagiv et al., 2015; Sarel et al.,

2017; Hayden et al., 2011).

Despite the presence of robust evidence towards map-like behavior, work is
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limited where realistic navigational flexibility is concerned. Specifically, the neu-

ral mechanisms supporting shortcutting behavior and flexible adaptation to detours

within one’s environment. Work with rodents has found some neural evidence as

to how the cognitive map may adapt to these environmental changes with place-

and grid-cell remapping in response to barriers (Alvernhe, Save, & Poucet, 2011;

Alvernhe, Van Cauter, Save, and Poucet, 2008). Additionally, findings suggest that

rats with hippocampal lesions took longer routes and made more errors after en-

countering a detour compared to control rats (Winocur, Moscovitch, Rosenbaum,

& Sekeres, 2010). Advancements in human fMRI have allowed for questions about

detour behavior in humans to be further explored. In tasks requiring detour adap-

tation, studies have found tracking of path distance and Euclidean distance in hip-

pocampal BOLD response (Howard et al., 2014; Rauchs et al., 2008; Spiers &

Gilbert, 2015; Patai et al., 2019; Viard, Doeller, Hartley, Bird, & Burgess, 2011) and

frontal regions (Iaria, Fox, Chen, Petrides, and Barton, 2008; Javadi et al., 2019).

Other virtual environments have provided evidence of hippocampal and parahip-

pocampal activity during virtual wayfinding and route following (Xu, Evensmoen,

Lehn, Pintzka, & Haberg, 2010; Rauchs et al., 2008; Spiers & Maguire, 2006;

Rosenbaum, Winocur, Ziegler, Hevenor, Grady, & Moscovitch, 2004; Simon &

Daw, 2011). These studies combined provide a wealth of evidence to support the

cognitive map theory in humans and specifically the involvement of the hippocam-

pus and prefrontal regions in flexible navigation.

With this evidence, the next question to ask is how do hippocampal regions

support dynamic flexible navigation, i.e. when the environment and / or agents

change or move. Little work has been done in this area, with none in humans so

far. Yet, ecologically, this type of behavior is one we engage with and perform on a

daily basis – chasing a toddler, trying to catch the next bus, etc. Work in primates

from Hayden and colleagues has explored this question with tasks requiring sub-

jects to catch a moving reward in single or multi-agent paradigms (Yoo, Hayden, &

Pearson, 2021; Yoo, Sleezer, & Hayden, 2018; Yoo, Tu, & Hayden, 2021). Their

research has put forward evidence suggesting the dorsal anterior cingulate cortex
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supports tracking of multicentric spatial variables, i.e. world and egocentric spatial

information. This chapter presents the first evidence from human fMRI – to our

knowledge – in which participants performed a task with a moving goal in a multi-

agent paradigm. The primary regions of interest were the hippocampus, anterior

cingulate cortex, and frontopolar prefrontal cortex. These are discussed below.

The first region of interest in this study is the hippocampus as this task requires

integration of spatial information and flexible route-taking during active navigation,

roles for which the hippocampus has been implicated (Patai et al., 2019; Spiers &

Maguire, 2006; Hartley et al., 2003). The second regions of interest is the anterior

cingulate cortex, inspired by the recent work in macaques with multi-agent track-

ing (Yoo, Hayden, & Pearson, 2021; Yoo, Sleezer, & Hayden, 2018; Yoo, Tu, &

Hayden, 2021). There is also some evidence this region may be involved in choice

value tracking in decision-making (Kennerley et al., 2006; Rushworth & Behrens,

2008) and path distance in a navigation task (Howard et al., 2014; Patai & Spiers,

2021). This task requires multi-agent tracking as well as value-based decision mak-

ing during planning periods. As such, we expect activation in ACC to modulate

with both choice difficulty and path distance. The last region of interest is the fron-

topolar prefrontal cortex / BA10 as some evidence suggests this area is involved in

spontaneous route planning (Spiers & Maguire, 2006). Additionally, some recent

work suggests the frontopolar PFC may be involved in tracking the difficulty of fu-

ture reward choices and possible future paths (Howard et al., 2014; Javadi et al.,

2017; Badre & Nee, 2018; Burgess et al., 2017; Patai & Spiers, 2021). Due to the

dynamic nature of this task, we expect modulation of activity in frontopolar PFC

with trial difficulty during both planning and navigation onset.

2.1 Methods

Participants

This study was approved by the UCL PaLS Ethics Committee (fMRI/2021/001).

Separate behavioral ethics were obtained for the at-home portions of this study

(EP/2018/008).



2.1. Methods 27

Participants were recruited on University College London’s Psychology Sub-

ject Pool (UCL SONA, https://uclpsychology.sona-systems.com) during May and

June of 2021. Twenty-four participants participated (mean age = 26.6 ± 5.2, range

= 18 - 37; 11 women). Two participants were excluded from analysis due to issues

with task compliance. The analysed sample after exclusion is composed of 22 par-

ticipants (mean age = 27.4 ± 4.7, range = 21 - 37; 9 women). One participant’s

training data could not be retrieved due to a technological issue, so all training re-

sults reflect a reduced sample size of 21 participants.

Participants were administered two navigation assessments prior to scanning:

the Santa Barbara Sense of Direction Scale [SBSOD] (mean score = 4.37 ± 1.2,

range = 2.3 - 6.1) and Navigational Strategies Questionnaire [NSQ] (mean score

= -1.0 ± 5.2, range = -12 - 8) (Hegarty, Richardson, Montello, Lovelace, & Sub-

biah, 2002; Brunec et al., 2018). Neither questionnaires were used as exclusion

criteria but give a general baseline regarding participants’ navigational abilities and

strategies. Additionally, participants were asked to answer questions regarding their

video game behavior, specifically: ‘How often do you play first-person shooter

games, weekly?’. Fifteen responded they ‘do not play first-person shooter games’,

six responded they play 0 - 2 hours per week, and one reponsed they play 2 - 5 hours

per week. This was also not used as exclusion criteria but to give a general measure

of video game skill as this task required playing a first-person 3D game.

All participants were right-handed, have corrected-to-normal or normal vision,

no color blindness, and reported no metallic implants or claustrophobia. All partic-

ipants were compensated at a rate of £10 per hour (average compensation of £35,

inclusive of training and scan). An extra £10 could be earned by completing an

at-home behavioural session after the scan. Fourteen participants completed the

post-session for a retention rate of 64%. Participants were also given the opportu-

nity to play Sea Hero Quest (SHQ) at home after their scan for an extra £15 (fixed).

SHQ performance is not included in the results for this chapter, as this data was

assigned to the T1-weighted structural scans (see SHQ VBM chapter).

All participants gave online and written consent to participate in each compo-
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nent of the study in accordance with the Birkbeck-UCL Centre for Neuroimaging

Ethics Committee.

VR Environment: GroupHunt 3D

A virtual garden maze environment was created using Blender software (3D mod-

elling) and Unity 3D games engine. The maze was a grid network consisting of 16

‘rooms’ connected by doorways between adjacent rooms in a 4x4 structure. Door-

ways could either be passable or impassable, indicated by the texture / appearance

of the door as a ‘cloud door’ (semi-translucent, passable) or a golden door (fully

opaque, impassable). Cloud doors did not allow for visibility between rooms, re-

quiring participants to remember the structure of the maze no matter which type of

door was present at any given time. Global landmarks were visible in each cardinal

direction (large mountain, small mountain, forest, sun), providing participants with

a framework to orient themselves. Each of the sixteen rooms were identical in all

ways (size, texture, lighting) except the number of doors; this number ranged from

two doors in corner rooms to 4 doors in interior rooms. See Figure 1 for participant

viewpoints at different phases within the maze.

Movement was controlled by four buttons: left, right, forward, and backward.

Left and right buttons rotated the participant towards either the left or right, in place

(without movement), respectively. Forward and backward moved the participant

forward or backward, respectively (without rotation). The camera view was re-

stricted to a 40 degree field of view and did not allow for upwards or downwards

looking.

Participants were tested on three similar-but-different versions of this game

across 3+ days. On Day 1, they were trained on a less difficult version of the task

(10 practice trials, 46 trials total). On Day 2, they were tested on a full version of

the task (no practice trials, 72 trials total). On Day 3+, they were tested on a longer

version of the task (no practice trials, 144 trials total).
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General Components / Agents

GroupHunt 3D is comprised of four main components: the player, the orb [goal],

the fairy [blocker agent], and the maze itself.

(1) Player: The participant. Movement is unrestricted within the confines of the

maze. The player cannot move through golden doors. Task is to capture the orb /

goal as quickly and efficiently as possible.

(2) Orb: The goal. Movement is restricted to the peripheral rooms of the maze in a

single direction at a time (e.g. clockwise or counterclockwise). Movement always

starts in a given directionality and is indicated to the player at the start of each trial.

Movement can only change if the orb interacts with the fairy / blocker.

(3) Fairy: The blocker / agent companion. Movement is unrestricted within the

confines of the maze. The fairy can move through golden doors. Task is to reach

the orb / goal as efficiently as possible along the shortest path. This path is

calculated at each frame. If the fairy reaches the orb, the orb’s path changes

directionality from clockwise to counterclockwise, or vice versa.

(4) Doors: Cloud doors (passable) and golden doors (impassable). Change to both

types of doors is triggered by player movement through cloud doorways during the

Navigate phase of each trial. Movement through an open doorway triggers an

independent probability calculation for each door (1/24 during training, 1/12

during scan and post-session). If the probability check succeeds for a door, a

change occurs shifting the current type of door to the other, i.e. from cloud door to

golden door, or vice versa.

Training

On the first day, participants were trained on the environment and task to catch

rewards (magic orbs) as quickly as possible per trial. Before starting, they were

instructed their job is to catch a goal moving around the periphery of the maze,

starting in a clockwise or counterclockwise direction (indicated by the arrows at the

start of the trial). They will be joined in this task by a ‘fairy companion’ (AI) whose
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job is to reach the goal and force it to change direction (to the opposite rotation).

Lastly, four doors would always start closed in the environment, but passable doors

could become impassable at any point during the trial, and vice versa. The Training

only consisted of one maze configuration, active during the 10 practice trials and 36

main training trials (see Figure 2).

Each trial consisted of three primary phases: Plan, Navigate, and Follow. Dur-

ing the Plan phase, participants were allowed to look around (e.g. rotate themselves)

but not to move. In this phase, the scene is frozen and the walls between rooms are

lowered, allowing the participant to view the initial configuration of everything in

the maze for that trial. They are able to see three main components: the goal / magic

orb, the fairy companion / blocker, and the four doors that start closed (impassable)

for that trial. Participants were allowed to spend an unlimited amount of time in this

phase before pressing a button to continue to the Navigate phase.

During the training, the first ten trials are practice, so the walls between rooms

stay lowered for the duration of each trial’s Navigate phase, allowing participants

to see the movement of the goal and blocker, as well as any changes to the door-

ways. The Navigate phase continues until the participant catches the goal; there is

no maximum time per trial during the training. Upon reaching the goal, the trial

shifts in the Follow phase. During this phase, a path appears on the ground for the

participant to follow to the next trial’s invisible starting location. Once this new

starting location has been reached, the trial ends and the next trial starts from that

point. After the first ten trials, the remaining 36 trials proceed in the same manner

except that the walls between rooms come up after the Navigate phase has been

initiated by the participant. Each phase was separated by ITIs of 2 - 3 seconds with

an on-screen crosshair and frozen movement of the participant.

All forty-six trials were required to be completed in one sitting, without breaks,

no later than one day before the scanning session. However, performance on the

training was not used as an exclusion measure. Participants were asked to report

any motion sickness during the game, as this would restrict participation in the

scanning session.
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During the training, the doorway mechanism had a 1/24 chance of change,

triggered by player movement through an open doorway. Each step through an open

doorway triggered this mechanism on every door within the environment separately.

This mechanism was not explicitly told to participants.

fMRI Scan

On the scan day, participants were given a verbal refresher on the task components

and asked a few questions about the purpose of the game to check their understand-

ing. Before going in the scanner, participants were informed of two changes in the

task from the training: (1) they needed to wait until a cue appeared in the top right

corner to initiate each Navigate phase (cue: “$$$”), before which they were free to

look around as usual; and (2) each Navigate phase had a maximum time limit of 30

seconds, after which the reward would time out and they would be teleported to the

goal.

While in the MRI scanner, participants performed the scan version of the task,

which consisted of 72 trials, each with a Plan, Navigate, and Follow phase. Each

trial proceeded in the same manner as in the training – an unlimited Plan phase →

a time limited (new) Navigate phase → a Follow phase to the next trial’s invisible

starting location. There were no practice trials in the scan version of the task, so the

walls between rooms in the maze appeared immediately at the start of each Navigate

phase. As in the training, each trial phase was separated by a jittered ITI of 5 - 7

seconds (versus 2 - 3 seconds in the training). During this ITI, a crosshair appeared

on the screen and movement / rotation of the player was frozen.

During each Plan phase, the participant could see the primary components for

each trial: the current location of the goal / reward, the current location of the fairy

companion, the starting movement rotation of the goal / reward (clockwise or coun-

terclockwise), and the initial configuration of the maze. Each initial configuration

started with four doors closed (see Figure 2 for configurations), although this con-

figuration would change throughout the course of the trial. During the scan, the

doorway mechanism had a 1/12 chance of change (an increase in difficulty from

the training), triggered by player movement through an open doorway. Each step
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through an open doorway triggered this mechanism on every door within the envi-

ronment separately. Again, this mechanism was not explicitly told to participants.

Each Plan phase began with the walls lowered and a cue at the top of the screen

indicating the initial movement rotation of the goal (shown by ¡— or —¿). After

a jitter of 2 to 6 seconds, a second cue appeared in the top right corner (“$$$”),

indicating the Navigate phase could be initiated (see Figure 1 for participant view).

The participant was still free to continue looking around and could initiate the next

phase at any point. This was not time limited. Once they pressed the button to initi-

ate (fourth button), a crosshair appeared for 5 to 8 seconds with movement / rotation

frozen before the Navigate phase began.

At the start of each Navigate phase, the scene was unfrozen with player, goal,

and fairy movement initiated. The walls between rooms appeared in the environ-

ment right away, requiring the participant to actively navigate to the expected future

goal position. For each trial, the participant’s starting location was in the center of

one of the four interior rooms of the maze. The orb’s starting location was in one

of the twelve peripheral rooms of the maze. The fairy’s starting location was in

one of the twelve peripheral rooms of the maze (minus the room occupied by the

orb). Each block contained all possible combinations of these starting locations,

with combinations that resulted in the same initial path distance and Euclidean dis-

tance removed from the set to aid separation of these variables. The Navigate phase

ended when either the player captured the orb / goal or the time limit of 30 seconds

was reached without capture of the orb / goal. If the trial reached maximum time,

the player was teleported to the current position of the goal and cued that the trial

was unsuccessful. This cue appeared for 2 seconds. On both successful and un-

successful trials, this phase was followed by a crosshair and jittered ITI of 5 to 9

seconds. After this delay, the Follow phase began.

During each Follow phase, a line appeared on the ground of the environment.

The participant followed this line as closely as possible to the next trial’s invisible

starting location. This line was generated at runtime by computing the most direct

path from the player’s current location to the fairy’s end location to the next trial’s
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starting location. The path was designed to detour via the fairy’s end location to

produce paths similar in distance to the paths traversed during the Navigate phase.

Once this location was reached, the current trial ended and the next trial began with

the current location as the starting position. During the Follow phase, the walls stay

up but the doorways are all open, with neither cloud doors or golden doors (blocked)

in the doorways. The Follow phase of each trial functioned as a control comparison

to the Navigate phase, as done in several previous experiments (Patai et al., 2019;

Javadi et al., 2017; Howard et al., 2014).

The scan session was made up of 72 trials, each with a Plan, Navigate, and

Follow phase. See Figure 1 for participant views during all three phases. There were

two starting maze configurations during the MRI scan: configuration one was active

for trials 1 - 36 and configuration two for trials 37 - 72. Each session (training, scan,

and post-session) contained different maze configurations. All configurations were

designed to be simple to recall during the Navigate phase, with diagonal symmetry

across the center of the maze, except for the training configuration. See Figure 2 for

maze configurations (S1 and S2 for the scan session).

Before the scan, participants were shown how to use the button box and given

the opportunity to test out the buttons. However, there were no practice trials either

inside or outside the scanner. Instead, participants were given the opportunity to ask

any clarifying questions about the task before starting the MRI scan.

Post-session

To aid further modelling of behavior and error patterns, all participants were asked

to complete an additional behavioral session at home after the scan. Fourteen par-

ticipants (64%) returned the post-session. For this version of the task, the rules and

objectives were the same as in the two previous sessions (training and scan). How-

ever, the post-session was made up of 144 trials and took approximately twice as

long as the version of the task completed in the scanner. This version consisted of

four blocks, each with 36 trials containing a Plan, Navigate, and Follow phase. As

in the scan session, each block had a different initial maze configuration (see Figure

2, P1 - 4).
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Figure 2.1

fMRI Scanning and Preprocessing

Scanning was conducted at the Birkbeck-UCL Centre for Neuroimaging (BUCNI)

using a 3-T Siemens Prisma MRI scanner with a 32-channel head coil. Each scan-

ning session lasted around 1 hour and was separated into a maximum of eight runs
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(each approximately 5 - 7 minutes with nine trials per run). Approximately 280

functional scans were acquired during each run, depending on participant perfor-

mance (time taken per trial). A multi-band sequence was used (repetition time [TR]

= 1450 msec, echo time [TE] = 35 msec, acquisition time (average) = 3276 seconds,

flip angle = 70°). The scans were whole-brain (72 slices) with a multi-band accel-

eration of 4, slice thickness of 2 mm, spacing between slices of 2 mm, resolution

/ voxel size of 2x2x2 mm, field of view of 212 mm, and phase encoding A > P.

A reverse-phase encoding of 30 seconds was acquired at the end of each scanning

session, P > A. Additionally, a field map was acquired after the first task run. Both

were acquired for the purpose of distortion correction. A standard T1-weighted

high-resolution structural scan (MPRAGE) was acquired in addition to the func-

tional scans (TR = 2300 msec, TE = 30 msec, 1x1x1 mm resolution). Ear plugs and

foam padding on each side of the head were used for noise reduction. The foam

padding was additionally used for stabilization to reduce head movements. Task

stimuli were projected on a rear projector screen and mirrored for the participant’s

view. The mirror was adjusted for each participant to see full screen. Preprocess-

ing was performed using fMRIprep (Esteban et al., 2019) with default settings (see

Appendix A for full preprocessing details). Analysis was performed using SPM12.

The first three dummy scans per run were automatically discarded.

Experimental Design and Statistical Analysis

Participants completed up to 72 trials (mean trials = 68.2 ± 9.2, range = 36 - 72),

each with a Plan, Navigate, and Follow phase for a maximum total of 72 Navigate

routes and 72 Follow routes. Each Navigate route started from the previous trial’s

end position for the Follow route, with the exception of trial one which had a set

starting location. Navigate routes were designed to include every possible com-

bination of starting locations for the player, goal, and fairy. This set of routes was

randomized, with only those routes that resulted in the same initial path distance and

Euclidean distance removed from the set. Each participant was tested on the same

set of routes, in the same randomized order. This order was randomized within each

block of 36 trials. We used repeated-measures ANOVA to test for behavioral differ-



2.1. Methods 36

Table 2.1

ences between sessions and paired sample t-tests to test for behavioral differences

between blocks. We recorded all button presses but do not treat these as traditional

button presses or RT events due to the nature of the task resulting in participants

holding down buttons for longer durations. Additionally, we recorded the accuracy

of each trial as a success (player reached the goal before the 30 second time limit)

or a failure (player failed to reach the goal). However, these events did not occur

on every run for every participant. As such, we were not able to investigate the

difference between successful and failed Navigate routes.

To analyze the fMRI data, we constructed a series of general linear models

based on a priori predictions (Howard et al., 2014; Javadi et al., 2019; Yoo, Tu, &

Hayden, 2019; Mehta et al., 2019). All results are reported at a corrected threshold

of p < 0.001 with a minimum extent of five voxels. Both successful and unsuccess-

ful trials are included in Navigate events, as the occurrence of failed trials was too

rare for comparison across participants. We constructed six general linear models:

(1) Parametric effect of path distance modelled over active navigation periods.

Regressors were only calculated and included for the Navigate phase of each trial.

Path distance was calculated as the new path distance relative to the total path

distance travelled on a given trial. The distance regressor was calculated and
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included in the events as a parametric modulator at each frame with a duration of

0.034 seconds (frame delta), then convolved with the hemodynamic response

function. We also calculated other spatial metrics: Euclidian distance to goal,

Euclidian distance to fairy, and number of doors present at each frame. As path

distance and Euclidean distance were highly correlated (see Table 1), our main

analysis involved modelling the parametric regressor for path distance

independently. Additionally, it must be noted that path distance is highly correlated

with time elapsed in trial. To address this, we modelled the path distance variable

during the planning period and navigation onset as follow-up. See below.

(2) Parametric effect of path distance travelled (per trial) modelled over planning

ITI. The total path distance was modelled as the modulator for the onset and

duration of each trial planning period, i.e. the ITI after the pre-trial period. During

this time, participants have seen the initial starting position of all agents as well as

the initial configuration of the maze. We included this model to better capture the

BOLD activity modulated with planning complexity.

(3) Parametric effect of path distance travelled (per trial) modelled over navigation

onset. The total path distance was modelled as the modulator for the onset of each

active navigation period, i.e. immediately after the planning ITI. We modelled this

regressor as an instantaneous event with a duration of zero seconds. Like the

previous model, we included this analysis to better capture the BOLD activity

modulated with planning complexity.

(4) Parametric effect of path distance to goal and Euclidean distance between self

and fairy. Regressors were only calculated and included for the Navigate phase of

each trial. Path distance was calculated as the new path distance relative to the total

path distance travelled on a given trial (same as in previous model). Euclidean

distances were calculated as the straight line distance between the player and the

fairy. Both distance regressors were calculated and included in the events as

parametric modulators at each frame with a duration of 0.034 seconds (frame

delta). Both regressors were then convolved with the hemodynamic response
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function. As path distance to goal and self-fairy Euclidean distance were

differentiable in this task (see Table 1), this analysis involved modelling the

parametric regressors together.

(5) Categorical effect of condition inter-trial interval [ITI] (i.e. the ITI before the

Navigate phase and the ITI before the Follow phase). The onset of the condition

regressor was at the onset of each ITI respectively (plan ITI, follow ITI). The

duration for each event was 5 seconds (the minimum duration for each range).

(6) Categorial effect of condition trial type (phase) – Navigate versus Follow. The

onset of the condition regressor was at the onset of each trial phase (navigate,

follow). The duration for each event was the trial phase duration.

2.2 Results

Behavior

We used time, path distance, average Euclidean distance, and number of successful

trials (i.e. trials in which the goal was captured before the time limit of 30 seconds)

as the primary performance metrics. To compare behavior across all three sessions

(training, scan, and post-session), we ran repeated-measures ANOVAs for time and

path distance. We found a significant change in path distance (F(1,21) = 3.98, p <

0.05) with significant path distance change between the training (mean PD = 39.6 ±

18.5 meters) and scan sessions (mean PD = 28.0 ± 10.8 meters) (t-stat = 4.85, p <

0.001).

To account for the possible effect of initial environment change during the MRI

task, we compared time, path distance, average Euclidean distance, and number of

successes across blocks one and two of the scan session. We found a significant

change in trial time from block 1 (mean time = 28.9 ± 5.3 seconds) to block 2 (mean

time = 26.1 ± 5.4 seconds) (t-stat = 3.46, p < 0.01). See Table 2 for comprehensive

t tests.
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Figure 2.2
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Table 2.2

fMRI results

For all results, reported regional activations are voxel-wise error corrected for whole

brain (FWE). For our regions of interest, an uncorrected threshold of p < 0.001 is

used. In this experiment, the Follow phase of each trial was designed as a control

to the active route-planning required during the Navigate phase of each trial. We

found significant increase in activation in parietal regions (inferior and superior),

lateral prefrontal cortex (PFC), and right hippocampal modulated with route plan-

ning (nav ITI) or active navigation (Navigate phase). In addition, the design of

this task allowed us to investigate simultaneous tracking of multiple agents, as in a

collaborative or group-hunting-like behavior, so we modelled both path distance to

goal and Euclidean distance to the fairy and found dorsomedial PFC modulated with

both regressors. We also found modulation of activity in anterior cingulate cortex

for Euclidean distance to the fairy at the lower threshold. To investigate tracking of

environmental complexity, we considered the number of blocked doorways in the

environment as a proxy of environmental complexity and modelled this number as

a parametric regressor during each Navigate phase. We found an increase in right

hippocampal activity modulated with the number of blocked doorways. Addition-

ally, we found an increase in bilateral hippocampal activity modulated with goal

proximity (path distance)[see appendix I].
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Parietal and Dorsolateral PFC Activity in Response to Route Planning

and Active Navigation

To test our control (Follow phase) versus our test (Navigate phase), we constructed

a GLM comparing the categorical effect of inter-trial intervals [ITI] before each

phase onset (i.e. the ITI before the Navigate phase and the ITI before the Follow

phase). The onset of the condition regressor was at the onset of each ITI respec-

tively (plan ITI, follow ITI) and durations for each event were set at 5 seconds, the

minimum time for each interval. After whole brain correction, we found significant

left inferior parietal activation increase (t-stat = 13.9, p < 0.001) as well as bilat-

eral superior parietal activation increase (left: t-stat = 11.6, p < 0.001; right: t-stat

= 11.5, p < 0.001) for the inter-trial interval between the Plan phase and Navigate

phase. Additionally, we found an increase in bilateral activation in dorsolateral PFC

for the same interval [plan ITI] (left: t-stat = 8.68, p < 0.001; right: t-stat = 7.46, p

< 0.001). See Appendix B for exhaustive results (FWE).

To further explore this pattern, we constructed a second GLM comparing the

categorical effect of each movement phase in its entirety. The onset of the condi-

tion regressor was at the onset of each phase respectively (Navigate onset, Follow

onset). The duration for each condition event was the duration of each phase event

– Navigate (mean duration = 12.3 ± 5.7 seconds) and Follow (mean duration = 12.9

± 3.2 seconds). After correction, we found significant right dorsolateral PFC acti-

vation increase (t-stat = 8.07, p < 0.001) and right frontopolar prefrontal cortex /

BA10 (t-stat = 7.84, p < 0.001) correlated with the modulation of active navigation

periods in contrast to passive following period. At an uncorrected threshold of p <

0.001, we find activation in the right caudate (t-stat = 4.23, p < 0.001), although

this activity spreads into ventricular regions and does not survive family-wise er-

ror correction. The increased activation in dorsolateral PFC in both the categorical

contrasts between inter-trial intervals and phase events highlights the presence of

this activation for active navigation and not due to the visual differences between

the Navigate and Follow conditions. See Appendix C for exhaustive results (FWE).



2.2. Results 42

Dorsolateral PFC, mid-cingulate, and frontopolar PFC Modulated

with Path Distance

To test the effect of change in path distance to goal, we constructed a GLM mod-

elling the parametric modulation of path distance at each frame during the Navigate

phase of each trial (every 0.034 seconds). The onset of each event was at the onset

of each frame for the duration of each Navigate phase – i.e. from the end of the

plan ITI until the start of the follow phase ITI (mean duration = 11.47 ± 4.33 sec-

onds). After whole brain correction, we found significant bilateral dorsomedial PFC

activation increase (left: t-stat = 7.98, p < 0.001; right: t-stat = 11.5, p < 0.001)

modulated with an increase in path distance. Additionally, we found an increase

in bilateral inferior occipital activation modulated with a decrease in path distance

(left: t-stat = -9.91, p < 0.001; right: t-stat = -16.5, p < 0.001). We also found

orbito-frontal (t-stat = -7.80, p < 0.001) and bilateral hippocampal activation (left:

t-stat = -5.13, p < 0.001; right: t-stat = -6.07, p < 0.001) driven by a decrease in

path distance, i.e. closer proximity to the goal. Additionally, when we looked at

activity dominant during the start of a trial, we found increased activation in dorso-

lateral PFC; however, we found increased activation in anterior / middle cingulate

cortex (t-stat = 4.85, p < 0.001) and right frontopolar PFC (t-stat = 6.76, p < 0.001)

at the end of trials. A small right hippocampal volume (eight voxels) survives cor-

rection and is modulated with a decrease in path distance (t-stat = -6.74, p < 0.001).

See Appendix D for exhaustive results (FWE).

Due to the nature of this task as goal-directed, path distance as a regressor is

highly correlated with time in trial. In order to better capture the regional BOLD ac-

tivity correlated with planning complexity, we modelled path distance during both

the planning period of each trial (ITI) and the instantaneous onset of each active nav-

igation period. During the planning period, we found activity in bilateral parahip-

pocampal gyrus (right: t-stat = 9.24, p < 0.001; left: t-stat = 8.01, p < 0.001),

superior medial frontal (t-stat = 7.64, p < 0.001), and medial orbitofrontal cortex

(t-stat = 7.90, p < 0.001) modulated with shorter distances travelled. For longer

distances, we found activity in bilateral nucleus accumbens (right: t-stat = 4.61, p
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< 0.001; left: t-stat = 5.63, p < 0.001), left middle cingulate cortex (t-stat = 4.01, p

< 0.001), and right frontopolar prefrontal cortex (t-stat = 3.94, p < 0.001). For the

onset of active navigation periods, we found activity in bilateral parahippocampal

gyrus (right: t-stat = 9.69, p < 0.001; left: t-stat = 9.93, p < 0.001) modulated

with shorter distances travelled during the associated active navigation periods. For

longer distances, we found activity in right frontopolar prefrontal cortex (t-stat =

7.52, p < 0.001), bilateral caudate / nucleus accumbens (right: t-stat = 5.95, p <

0.001; left: t-stat = 4.85, p < 0.001), right middle cingulate cortex (t-stat = 4.67, p

< 0.001), and bilateral dorsolateral prefrontal cortex (right: t-stat = 5.16, p < 0.001;

left: t-stat = 5.12, p < 0.001).

To investigate simultaneous tracking of multiple agents within the environment

(Yoo, Tu, & Hayden, 2019), we constructed a GLM modelling parametric Euclidean

distance to the fairy (from the player). Path distance to goal and Euclidean distance

to the fairy were not correlated within this experiment (see Table 1) but have an

unequal number of events due to the nature of the fairy’s objective (i.e. disappears

on interaction with the goal). The onset of the Euclidean distance to fairy events

was at the onset of each frame starting from the onset of the Navigate phase. The

events ended when either the trial ended (Navigate phase end) or the fairy interacted

with the goal (time ¡= trial duration). Before correction, we found an increase in

activity modulated by an increase in Euclidean distance to the fairy in left anterior

cingulate cortex (t-stat = 4.23, p < 0.001). Additionally, we found bilateral activity

increase in caudate correlated with the modulation of Euclidean distance (left: t-stat

= 4.43, p < 0.001; right: t-stat = 6.55, p < 0.001; uncorrected). After whole brain

correction, we found significant bilateral dorsomedial PFC activation increase (left:

t-stat = 8.62, p < 0.001; right: t-stat = 12.6, p < 0.001) modulated with an increase

in Euclidean distance to the fairy. See Appendix E for exhaustive results (FWE).

See Figure 3.
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Figure 2.3

2.3 Discussion
By combining fMRI and an immersive, realistic VR environment, we were able to

investigate the modulation of activity in several key brain regions (i.e. hippocam-

pus, prefrontal cortex, and anterior cingulate cortex) when one is actively navigating

towards a dynamically moving reward. We also included a collaborative component

to the task, the fairy companion, that acted as an agent within the environment as

well as a planning component for the participant to account for during their planning

and navigation. Lastly, the VR environment consisted of an unstable, changeable

structure, requiring participants to constantly update their route upon the discovery

of an unexpected detour within the environment. All of these factors considered,
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this task allowed us to investigate dynamic route planning not yet explored in hu-

mans. To establish a control in contrast with active navigation, we designed ‘Fol-

low’ routes that required movement, egocentric angle changes, and duration con-

sistent with that of ‘Navigate’ routes. These routes, however, did not require any

planning or updating of one’s route. We found activation in parietal regions as well

as in dorsolateral prefrontal cortex was correlated with both Navigate planning and

trials compared to Follow ‘planning’ and trials. However, differences in eye move-

ments could explain a portion of the effect and must be considered in follow up

analysis. Parametrically, we looked at the modulation of activity with path distance

to goal and Euclidean distance to fairy and found activity in dorsomedial prefrontal

cortex increased with both an increase in path distance to goal and Euclidean dis-

tance to fairy. Additionally, we found activity in anterior cingulate cortex increased

with an increase in Euclidean distance to fairy (uncorrected). Lastly, we consid-

ered the number of blocked doorways within the environment at each timepoint to

be a proxy of environmental complexity and found activity in right hippocampus

increased with a positive change in the number of blocked doors (uncorrected).

Contrary to past findings, we did not find activation of retrosplenial cortex

modulated by any metric analysed in this dataset, e.g., path distance, Euclidian dis-

tance to other, or active / passive navigation contrast. This is surprising as past

evidence has implicated this region in goal distance coding and goal proximity cod-

ing (Epstein, 2008; Patai et al., 2017, 2019). Similar to the non-robust hippocampal

activations found in this work, it is possible the environment tested does not allow

for detection of retrosplenial modulation as the complexity of constant changes to

both the environment itself and the goal position make coding of distance and goal

information difficult.

Active Navigation > Passive Following: Parietal, dlPFC, and BA10

The correlation of activity in parietal regions, dorsolateral prefrontal cortex, and

frontopolar prefrontal regions (BA10) with the contrast of active navigation com-

pared to a passive control (the Follow phase in this task) is consistent with prior

fMRI findings with a similar design structure (Patai et al., 2019; Spiers & Maguire,



2.3. Discussion 46

2006; Hartley et al., 2003). This result supports the argument that hippocampal

and frontal regions support route planning and active navigation (Aguirre et al.,

1996; Ekstrom et al., 2003; Maguire et al., 1998; Iaria et al., 2003). Past work has

implicated frontopolar regions specifically in other related domains of mentalizing

(Amodio & Frith, 2006), forming and maintaining future intentions (Burgess et al.,

2007; Volle et al., 2011), and reconciling competing goals (Mansouri et al., 2017)

— all possible factors involved in this task alongside the contrast of active navi-

gation. The differentiation of trials into Navigate and Follow phases allowed us to

investigate goal planning and route updating as well with more activity in dorsolat-

eral prefrontal cortex when routes are being planned [during the planning ITI] and

when routes are being followed / updated [during the entire Navigate phase]. This

supports the findings of prior work finding similar contrast in cortical activity for

active versus passive conditions (Spiers & Maguire, 2006; Patai et al., 2019; Hartley

et al., 2003). Brown and colleagues found activity in a similar region for the contrast

between overlapping and non-overlapping routes in their maze task (2010). Due to

the nature of our block design, each block of 36 trials starts with the same initial

configuration (four blocked doors). This may have resulted in an overlapping-like

effect where Navigate trials within a block are perceived as more overlapping than

Follow trials within the same block, as the Follow trials have no configuration or

door structure (Brown et al., 2010). Additionally, the activation in frontopolar PFC

is consistent with the activation during spontaneous navigation versus coasting in

London taxi drivers (Spiers & Maguire, 2006; Spiers & Maguire, 2007).

In contrast to prior work, we did not find hippocampal activation in response

to active navigation. Similar paradigms involving active navigation and passive fol-

lowing have found posterior regions of the hippocampus to be correlated with active

navigation (Patai et al., 2019). In our task, however, unexpected detours required

the constant updating of routes within a trial, suggesting that route ‘following’ may

not be the driver of this effect in our task. It may be that this is moderated by the

environmental complexity / the number of detours encountered by the participant

within a trial.
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Path Distance to Goal: dlPFC, anterior / middle cingulate cortex, and

PPA

In this task, we found tracking of distance to goal in dorsolateral prefrontal cortex,

broadly consistent with similar work (Patai et al., 2019; Javadi et al., 2019). In

this experiment, we looked at parametric modulation of constantly changing path

distance to goal (i.e. this metric was updated at every frame). Prior work has found

tracking in this area as well as in the hippocampus for non-continuous distance to

goal. Specifically, Javadi and colleagues found an increase in frontal activation for

events resulting in longer path distance, such as detours and false short-cuts (2019).

We do not consider these events to be separate in our task, and all Navigate events

are modelled together with their respective path distance modulations. Additionally,

the goal in our experiment is dynamically moving throughout the trial, whereas

the reward / goal locations in most spatial paradigms are fixed throughout the trial

and / or task. Before correction, we found tracking of goal proximity in bilateral

anterior hippocampus, in line with previous findings that the anterior hippocampus

is more active at the end of a route when goal proximity is shorter (Balaguer, Spiers,

Hassabis, & Summerfield, 2016; Viard et al., 2011).

In order to further investigate the effect of path distance as a proxy of trial

difficulty, we modelled path distance during the planning period (ITI) and the im-

mediate onset of the active navigation period. We found that for shorter distances

/ less complex trials, planning periods were defined by activity in parahippocam-

pal gyrus, orbitofrontal cortex, and frontal superior medial cortex. For the onset of

active navigation periods for trials with shorter distance traveled, we found activity

in parahippocampal gyrus as well. These findings are consistent with the evidence

supporting the roles of these regions in scene and reward processing (Epstein, 2008;

Yoo et al., 2018). In contrast, for longer distances / more complex trials, we found

activity during both planning and active navigation onset in the right frontopolar

prefrontal cortex, middle cingulate cortex, and nucleus accumbens / caudate. These

findings are consistent with the proposed role of the frontopolar PFC / BA10 in fu-

ture choice selection and future path simulation / searching of possible future paths
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in spatial navigation study (Howard et al., 2014; Javadi et al., 2017; Badre & Nee,

2018; Burgess et al., 2007) and the role of the cingulate cortex in choice and deci-

sion making with some evidence of distance tracking in spatial domains (Kennerley

et al., 2006; Rushworth & Behrens, 2008; Howard et al., 2014). There is some

evidence from work with macaques that the anterior cingulate cortex tracks multi-

agent information (Yoo et al., 2021; Yoo et al., 2020). This task requires a similar

tracking; however, we find more middle rather than anterior cingulate activation

moderated with complexity. Future analyses will focus on dissociating this rela-

tionship, as we predict a moderation with trial-specific agent utility. The caudate

activation for the planning and onset of more difficult routes is broadly consistent

with the proposed role of the striatum in flexible navigation and route recognition

(Iaria et al., 2003; Voermans et al., 2004; Goodroe, Starnes, & Brown, 2018; Gahn-

ström & Spiers, 2020).

Euclidean Distance to Other: dmPFC and ACC

As this task aimed to investigate tracking of multiple environmental variables, we

modelled Euclidean distance to the fairy [the agent ‘Other’ in this design] and found

similar tracking to path distance in dorsomedial prefrontal cortex. We hypothe-

sized activity in anterior cingulate cortex (Yoo, Hayden, & Pearson, 2021; Yoo,

Sleezer, & Hayden, 2018; Yoo, Tu, & Hayden, 2021) as this task required tracking

of multiple agents, and we found activity in this region modulated with an increase

in Euclidean distance to the ‘Other’ agent (fairy companion). However, these re-

sults did not survive family-wise error correction. We suggest this may be due to a

performance-driven effect, i.e. participants with worse performance are likely not

engaging in tracking of environmental information, to include Euclidean distance

to their companion agent. We also considered environmental complexity, with the

number of blocked doors as a proxy of this spatial metric, and found a non-robust

modulation of activity in right hippocampus. Similar tasks in macaques have found

robust tracking of multiple environmental variables in cortical regions and caudate,

which we did not find with the modelling of doorways (Yoo, Hayden, & Pearson,

2021; Yoo, Sleezer, & Hayden, 2018; Yoo, Tu, & Hayden, 2021). We suggest the
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number of doorways to be an ineffective proxy for environmental complexity, as

both visibility and task design do not allow the participant to either see or effec-

tively predict the number of doors present at any time [beyond initial start] during a

given Navigate phase trial.

To further explore multicentric tracking, future research will be needed in a

paradigm allowing for constant visibility of goal and prey location. This study al-

lowed for visibility only at the start of each trial in order to allow for hippocampal

tracking of distance information. Additionally, future research is needed to better

understand the neural mechanisms involved in multicentric tracking in regions other

than anterior cingulate, as this study found evidence suggesting a role for dorsome-

dial prefrontal regions as well. It should also be considered the extent to which

this task is able to dissociate peripersonal tracking of object information; e.g., goal

position and fairy position, in egocentric space versus tracking of self-location via

an allocentric reference frame. Previous work has suggested these two reference

frames to be coded disparately by fronto-parietal regions and by medial temporal

regions, respectively (Ciaramelli et al., 2010; Levine, Warach, & Farah, 1985; Stark,

Coslett, & Saffran, 1996; Maguire, 2001; Takahashi et al., 1997). The spread of ac-

tivity found in this experiment may be due to the nature of multicentric, multi-agent

tracking. In addition to this limitation of reference frame dissociation, this thesis

does not include performance within the scope of analysis. This is an avenue to

be considered in future analyses. Specifically, it will be critical to observe the po-

tentially moderating effect of performance, i.e., we expect an increase in activation

for critical areas when performance is ’successful’, as these trials are indicative of

on-task, more optimal behaviour.

2.4 Conclusion

These results present the first evidence, to our knowledge, for human navigation

in a task with a continuously moving goal location and multi-agent design. In this

study, we find evidence consistent with the proposed role of cingulate cortex and

frontopolar prefrontal cortex in reward based decision making as well as multicen-
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tric tracking in spatial navigation. Additionally, we found tracking of path distance

in dorsolateral prefrontal cortex as well as frontopolar prefrontal cortex, middle

cingulate cortex, and caudate / nucleus accumbens with an increase in activation

correlated with longer distances, suggesting moderation of planning complexity.

Additionally, we found new evidence for multicentric tracking [egocentric] in the

human [middle] cingulate cortex and dorsomedial prefrontal cortex with activity in

these regions tracking Euclidean distance to a non-goal agent. This work further

emphasizes the need for ecologically valid design in spatial navigation study with

resultantly non-trivial behavior.



Chapter 3

Neural correlates of navigation:

Hippocampal volume ratio and Sea

Hero Quest

The hippocampus plays a critical role in spatial navigation, but the understanding

of structural changes that promote navigation ability are still unclear. In some ro-

dent and avian species, hippocampal size scales with the extent of spatial memory

demand on behavior (Lee et al., 1998; Smulders et al., 1995). In humans, however,

this finding seems to be moderated by navigational expertise. In an expert sample

of navigators, licensed London taxi drivers, the posterior hippocampus was found

to be larger relatively in taxi drivers compared to non-taxi drivers (Maguire et al.,

2000; Maguire, Woollett, & Spiers, 2006); and, this effect was found to scale with

years of experience as a driver (Maguire et al., 2000; Maguire et al., 2006a; Woollett

& Maguire, 2009; Woollett & Maguire, 2012). However, for non-expert navigators,

the story is less clear with inconsistent findings in favor or opposed to a relationship

between hippocampal volume and navigation ability. Some recent work has found

evidence consistent with a scaling of volume with navigation ability (Bohbot et al.,

2007; Schinazi et al., 2013; Konishi & Bohbot, 2013; Chrastil et al., 2017; Sherrill

et al., 2018; Brunec et al., 2019; Hodgetts et al, 2020; He & Brown, 2020; Hao et

al., 2017).
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3.1 Methods

Participants

This study was approved by the UCL PaLS Ethics Committee for MRI acquisi-

tion (fMRI/2021/001). Separate behavioral ethics were obtained for the at-home

portions of this study (EP/2018/008).

Participants were recruited in two batches. The first round of recruitment took

place from 2018 to 2020 through self-selecting re-contact from previous MRI stud-

ies conducted at the Birkbeck-UCL Centre for Neuroimaging [BUCNI]. Twenty-

five participants participated in this round (mean age = 25.0 ± 3.74, range = 21

- 38; 11 women, 2 sex / age undisclosed). The second round of recruitment was

conducted via University College London’s Psychology Subject Pool (UCL SONA,

https://uclpsychology.sona-systems.com) during May and June of 2021. Twenty-

four participants participated in this round (mean age = 25.2 ± 5.04, range = 19 -

36; 14 women). Three participants were excluded from analysis due to a missing

structural scan; one participant was excluded due to excessive head movement dur-

ing the structural scan resulting in poor visibility; and one participant was excluded

due to missing data from Sea Hero Quest. The analysed sample after exclusion

is composed of 44 participants, twenty-one from round one and twenty-three from

round two (mean age = 25.2 ± 4.6, range = 19 - 38; 23 women, 1 sex / age undis-

closed).

Participants were administered two navigation assessments prior to scanning:

the Santa Barbara Sense of Direction Scale [SBSOD] (mean score = 4.35 ± 1.0,

range = 2.1 - 6.5) and Navigational Strategies Questionnaire [NSQ] (mean score =

0.39 ± 4.8, range = -9 - 8) (Hegarty, Richardson, Montello, Lovelace, & Subbiah,

2002; Brunec et al., 2018). In round two of recruitment, participants were also

asked to provide responses to nine additional questions included in the global re-

lease of Sea Hero Quest. Additionally, a question about GPS use was added to this

questionnaire: ‘About how often do you use GPS for navigation when travelling?’

Responses to all ten additional questions are shown in Table 1.

All participants were right-handed, have corrected-to-normal or normal vision,
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no color blindness, and reported no metallic implants or claustrophobia. All partic-

ipants were compensated at a rate of £10 per hour (first round: fixed compensation

of £40; second round: fixed compensation of £15). This difference in compensa-

tion is due to the estimated time difference for each round. Round one participants

completed 58 levels of Sea Hero Quest; whereas, round two participants completed

24 levels of the game.

All participants gave online and written consent to participate in each compo-

nent of the study in accordance with the Birkbeck-UCL Centre for Neuroimaging

Ethics Committee.

Sea Hero Quest

Participants played selected levels of the mobile-app game, Sea Hero Quest (Coutrot

et al., 2018). See Introduction - General Methods for a full description. Participants

in round one of recruitment completed 58 levels consisting of 35 wayfinding levels,

15 flare levels, five radial levels, and 3 ‘just-for-fun’ levels. Participants in round

two of recruitment completed 24 levels consisting of 14 wayfinding levels, 5 flare

levels, five radial levels, and no ‘just-for-fun’ levels. Both groups were given the

same instructions: (1) Play the required levels at their leisure, in the order provided,

without replaying any levels; (2) The only exception to the replay instruction was

to play level 43 a total of three times. The participants (n = 44) included in the

subsequent analysis played all 58 or 24 levels required. See Appendix A for a full

level breakdown for each round. See Figure 1 for participant views for all level

types.
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Figure 3.1

Online Questionnaire

All participants completed two navigational questionnaires: the Santa Barbara

Sense of Direction Scale and the Navigational Strategies Questionnaire (Hegarty,



3.1. Methods 55

Table 3.1

Richardson, Montello, Lovelace, & Subbiah, 2002; Brunec et al., 2018). The Santa

Barbara Sense of Direction Scale asks participants to self-report their ‘sense of di-

rection’ and was developed to be a more predictive measure of environmental abil-

ities than other metrics (e.g. distance estimation or map drawing). Whereas, the

Navigational Strategies Questionnaire asks participants to rate themselves on a se-

ries of questions regarding their propensity to use maps – providing researchers with

a ‘mapping score’ for each participant. This ‘mapping score’ has been previously

found to correlate with navigational efficiency and posterior-anterior hippocampal

ratio in humans (Brunec et al., 2019). In additional to these questionnaire, partici-

pants in the second round of recruitment were asked to respond to eleven additional

questions: nine questions taken from the global release of Sea Hero Quest, one

question asking if they had previously played Sea Hero Quest, and a final question

asking about their GPS use when travelling (see Table 1). These questionnaires

were completed on Gorilla (gorilla.sc), an online experiment builder developed by

researchers at University College London. All participants completed both the ques-

tionnaire and Sea Hero Quest portions of the task at home on a personal computer

and mobile / tablet. Mobile software differences are not considered, but participants

were able to complete Sea Hero Quest on either an Apple or Android device.
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Hippocampal Segmentation

For each participant, a standard structural scan was acquired at a resolution of 1

mm3̂ voxel size. These images were preprocessed using standard settings via fM-

RIprep (see MRI Scanning and Preprocessing). After preprocessing, each 3D image

was manually segmented into right and left hippocampus and subsequently seg-

mented into posterior and anterior regions for both the right and left hippocam-

pus. Posterior regions were defined as hippocampal volumes posterior to the uncal

apex, identified manually for each participant and for each hemisphere (Poppenk

& Moscovitch, 2011). All segmentations were performed using MRICron with a

smoothing strength of four. See MRI Scanning and Preprocessing for more details.

See Figure 2 for an example segmentation.

MRI Scanning and Preprocessing

Scanning was conducted at the Birkbeck-UCL Centre for Neuroimaging (BUCNI)

using a 3-T Siemens Prisma MRI scanner with a 32-channel head coil. A stan-

dard T1-weighted high-resolution structural scan (MPRAGE) was acquired along

with study-dependent functional scans (TR = 2300 msec, TE = 30 msec, 1x1x1

mm resolution). Ear plugs and foam padding on each side of the head were

used for noise reduction. The foam padding was additionally used for stabiliza-

tion to reduce head movements. Participants viewed a blank screen or a fix-

ation cross for the duration of the scan (approximately five minutes). Prepro-

cessing was performed using fMRIprep (Esteban et al., 2019) with default set-

tings (see Appendix A for full preprocessing details). Segmentation was per-

formed with MRICron (https://www.nitrc.org/projects/mricron), volumetric calcu-

lations with Nibable (https://github.com/nipy/nibabel), and standard analysis con-

ducted in a Python 3.9 Anaconda environment (available on Github @ goodroe-

sarah).

Experimental Design and Statistical Analysis

For group-level analyses, we used independent t-tests to test for behavioral and

structural differences between the first and second rounds of recruitment. For all
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within-group pairwise comparisons, we used Pearson’s r calculations with a signif-

icance threshold of 0.05 corrected for multiple comparisons.

Subsequently, we fit three multiple linear regression (Ordinary Least Squares

Regression) models to each performance metric, encompassing our three predic-

tive measures: the Santa Barbara Sense of Direction Scale (SBSOD), the Navi-

gational Strategies Questionnaire (NSQ), and right posterior-anterior hippocampal

ratio. These three models are summarized below:

The statistical package utilized for all regression modelling in this chapter

(statsmodels.api) includes default correction for multiple comparisons. The p-

values reported in this chapter, for each regression, are the post-correction values.

Model comparison takes into account complexity features of number of coefficients,

coefficient weights, coefficient variance and statistical significance, overall variance

explained (R-squared), and the Akaike Information Criterion (AIC).

(1) SBSOD + right post-ant hippocampal ratio: We considered only the extent of

variance explained by ‘sense of direction’ and right hippocampal ratio. This

accounts for the interaction between hippocampal volume ratio and self-reporting

navigational ability.

(2) NSQ + right post-ant hippocampal ratio: We considered only the extent of

variance explained by individual ‘mapping’ scores and right hippocampal ratio.

This accounts for the interaction between hippocampal volume ratio and

self-reporting map use.

(3) SBSOD + NSQ + right post-ant hippocampal ratio: We considered the extent

of variance explained by all predictive variables of interest: ‘sense of direction’,

individual ‘mapping’ scores, and right hippocampal ratio. This accounts for the

interaction between all anticipated predictive measures of hippocampal volume

ratio, self-reporting navigational ability, and self-reporting map use.

We also ran each model for left posterior-anterior hippocampal ratio and aver-

age posterior-anterior hippocampal ratio (average over left and right hippocampi).

Additionally, we ran a series of hierarchical linear mixed effect models with the
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same parameters for wayfinding distance, wayfinding duration, and flare accuracy

under the hierarchy of group level, i.e. recruitment round 1 (Group 1) or recruit-

ment round 2 (Group 2). All regression modelling was performed in python with

statsmodels (statsmodels.org).

3.2 Results

Group Level Differences

Participants in round one of recruitment will now be referred to as Group 1; the

second round will be referred to as Group 2. We found no difference in scores on

the Santa Barbara Sense of Direction Scale or the Navigational Strategies Question-

naire between groups. Additionally, we found no difference in right hippocampal

posterior-anterior ratio or left hippocampal posterior-anterior ratio between groups.

We did find a difference in total brain volume between groups, with Group 2 (mean

volume = 11.4e6, SD = 31.6e4 mm3̂) having larger overall brain volumes compared

to Group 1 (mean volume = 9.9e6, SD = 3.8e4 mm3̂; t-stat = -22.6, p < 0.001).

For the primary behavioral measures, we found a difference in performance

on wayfinding levels, with a significant difference for both wayfinding distance

travelled and wayfinding average duration. Group 2 (mean distance = 5.01 ± 1.4 vm)

travelled further on average compared to Group 1 (mean distance = 4.16 ± 0.9 vm; t-

stat = -2.4, p < 0.05); and, Group 2 (mean duration = 4.5 ± 1.5 seconds) took longer

on average for wayfinding levels compared to Group 1 (mean duration = 3.5 ± 1.2

seconds; t-stat = -2.2, p < 0.05). We found no difference between groups on any

other trial types: flare, radial, or repeat on any associated performance measures.

Sea Hero Quest

The following analyses consider both groups together (n = 44). As Group 2 com-

pleted a shorter set of levels, we only consider the shorter set here. We considered

several performance measures for Sea Hero Quest, and these measures are level

type specific. For wayfinding levels, we considered two performance metrics: dis-

tance travelled in virtual meters (vm) and duration in seconds. For flare levels,

we considered one performance metric: flare accuracy, i.e. whether the participant
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Table 3.2

selected the correct response (A, B, or C). For radial levels, we considered four

performance metrics: distance travelled in virtual meters, duration, probe error, and

working memory error. Probe error is calculated as the number of errors made by

revisiting Stage 1 arms in Stage 2. Working memory error is calculated as revisiting

the same arm more than once in Stage 2. The radial maze levels are split into these

two stages: (1) Stage 1: participants visit specific arms of the maze; and (2) Stage 2:

participants are required to visit the arms of the maze previously unvisited in Stage

1. For level 43, the repeat level, we considered two performance metrics: the learn-

ing rate for distance travelled in virtual meters and the learning rate for duration in

seconds. Average performance for all measures are shown in Table 2.

Hippocampal Ratio

For each participant, several volumes were calculated: total brain volume, ratio

of right hippocampus to total brain volume, ratio of left hippocampus to total brain

volume, ratio of posterior to anterior right hippocampus, and ratio of posterior to an-

terior left hippocampus. We found no difference between left and right hippocampal

volume ratios (posterior / anterior). Additionally, we found no difference between

left and right hippocampal volume, unadjusted for posterior or anterior. Average

volumes for all regions are shown in Table 3.
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Table 3.3

Simple Linear Regression

For the Navigational Strategies Questionnaire, we found a significant increase in

flare accuracy associated with an increase in the NSQ mapping score (Pearson’s r =

0.35, p < 0.05).

For the Santa Barbara Sense of Direction Scale, we found a significant de-

crease in wayfinding distance (vm) associated with an increase in the SBSOD score

(Pearson’s r = -0.33, p < 0.05). We found a significant decrease in wayfinding du-

ration (s) associated with an increase in the SBSOD score (Pearson’s r = -0.38, p <

0.05).

For the right posterior-anterior hippocampal volume ratio, we found no signif-

icant correlations with any of our behavioral measures. Likewise, for left posterior-

anterior hippocampal volume ratio, we found no significant correlations with any of

our behavioral measures.

Between our regressors, we found a significant positive relationship between

scores on the Navigational Strategies Questionnaire and scores on the Santa Barbara

Sense of Direction Scale (Pearson’s r = 0.38, p < 0.05). Additionally, we found a

significant positive relationship between left and right post-ant volume ratios (Pear-

son’s r = 0.52, p < 0.001).
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Hierarchical Multiple Regression

Results from right hippocampal ratio mixed effects models are shown in Table 4.

Convergence is poor across models, with 0.95 confidence only for right hippocam-

pal ratio as a predictor in model 2 (NSQ + right hippocampal post-ant ratio) pre-

dicting wayfinding distance travelled (vm). We do not find evidence to suggest our

two groups be modelled separately. Subsequent multiple regression models are fit

to the entire dataset. See Appendix B for left hippocampal ratio models.
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Figure 3.2

Multiple Regression (Right Hippocampus)

In order to explore whether Sea Hero Quest performance was best fit by a combi-

nation of factors rather than hippocampal volume alone, we compare the fit of three

models. In the first model, the performance metric is predicted by sense of direction

(SBSOD score) and posterior volume ratio. In the second model, the performance

metric is predicted by mapping propensity (NSQ score) and posterior volume ratio.

In the third and last model, the performance metric is predicted by all three predic-
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tors – sense of direction, mapping propensity, and posterior hippocampal volume

ratio.

For average wayfinding distance travelled (vm), we found model three (F-stat

= 108.8, p < 0.001, adj. R2 = 0.88) to be the best fit compared to model one (F-stat

= 150.2, p < 0.001, adj. R2 = 0.87) or model two (F-stat = 138.7, p < 0.001, adj. R2

= 0.86). For average wayfinding duration (s), we found model three (F-stat = 67.7,

p < 0.001, adj. R2 = 0.82) to be the best fit compared to model one (F-stat = 96.3,

p < 0.001, adj. R2 = 0.81) or model two (F-stat = 95.4, p < 0.001, adj. R2 = 0.81).

For average flare accuracy, we found model one (F-stat = 431.3, p < 0.001,

adj. R2 = 0.95) to be the best fit compared to model two (F-stat = 314.0, p < 0.001,

adj. R2 = 0.93) or model three (F-stat = 292.3, p < 0.001, adj. R2 = 0.95).

For average radial distance travelled (vm), we found model three (F-stat =

374.4, p < 0.001, adj. R2 = 0.96) to be the best fit compared to model one (F-stat

= 495.4, p < 0.001, adj. R2 = 0.95) or model two (F-stat = 297.0, p < 0.001, adj.

R2 = 0.93). For average radial duration (s), we found model two (F-stat = 52.4, p

< 0.001, adj. R2 = 0.70) to be the best fit compared to model one (F-stat = 47.7, p

< 0.001, adj. R2 = 0.68) or model three (F-stat = 35.9, p < 0.001, adj. R2 = 0.70).

For average radial probe error, we found model one (F-stat = 161.3, p < 0.001, adj.

R2 = 0.88) to be the best fit compared to model two (F-stat = 141.7, p < 0.001, adj.

R2 = 0.87) or model three (F-stat = 105.9, p < 0.001, adj. R2 = 0.87). For average

radial working memory error, we found model two (F-stat = 28.35, p < 0.001, adj.

R2 = 0.55) to be the best fit compared to model one (F-stat = 29.2, p < 0.001, adj.

R2 = 0.56) or model three (F-stat = 23.4, p < 0.001, adj. R2 = 0.61).

For the learning rate in terms of distance travelled (vm) or in terms of duration

(s) on level 43, we found no significant relationship between our predictive variables

of interest (SBSOD, NSQ, and right post-ant hippocampal volume ratio) and either

performance metric.

Multiple Regression (Left Hippocampus)

For completeness, we modelled the same performance metrics against left posterior

hippocampal volume ratio as well. The three models are identical to those in the
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section above.

For average wayfinding distance travelled (vm), we found model three (F-stat

= 115.2, p < 0.001, adj. R2 = 0.89) to be the best fit compared to model one (F-stat

= 167.2, p < 0.001, adj. R2 = 0.88) or model two (F-stat = 151.9, p < 0.001, adj. R2

= 0.87). For average wayfinding duration (s), we found model three (F-stat = 70.2,

p < 0.001, adj. R2 = 0.83) to be the best fit compared to model one (F-stat = 103.8,

p < 0.001, adj. R2 = 0.82) or model two (F-stat = 100.6, p < 0.001, adj. R2 = 0.82).

For average flare accuracy, we found model one (F-stat = 479.5, p < 0.001,

adj. R2 = 0.96) to be the best fit compared to model two (F-stat = 380.4, p < 0.001,

adj. R2 = 0.95) or model three (F-stat = 328.7, p < 0.001, adj. R2 = 0.96).

For average radial distance travelled (vm), we found model one (F-stat = 819.5,

p < 0.001, adj. R2 = 0.97) to be the best fit compared to model two (F-stat = 480.1,

p < 0.001, adj. R2 = 0.96) or model three (F-stat = 569.4, p < 0.001, adj. R2 =

0.98). For average radial duration (s), we found model three (F-stat = 34.6, p <

0.001, adj. R2 = 0.70) to be the best fit compared to model one (F-stat = 47.5, p <

0.001, adj. R2 = 0.68) or model two (F-stat = 49.2, p < 0.001, adj. R2 = 0.69). For

average radial probe error, we found model one (F-stat = 197.4, p < 0.001, adj. R2

= 0.90) to be the best fit compared to model two (F-stat = 185.5, p < 0.001, adj.

R2 = 0.89) or model three (F-stat = 128.6, p < 0.001, adj. R2 = 0.90). For average

radial working memory error, we found model two (F-stat = 34.62, p < 0.001, adj.

R2 = 0.60) to be the best fit compared to model one (F-stat = 32.75, p < 0.001, adj.

R2 = 0.59) or model three (F-stat = 24.48, p < 0.001, adj. R2 = 0.62).

For the learning rate in terms of distance travelled (vm) or in terms of duration

(s) on level 43, we found no significant relationship between our predictive variables

of interest (SBSOD, NSQ, and left post-ant hippocampal volume ratio) and either

performance metric.
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Table 3.4

3.3 Discussion

Our findings suggest no relationship between posterior hippocampal ratio and ei-

ther navigational ability and mapping propensity. This is indicated by the lack of

relationship between posterior hippocampal volume (right, left, and average) with

Sea Hero Quest performance. The wayfinding measures reported as performance

metrics have been previously found to correlate with navigation decline across age

(Coutrot et al., 2018), real world navigation ability in multiple cities (Coutrot et al.,

2019), and the Alzheimer’s gene APOE4 compared to a healthy control (Coughlan

et al., 2019). For completeness, we have considered additional performance met-

rics as elements of navigational ability in this chapter (e.g. radial maze distance,
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radial maze duration, radial maze errors, and learning rate on a repeat level) and

found no relationship between posterior hippocampal volume and any of these ad-

ditional measures. Even when controlling for whole brain volume, we find no effect

related to posterior hippocampal volume. These findings are in contrast with that

of Brunec and colleagues (2019), which report evidence suggesting a positive re-

lationship between bilateral posterior hippocampal volume, navigational efficiency,

and mapping propensity. Additionally, these findings are in contrast with some re-

cent virtual navigation work finding a relationship between hippocampal volume

and task-based performance (Bohbot et al., 2007; Schinazi et al., 2013; Konishi, &

Bohbot, 2013; Chrastil et al., 2017; Sherrill et al., 2018; Brunec et al., 2019; Hod-

getts et al, 2020; He & Brown, 2020; Hao et al., 2017). However, the results of this

study are consistent with some recent larger scale work that found no relationship

between hippocampal volume and navigation ability or route sequencing (Weisberg

et al., 2020; Clarke et al., 2021). Additionally, our findings parallel that of some

early work from Maguire and colleagues looking at hippocampal volume in non-

taxi drivers, bus drivers, and doctors – all finding no relationship between volume

and either performance or years of experience (Maguire et al., 2003; Maguire et al.,

2006; Woollett, Gensman, & Maguire, 2008).

Additionally, our findings do not suggest a relationship between mapping

propensity, as measured by ‘mapping score’ on the Navigational Strategies Ques-

tionnaire (Brunec et al., 2018) and either navigational ability or posterior hippocam-

pal volume. In terms of navigational ability, we suggest that Sea Hero Quest is

fundamentally different in task nature from the navigation tasks reported by Brunec

and colleagues (2019). They report on two different samples: one group in Toronto

and one in London, both of which performed tasks on their familiar environment

(Brunec et al., 2018; Patai et al., 2017). In this study, participants were completely

naive to Sea Hero Quest and could not rely on any familiarity with the environment

to aid their navigation. Previous work has found evidence to suggest a dissocia-

tion of roles along the hippocampal axis, with more posterior regions responsible

for allocentric processing (Duarte et al., 2014), local representations (Poppenk et
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al., 2013), and better working memory (DeMaster, Pathman, Lee, & Ghetti, 2014;

Poppenk & Moscovitch, 2011). In comparison to these tasks, Sea Hero Quest may

require egocentric updating of global information not condensed into familiar, lo-

cal segments. As such, performance on Sea Hero Quest may be less dependent on

working-memory, posterior-dependent regions of the hippocampus. Future work

with both expert and non-expert navigators is needed to further understand the rela-

tionship between hippocampal structure and navigational ability.

3.4 Conclusion
This study presents no evidence for a relationship between posterior hippocampal

volume and navigational efficiency. This relationship was considered both with and

without the interaction of mapping propensity, as measured by scores on the Nav-

igational Strategies Questionnaire, or sense of direction, as measured by the Santa

Barbara Sense of Direction Scale. This finding adds to a body of evidence suggest-

ing a weak dissociation of role specificity along the long axis of the hippocampus

in non-experts. As suggested by Weisberg and Ekstrom (2021), this may be better

explained by network-based models in which navigation resources are allocated de-

pending on context. Additionally, we suggest this effect may be related to a number

of factors, e.g. local synaptic circuits resolving global connectivity. Further work is

needed to understand what factors truly moderate this relationship and what role, if

any, the baseline structure of the hippocampus has on generalized navigation ability.



Chapter 4

Two real-world navigation studies in

London: Does SHQ predict

performance or spatial memory?

Human spatial navigation is an area vastly studied in both cognitive science and neu-

roscientific domains yet still lacking when it comes to real-world validity. In recent

years, the efficacy of long-held traditional measures of spatial memory or ability

has been questioned, with visuo-spatial measures such as mental rotation or Corsi-

block task differentially predictive for different types of real-world navigation (e.g.

path integration, wayfinding) or when participants are split by sex (Malinowski,

2001; Nori, Grandicelli, & Giusberti, 2009; Lippa, Collaer, & Peters, 2010). The

movement in psychology and neuroscience towards research that is more ecologi-

cally valid, and especially the increased use of virtual environments / virtual reality,

attempts to bridge the gap between these traditional lab-based measures of spatial

ability (visuo-spatial ability) and real-world spatial ability. Numerous studies in

recent years have found evidence for the increased ecological validity of virtual

reality in spatial research, suggesting this may be a good alternative to only a visuo-

spatial-working-memory approach. These findings also transfer across individual

differences from healthy individuals (Moffat, Zonderman, & Resnick, 2001; Con-

roy, 2001; Grewe et al., 2014) to those with Alzheimer’s or are pre-AD (Cushman,

Stein, & Duffy, 2008; Coughlan et al., 2020). As such, understanding how to best
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implement these tasks in both basic research and for spatial learning is critical.

Sea Hero Quest is a mobile game developed by researchers at University Col-

lege London and University of East Anglia in collaboration with Deutsche Telekom

and Alzheimer’s Research UK. The game was built by Glitcher’s Games Company

and initially released for mobile users around the world on both Apple and Android

devices. Since the release, more than four million players have contributed data

on their navigation and spatial ability simply by playing the game. Like other vir-

tual reality tasks, Sea Hero Quest was developed to tackle the problem in spatial

research of ecological validity. To do so, the game features levels that attempt to

capture three different aspects of spatial cognition: path integration, wayfinding,

and radial working memory. Together, this global data has given us insight into ef-

fects of gender, age, and economy on spatial navigation around the world (Coutrot

et al., 2018). However, despite the large global sample, the aim of Sea Hero Quest

was to be a better measure of spatial ability than traditional batteries. To assess

this, we compared wayfinding performance in Sea Hero Quest against real-world

wayfinding performance, finding a positive relationship between the two measures

for a healthy, young sample (Coutrot et al., 2019), suggesting the game may be an

ecological measure of wayfinding ability.

Along with testing whether Sea Hero Quest can provide a more ecological

measure of real-world navigation, this chapter focuses on understanding how spatial

ability may be improved in non-experts. Studies with expert navigators, specifically

London licensed taxi drivers, provides an insight into the strategies used and contin-

uously employed when learning and driving the ‘Knowledge’ – the 30,000+ streets

of London. When asked to recall the strategies employed when learning the Knowl-

edge, these drivers report a combination of street name recall and walking / cycling

along routes (Griesbauer et al., 2021a). To our understanding, a learning manipula-

tion of street name recall and route-following has not yet been studied in non-expert

navigators. A recent study by Clemenson and colleagues utilized an audio beacon

as a learning mechanism and found a significant improvement in spatial memory in

terms of pointing accuracy and map drawing in native participants. They found no
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effect for expert participants, i.e. those familiar with the environment (Clemenson

et al., 2021).

In this chapter, we discuss two studies conducted in central London: one with

an older cohort completing a wayfinding paradigm and one completing a controlled

learning paradigm for spatial memory improvement. In both studies, we compare

performance on virtual wayfinding to spatial measures within each task design in

order to assess the ecological validity of Sea Hero Quest under special conditions

(e.g. for an older sample). In Study One, we compare Sea Hero Quest to real-

world wayfinding in London, following the same paradigm as a younger cohort

(Coutrot et al., 2019). We expect to find a general decline reflected in a difference

between the younger and older groups, as this decline is a robust effect seen across

studies (Wood & Dudchenko, 2003; Lindenberger, Singer, & Baltes, 2002; Moffat,

2009; Klencklen, Després, & Dufour, 2012; Lester et al., 2017; Lithfous, Dufour, &

Després, 2013). In Study Two, we compare performance between two groups: one

following a controlled learning paradigm consisting of route-following and street

name recall and contrasted with a control. The control group used Google Maps

to navigate with no additional experimenter manipulation. We expect an increase

in spatial cognition and memory as measured by route-based performance, pointing

accuracy, and survey-knowledge (map labelling) for the ‘learning’ group contrasted

with the control. Additionally, we expect a moderating effect of Sea Hero Quest

wayfinding performance within groups.

4.1 Study One: Virtual Wayfinding Versus Real-

World Wayfinding With an Older Group

4.1.1 Methods

This study was approved by University College London Ethics Research Commit-

tee. Written consent for participation was obtained from each participant confirming

understanding of an information sheet outlining the protocol before testing began.

The data was subsequently analyzed anonymously. For the mobile gameplay com-

ponent of the task, participants were tested on a specific subset of Sea Hero Quest
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levels (Coutrot et al., 2019) on either an Acer tablet or an iPad. For the real-world

component, participants were tested on a similar task in the streets of London. Par-

ticipants were asked to answer a few demographic questions as well as to complete

the Santa Barbara Sense of Direction scale. This experiment was conducted in Lon-

don during spring and summer of 2019. The total testing time per session lasted

around three hours per participant.

Participants

We tested a total of 24 participants (6 males), recruited through Alzheimer’s Re-

search UK, University of the Third Age, and AgeUK. Data from three participants

(3 female) was excluded from group analysis due to GPS tracking issues during the

real-world component of the task. Data from one participant (male) was excluded

from group analysis due to non-completion of the mobile gameplay component.

The subsequent analysis represents that of the remaining 20 participants (5 males)

[mean age = 68.2 ± 4.23 years, range = 54 - 74]. All participants had normal or

corrected to normal vision, confirmed that they were able to comfortably walk for

around two hours, and gave their written consent to participate in the protocol as

outlined in an informational sheet read before consent was obtained. Participants

received £25 (£8.25 / hour), as well as tea and biscuits, for their participation. If

participants did not meet a predetermined threshold of cognitive performance on the

Montreal Cognitive Assessment, they received £5 for the time but were not asked

to complete the remainder of the study. This threshold was set at 26 out of a total

score of 30 (Nasreddine et al., 2005). One participant was dismissed due to a score

below the set threshold.

Sea Hero Quest Wayfinding

Based on several pilot sessions, we decided to include a brief training on the game

controls before participants played the specified levels of Sea Hero Quest. Level 1

indicates these controls (e.g. tap to steer left or right), but participants consistently

struggled to use these controls. We found that demonstrating these controls before

gameplay improved usability and self-reported confusion associated with this por-
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tion of the task. To do so, we showed participants screenshots of these controls on

laminated sheets, while performing the associated action (i.e. tapping or swiping).

Participants completed six levels of Sea Hero Quest (1, 6, 8, 11, 16, and 43).

These levels were previously chosen when comparing virtual and real-world navi-

gation in a younger cohort on the basis of varying difficulty (Coutrot et al., 2019).

We also included Level 1 as a training level, Level 8 as an additional difficulty

step, and Level 43 as a high difficulty level. At the start of each level, participants

viewed a map displaying their current position and ordered goal locations to find

in the water network (Appendix A). In this task, participants were able to study

the map without any time restriction. When done studying, the participants pressed

play and then navigated to the goal locations in the order indicated on the map by

number (i.e. find goal 1 . . . find goal n, until all n goals have been located). In the

water network, these numbers were visible by flags on buoys surrounded by a circle

that indicated the goal area. Once participants entered this circle, the correspond-

ing goal was coded as ‘found’ and lit green to indicate a successful trial. Once all

goals were located, the level was coded as complete, and participants moved on to

the next level until all six levels were completed. For each level, a helping arrow

appears on the screen after a certain duration, indicating the Euclidean direction to

the goal. This arrow appeared after the following durations by level: 80s in Level

1, 70s in Level 6, 80s in Level 11, 80s in Level 16, and 200s in Level 43.

Performance on wayfinding levels was quantified by calculating the Euclidean

distance, point-to-point, travelled in each level (in virtual meters). These points

were assessed from participants’ trajectories, coordinates of which were sampled at

Fs = 2 Hz. To measure total gameplay distance travelled, we summed the Euclidean

distances from levels 6 - 43 (excluding Level 1 which functioned as a training level

and measure of game-specific usability). In later analysis, we used Level 1 to com-

pare the performance of our sample to the age-matched sample from the global

dataset. See Introduction - General Methods for a full description of Sea Hero

Quest.
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Real-World Task

To control for any order effect, the task order is counterbalanced across participants,

with half of participants completing the virtual task followed by the real-world task

and the other half completing the real-world task followed by the virtual task. As in

the gameplay component, this study only looks at the wayfinding ability of partici-

pants. This wayfinding task is described in detail below.

Wayfinding

The real-world wayfinding task consisted of six trials of increasing difficulty con-

tained within the Covent Garden area of London. Difficulty was determined via a

combination of the following variables: number of streets, number of goals, street

network complexity, and goal arrangement complexity (Coutrot et al., 2019). At the

start of each wayfinding trial, participants were led to distinct starting locations cor-

responding to each trial. To control for participants walking down a street contained

in one of the trials before being tested on that route, we led participants around the

testing area to each starting location. Testing primarily occurred on side and back

streets to avoid high traffic areas. No participants indicated high familiarity with the

area tested. Once each starting location was reached, participants were directed to

face in a specific direction and were then shown a map that indicated their starting

location (and facing direction), a simplified network of the streets contained in the

trial, and the location and order (indicated by number) of the goals (see Appendix

A). Maps were displayed on a laminated A4 sheet and were held by the experi-

menter to prevent participants turning the map. Participants were instructed that

after a maximum study time of 60 seconds, they would receive color photographs

of doors that correspond to each of the numbered goals – which they would be able

to hold on to for the duration of the trial. After 60 seconds, or when the partic-

ipant finished studying the map, the map was removed, and the time limit began

to locate each of the goals. During piloting, we checked if participants would be

able to complete each trial under the same time restrictions as the previous protocol.

Confirming that this was possible while still allowing for a few errors, we kept the

time restrictions the same for each trial (Trial 1: 6 minutes, Trial 2: 6 minutes, Trial
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3: 6:30 minutes, Trial 4: 6:30 minutes, Trial 5: 12 minutes, Trial 6: 14 minutes).

Participants were instructed that if they reached a blurred-out area on the route map

(see Appendix A), the experimenter would indicate the edge of the search area had

been reached and they must turn around. If the participant did not locate all goals

before the time limit, they were instructed that the trial had ended and then directed

to the starting location of the next trial.

For each trial, we measured distance travelled using Q-Starz travel recorders

sampling at Fs = 5 Hz. For subsequent analysis, we considered both total distance

travelled and normalized distance, as defined by distance divided by the propor-

tion of goals reached. Performance was quantified with point-to-point sums of the

Euclidean distance travelled for each trial (in meters).

Statistical Analysis

To test for differences on the basis of gender, we ran independent t-tests for com-

parisons between all testing measures split by gender. To compare Sea Hero Quest

virtual wayfinding and real-world spatial memory, we ran single-predictor linear re-

gressions for each Sea Hero Quest measure against the real-world navigation mea-

sures. To control for the effect of age as a predictor, we ran a multiple linear re-

gression with age and Sea Hero Quest distance (in virtual meters) as predictors and

compared the model predictions to the real-world distance travelled (in meters).

The statistical package utilized for all regression modelling in this chapter

(statsmodels.api) includes default correction for multiple comparisons. The p-

values reported in this chapter, for each regression, are the post-correction values.

Model comparison takes into account complexity features of number of coefficients,

coefficient weights, coefficient variance and statistical significance, overall variance

explained (R-squared), and the Akaike Information Criterion (AIC).

4.1.2 Results

The difficulty of the Sea Hero Quest levels and real-world wayfinding routes for a

younger (Coutrot et al., 2019) and the current sample are reported in Table 1. Diffi-

culty in the Sea Hero Quest levels is reported as the percentage of participants able
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Table 4.1

to complete the level before the helping arrow appeared (see Methods for helping

arrow time delays for each level). Difficulty in the real-world wayfinding task is

reported as the percentage of goals reached by participants before the time limit

(see Methods for level specific time limits). For Sea Hero Quest, this percentage

decreases from 100% on the first level to 47% on level 43 for the younger sample;

this percentage decreases from 100% on level 1 to 5% on level 43 (only 1 partici-

pant was able to complete the final level before the arrow with duration = 194 s).

For the real-world wayfinding task, the percentage of goals reached decreases from

99% on route 1 to 74% on route 6 for the younger sample; this percentage decreases

from 100% on route 1 to 78.8% on route 6 for the older sample.

MOCA

To control for general cognitive decline with aging, we asked participants to com-

plete the Montreal Cognitive Assessment before starting the main navigation task

(Nasreddine et al., 2005). We implemented the threshold of 26 points out of 30

which has a reported rate of detection of 90% and 100% for MCI and mild AD,

respectively (Nasreddine et al., 2005). One participant was excluded from further

participation due to a total score of below 26. For the 20 participants included in

this analysis, all scored between 26 and 30 (mean score = 28.45 ± 1.2).
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Gender differences

For the older group, on both the Sea Hero Quest task and the real-world wayfinding

task, we did not find an effect of gender on performance.
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Figure 4.1

Correlation between virtual wayfinding and real-world wayfind-

ing

When comparing total distance travelled in the game (virtual meters) versus total

distance travelled in the real world (meters) over all levels and all routes, we did not

find a relationship between virtual wayfinding and real wayfinding performance.

Even after controlling for goal-directed distance and video game skill, we did not

find a relationship between the virtual and real wayfinding measures.

To control for baseline video game skill or, in this case, usability within the

older group, we tested whether the training level (Level 1) was correlated with real-

world performance. Since Level 1 is not an assessment of spatial ability as the goal

remains visible from the start of the Level, we expected there to be no relationship
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between the distance travelled in Level 1 and the normalized distance in the real

world. Subsequently, we expected there to be a positive relationship with increasing

difficulty between levels 6 – 43 and real-world wayfinding performance. To control

for sensitivity to outliers with a small sample, we calculated the skipped correlation

for each level in Sea Hero Quest and normalized distance in the real-world task.

As expected, Level 1 did not predict real-world distance when controlling for total

goals reached. The skipped correlations for all wayfinding levels are reported in

Figure 2.

Multiple Regression: Sea Hero Quest + Age

As the tested cohorts samples an older population compared to previous studies,

we considered the possible effect of age as a covariate mediating the relationship

between Sea Hero Quest wayfinding performance and real-world wayfinding per-

formance. To test this, we compared predictions generated by a multiple linear

regression model fitted to predictors of Sea Hero Quest distance travelled (vm) and

age (years) to the real-world distance travelled in meters. We found a trending rela-

tionship between these predictions and the real-world data (Pearson’s r = 0.43, p =

0.06). See Figure 1.

Comparison to population-level dataset (3.8 million players)

To check that our sample was representative of the wider population, we compared

the duration (seconds) of completion on Level 1 to the distribution of duration on

Level 1 for the world sample of 3.8 million players (Coutrot et al., 2018). Since

we tested an older population, we compared performance only for the population

within the age range of 50 to 75 years old. We found no difference between our

sample trial duration and that of the matched age population from the mass global

dataset.
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4.2 Study Two: Virtual Wayfinding and Real-World

Spatial Memory

4.2.1 Methods

This study was approved by University College London Ethics Research Commit-

tee. Written consent for participation was obtained from each participant confirming

understanding of an information sheet outlining the protocol before testing began.

The data was subsequently analyzed anonymously. For the mobile gameplay com-

ponent of the task, participants were tested on a specific subset of Sea Hero Quest

levels (Coutrot et al., 2019) on either an Acer tablet or an iPad. For the real-world

component, participants were tested on a similar task in the streets of London. Par-

ticipants were asked to answer a few demographic questions as well as to complete

the Santa Barbara Sense of Direction scale and Navigational Strategies Question-

naire (Hegarty, Richardson, Montello, Lovelace, & Subbiah, 2002; Brunec et al.,

2018). This experiment was conducted in London (Hatton Garden) during spring

and summer of 2021. The total testing time per session lasted around two hours per

participant.

Participants

Thirty-two participants were tested (19 female; mean age = 28.44 ± 11.2 years,

range = 19 - 62) . All participants were recruited from University College London

Psychology Subject Pool (SONA). All participants had normal or corrected to nor-

mal vision, confirmed that they were able to comfortably walk for approximately

two hours, and gave their written consent to participate in the protocol as outlined

in an informational sheet read before consent was obtained. Participants received

£15 (£8.25 / hour) for their participation.

Virtual Task

See Study One.
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Sea Hero Quest Wayfinding

Participants completed six levels of Sea Hero Quest prior to completing the real-

world navigation task (1, 6, 8, 11, 16, & 43) – the same levels tested in Study

One. Participants completed the required levels at home at their leisure prior to the

second part of the study which took place in person. Participants were instructed

to play only the required levels, in order, without repeating any levels. Level 1

was included as a training level, and the subsequent levels were chosen for their

variation in difficulty and replicability from previous studies (Coutrot et al., 2019).

For additional details on the virtual wayfinding task, see Study One – Sea Hero

Quest Wayfinding.

Real-World Spatial Memory Task

For the real-world component of this task, participants completed a walking navi-

gation assessment in Hatton Garden, London. This took approximately 1.5 hours

per participant. In order to set up the appointment time to complete this task, partic-

ipants were required to complete a questionnaire and the six required levels of Sea

Hero Quest at home, beforehand. Participants were split into two group conditions:

Test (10 female, 6 male; mean age = 29.81 ± 12.9 years) and Control (9 female,

7 male; mean age = 27.06 ± 9.40 years). Both groups followed a similar protocol

with a couple key differences.

Phase 1: Learning

At the start of the task, both groups were instructed by the experimenter that they

would be walking to five distinct locations within Hatton Garden, using Google

Maps as their guide. The starting location was the corner of Holborn and Grays Inn

Road. From this starting location, participants were given a mobile device to hold

(Android smartphone) and instructed that they were allowed to rotate, zoom, or pan

the map, but they were not allowed to enter ‘live mode’. This was to control for

street name encoding, as street names are announced in live mode. At the starting

location and at every subsequent location, before moving, participants were told the

name of the next location (e.g. St. Alban’s Church) and to stop and face the loca-
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tion once reached. Participants walked to the following locations in order: (1) St.

Alban’s Church; (2) Bleeding Heart Bistro; (3) Hat & Tun Pub; (4) Sir Christopher

Hatton Pub; and (5) St. Etheldreda’s Church. These locations with the path be-

tween are shown in Figure 2. Differences between the Test and Control conditions

are described below:

(1) Test: Before each route segment, participants were instructed to attend to the

street names of streets they travelled down and that they would be asked to recall

these at the target location. Additionally, once participants reached each location,

they were asked to recall these street names and to point back to the previous

location just travelled from. As an additional learning strategy, participants were

asked to check the accuracy of their pointing and to correct themselves as closely

as possible. Google Maps compass was used for this part of the task.

(2) Control: Participants were given no additional instructions or at-location tests.

Phase 2: Spatial Memory Tests

Once participants reached the final location (St. Etheldreda’s Church), the mobile

device was taken away to begin the testing phase. The testing phase consisted of six

spatial memory assessments: (1) pointing task 1; (2) route re-tracing; (3) shortest

segment test; (4) detour optimal path test; (5) pointing task 2; and (6) map labelling.

Each test is described in detail below:

(1) Pointing Task 1: At the final location, participants were asked to point back to

all previous locations: the starting location (Holborn / Grays Inn Road), St.

Alban’s Church, Bleeding Heart Bistro, Hat & Tun, and Sir Christopher Hatton

Pub. Angles were displayed on a handheld digital compass and logged for each

location pair.

(2) Route Re-tracing: Participants were asked to re-trace the exact route previously

taken from Sir Christopher Hatton Pub to St. Etheldreda’s in the opposite

direction. They were instructed that errors would not be permitted for this

assessment, and any substantial errors would be flagged by the experimenter with

the statement: ‘This area is beyond the route, please turn around.’
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(3) Shortest Segment Test: Participants are then asked to travel the route with the

shortest number of turns between a previously unpaired set of learned locations

(i.e. Sir Christopher Hatton Pub and St. Alban’s Church). Errors were permitted

during this assessment and recorded as the difference between the number of turns

taken and the shortest number.

(4) Detour Optimal Path Test: Participants were instructed to navigate back to the

starting location for the experiment (i.e. the corner of Holborn and Grays Inn

Road) from St. Alban’s Church without using travelling via the corner of

Baldwin’s Gardens and Grays Inn Road (see Figure 2). Additionally, participants

were instructed to: ‘Take the most optimal route in terms of time and distance, this

is not necessarily the route with the shortest number of turns.’

(5) Pointing Task 2: Back at the starting location, participants were asked to point

back to all previous locations: St. Alban’s Church, Bleeding Heart Bistro, Hat &

Tun, Sir Christopher Hatton Pub, and St. Etheldreda’s Church. Angles were

displayed on a handheld digital compass and logged for each location pair.

(6) Map Labelling: For the final assessment, participants were asked to label a

blank map of Hatton Garden with labels corresponding to a set of given streets and

locations (see Figure 2). All streets were on-route during a portion of the task.

Statistical Analysis

To test for differences between groups, we ran independent t-tests for comparisons

between virtual wayfinding performance and real-world spatial memory tests. To

test for differences within groups on the basis of gender, we ran independent t-

tests for comparisons between all testing measures split by gender. To compare

Sea Hero Quest virtual wayfinding and real-world spatial memory, we ran single-

predictor linear regressions for each Sea Hero Quest measure against the spatial

memory measures.
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Figure 4.2

4.2.2 Results

Group Condition Differences

We found no significant differences between groups on virtual wayfinding perfor-

mance, measured in either distance travelled (vm) or duration (s). Additionally, we

found no significant differences between groups on spatial memory – as measured

by route assessment, map labelling, and pointing accuracy.

Gender Effects

We found a significant difference between male and female participants for average

distance travelled (vm) in Sea Hero Quest, with women travelling further (mean

distance = 38.1 ± 12.5 vm) than men (mean distance = 29.43 ± 5.48 vm; t-stat =

2.34, p < 0.05). We found no difference in duration (s). Additionally, we found

a significant difference between male and female participants in terms of pointing
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accuracy, with women pointing with less accuracy (mean angle deviation = 44.31 ±

22.7 degrees) than men (mean angle deviation = 28.55 ± 14.9 degrees; t-stat = 2.20,

p < 0.05). We found no gender effect on any other spatial memory measure.

Sea Hero Quest

Within groups, we found no significant relationship between wayfinding perfor-

mance in Sea Hero Quest, measured in distance travelled (vm) and duration (s), and

any of our spatial memory measures – route navigation, map labelling, or pointing

accuracy.

4.3 Discussion
Across both real-world studies, we found a weak relationship between Sea Hero

Quest wayfinding and real-world wayfinding or spatial memory. This is in con-

trast to previous results with a healthy, young cohort finding a positive correlation

between normalized wayfinding ability in Sea Hero Quest compared to real-world

wayfinding ability – in both London and Paris (Coutrot et al., 2019). In Study One,

we tested an older cohort on the same paradigm of Sea Hero Quest wayfinding lev-

els and real-world wayfinding routes and found a relationship between the virtual

wayfinding and real-world wayfinding when moderated by age. However, this re-

lationship remained weak within our sample, suggesting poor predictability of Sea

Hero Quest for real-world wayfinding ability over the age of 55. We suggest this

may be due to self-selection bias within our sample, i.e. older adults with higher

cognitive function may be more predisposed to participate in a psychological study.

Alternately, all participants needed to be able to walk unaided for up to two and

a half hours, biasing our sample to active, healthier older adults as well. In the

global sample of Sea Hero Quest players, much higher variability was seen after the

age of 60 with a shift from a linear decline in corrected navigation performance to

an increase (Coutrot et al., 2018). This is in contrast to the current understanding

of navigation decline with age (Wood & Dudchenko, 2003; Lindenberger, Singer,

& Baltes, 2002; Moffat, 2009; Klencklen, Després, & Dufour, 2012; Lester et al.,

2017; Lithfous, Dufour, & Després, 2013). As our older cohort was significantly
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different to our younger cohort only in Sea Hero Quest, and not in real-world nav-

igation ability, it is very possible our sample reflects a biased selection of active,

healthy, cognitively-able older adults. In addition, our sample was highly gender

biased due to the restrictions of COVID-19 on in-person testing. Although we did

not find a significant gender effect in our older cohort, the possible bias cannot be

ignored. Past findings suggest a gender effect on survey-based navigation tasks

(Castelli, Corazzini, & Geminiani, 2008; Kim, Lee, & Lee, 2008). However, in the

global Sea Hero Quest sample, the gender effect was significantly moderated by the

Gender Gap Index of the player country, with higher gender gaps indicating a larger

gender effect compared to countries with a lower social gender gap (Coutrot et al.,

2018).

In Study Two, our measures were focused more on a possible learning effect.

We implemented a ‘Knowledge’-style learning mechanism for our Test group, with

periodic reminders to attend to street names, recall these street names, and per-

form one-back pointing with each sub-destination. We found no different in spatial

memory between our Test group and the Control group which did not experience

these learning manipulations. We suggest this style of learning strategy may only

be effective over a much longer period, given that London taxi drivers spend an av-

erage of four years learning the knowledge in this way (Griesbauer et al., 2021a).

Additionally, we did not find any evidence of group-level differences in Sea Hero

Quest performance, indicating a balanced sample on one metric of spatial ability.

However, we found a significant gender effect on both virtual wayfinding (distance

travelled on wayfinding levels) and on real-world spatial memory (pointing accu-

racy). This finding is less surprising given the evidence for gender effects in spa-

tial navigation, especially for survey-based navigation tasks (Castelli, Corazzini, &

Geminiani, 2008; Kim, Lee, & Lee, 2008; Coutrot et al., 2018; Coutrot et al., 2019).

We suggest an increased focus on real-world applicability of spatial metrics. Sea

Hero Quest aims to provide such a measure, but much is still lacking in the realm of

ecologically valid spatial metrics. For learning and manipulation especially, there

remains a lack of understanding on how non-experts might improve their navigation
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skills and if doing so on a short timeline is feasible at all.

In addition to these limitations, the older cohort tested (in study 1) was im-

pacted by the technological difficulty of the game (compared to the younger group

previously tested). We integrated an in-person, offline training to mediate this is-

sue but with varying success. As such, the performance metrics taken from Sea

Hero Quest must be considered with less confidence than the real-world perfor-

mance metrics. We suggest future studies using Sea Hero Quest with participants

in this age category (55 years and older) may benefit from using the immersive,

head-mounted version of the game. However, due to this issue of playability, it is

unclear how representative the world dataset of older adults may compare to older

adults with Alzheimer’s tested in-lab. This is a limitation that must be seriously

considered if Sea Hero Quest is utilized within Alzheimer’s research.

4.4 Conclusion
This set of studies set in the real-world environment of central London highlight

the need for more ecologically valid spatial paradigms. We found weak evidence in

both studies for a relationship between virtual wayfinding, real-world wayfinding,

and short-term spatial memory. Consistent with prior research, we find gender to be

a moderating factor in the survey-based task (pointing) but not with our route-based

task in either study. Going forward, we emphasize the need for improvement within

the field in terms of lab-based metrics for predicting real-world navigation ability or

spatial memory. Inconsistent with the large battery of research on aging and spatial

navigation, we find a relationship between age and virtual wayfinding that does

not translate to a relationship between age and real-world wayfinding. However,

we suggest this may be due to a number of factors resulting in a biased sample of

older adults. Overall, this study adds to the continued issue in the field of human

navigation – ecological validity – our measures and understanding of what makes a

‘good navigator’ still have a ways to go.



Chapter 5

City Hero Quest: The critical role of

realism in spatial navigation tasks

Since the earliest use of virtual reality in research, technology has advanced greatly,

making it possible to create hyper realistic environments in a relatively short time.

Despite these advances, virtual tasks in spatial navigation research have not in-

creased vastly in their realism. In recent years, there has been a push in the field

towards research that is more ecologically valid and, therefore, more predictive of

real-world navigational ability. Numerous studies so far have found evidence to

suggest that virtual reality is a better catalyst for understanding real-world navi-

gation than visuo-spatial working memory tests (Moffat, Zonderman, & Resnick,

2001; Conroy, 2001; Grewe et al., 2014). Sea Hero Quest is a mobile game devel-

oped by researchers at University College London and University of East Anglia in

collaboration with Deutsche Telekom and Alzheimer’s Research UK (see Chapter

3 for additional details on Sea Hero Quest). The game was designed to address

this issue of ecological validity as well. Results so far suggest the game may be a

good measure of real-world navigation (Coutrot et al., 2019), yet more recent find-

ings suggest this may be limited to a young and healthy population and only predict

route-based navigation in the real-world (see Chapter 3).

When Sea Hero Quest was released on app stores around the world, the game

contained the option for players to answer several demographic questions about

themselves to include gender, age, and home environment. This chapter looks
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at home environments, specifically considering the categorization of players into

‘City’ versus ‘Non-City’. We found those players reporting to have grown up

in Non-City environments were significantly better performers in Sea Hero Quest

compared to those that grew up in city urban environments (Coutrot et al., 2018b).

However, Sea Hero Quest is not an urban environment as it requires players to nav-

igate a water environment by sailing a boat between sub-goals. In order to control

for the possible bias of environment type, we created a new desktop virtual game –

City Hero Quest – which parallels the features and environments of Sea Hero Quest

but in an urban setting. Based on the results of Sea Hero Quest, we predicted a sim-

ilar relationship between home environment and performance in the city version.

To our knowledge, this study presents the first evidence of home environment as

a predictor for spatial navigation. Specifically, we asked participants to report the

street name and city of their dominant home environment during the critical ages

of 0 to 18. With this information, we are able to compare navigation performance

within environmental groups as well as to control for street network entropy in sub-

sequent analyses. In addition to reporting on the findings from City Hero Quest, this

chapter briefly discusses several tools for quickly and easily improving virtual envi-

ronments for the sake of realism, ecological validity, and, ultimately, better behavior

(Krakauer et al., 2017).

An important aspect of navigation is physical movement and path integration,

with some evidence that path integration is predictive of Alzheimer’s progression

(Howett et al., 2019; Mokrisova et al., 2016). City Hero Quest incorporates this as-

pect of physical movement via a more ecologically valid behavior, e.g. driving, as

this behavior is likely more common to participants than boat sailing. The mechan-

ics of the game (CHQ) provide a more ‘realistic’ spatial experience as participants

are able to smoothly turn, accelerate, and reverse – compared to the mechanics of

SHQ that allow for only forward acceleration. Lastly, the visual design of each

games plays a role in the ‘realism’ each provides. City Hero Quest was designed

with building models and textures taken from real streets and buildings. Sea Hero

Quest, in contrast, is a cartoonized version of an aquatic environment that, while
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good for gameplay, does not provide the same level of realism.

5.1 Methods

Participants

A total of 818 participants were recruited on Prolific (https://www.prolific.co/) over

August and September of 2021 with data collection split into eight batches. Each

batch was prescreened using the same set of restrictions: United States as ‘current

country of residence,’ United States as ‘Nationality,’ ethnicity provided by the user

(not screened for any specified ethnicities), Prolific approval rate of greater than

or equal to 90%, and Mac OS / Ubuntu / or Windows as ‘Computer Operating Sys-

tem.’ Finally, participants from previous batches were excluded from all subsequent

batches. Prolific approval was determined by player upload of both sets of data –

Sea Hero Quest and City Hero Quest – to an anonymous OneDrive server. Partial

datasets were approved but excluded from analysis. All approved participants were

paid at a standard rate of £7.50 per hour.

Questionnaire

At the start of each session, participants were redirected to a task questionnaire

hosted on Gorilla (https://gorilla.sc/). This questionnaire was split into several sub-

questionnaires, described below:

(1) Navigational Strategies Questionnaire: Provides a score between -14 and +14

on a scale of ‘mapping’ propensity (Brunec et al., 2018).

(2) Sea Hero Quest questions: Set of nine questions included in the initial release

of Sea Hero Quest (see Appendix A).

(3) Navigation Habits: A set of questions asking for additional information about

participants’ navigation habits (see Appendix B).

(4) GPS Reliance Scale: A set of questions probing participants’ general and

circumstance-specific use of GPS (see Appendix C).
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(5) Home Environment: A set of questions regarding participants’ primary

environment when between the ages of 0 and 18 (see Appendix D).

(6) Video Game Questions: A set of questions regarding participants’ video game

habits (see Appendix E).

(7) Health General: A set of questions regarding participants’ general health and

healthy habits (see Appendix F).

(8) Sleep: A set of questions regarding participants’ typical sleep habits (see

Appendix G).

(9) Extra questions: We also added a set of questions that did not fit into any

specific category (see Appendix H).

Online Task

Upon completion of the questionnaire, participants were instructed to download

two virtual reality games – Sea Hero Quest and City Hero Quest. Additionally,

participants were instructed to play a specified subset of levels in Sea Hero Quest

(1, 16, 32, 42, 68) on a mobile phone or tablet. Instructions were provided to play

only this set of five levels, without repeating any levels or playing any additional

levels. For City Hero Quest, participants were instructed to install and play the

game on a desktop computer or laptop. The game automatically shut down after

completion of the fifth level. Upon completion of both games, participants were

instructed to upload their data to one of two anonymous OneDrive servers devoted

to Sea Hero Quest or City Hero Quest, respectively. For full details on Sea Hero

Quest and City Hero Quest, see below.

Sea Hero Quest

Sea Hero Quest is a mobile virtual reality game designed by researchers at Univer-

sity College London and University of East Anglia in collaboration with Deutsche

Telekom and Alzheimer’s Research UK. The game was built in Unity 3D by Glitch-

ers Games Company and initially released on both Apple and Android app stores.

The initial version of the game has since been removed from public download but
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an unlocked version is available for research purposes. This unlocked version was

used for this experiment and provided to participants via a URL download link. The

game itself is split into four level types, three of which assess a specific aspect of

navigation and the fourth was designed for player retention. The three navigation-

specific level types are the following: wayfinding, path integration, and radial maze.

Within each level, players move around within a water environment (e.g. river, lake,

sea), sailing a virtual boat. Movement is restricted to forward movement with a

baseline velocity from the start of each level. Each level type is described in more

detail below.

(1) Wayfinding. For each wayfinding level, participants are first shown a map of

their environment with a series of goals indicated by numbers on the map. This

map may be viewed for any duration of time chosen by the player. The level starts

when ‘Start’ is chosen by the player. Once the map is removed and the player has

initiated the start of the level, the goals must be located in the corresponding

numbered order for the level to be successfully completed. Across the entire set of

wayfinding levels in the game, several things vary: (1) the obscuration of the map

(completely unobscured, partially obscured, or completely obscured); (2) the

obscuration of the environment (completely unobscured, partially obscured, or

completely obscured); and (3) the number of goals. Once a goal is travelled

through within the collider radius, the collider mesh around the goal turns green,

indicating the sub-goal has been completed. Player position and rotation are

logged at each frame.

(2) Path Integration. For each path integration level, players are cued to sail around

the environment until they find a flare gun. Once that flare gun is located, players

are cued to shoot the flare gun back to their starting location by selection on of

three angle options (shown as A, B, or C). After selection, feedback is provided on

the success / failure of their choice. Player position and rotation are logged at each

frame. Flare accuracy is recorded for each path integration level.

(3) Radial Maze. For each radial maze level, players complete two phases. In

phase one, players start in a six-arm radial maze with three arms blocked off. They
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are then required to travel into each open arm to receive a reward. Once all rewards

have been consumed, phase one ends and phase two begins. In phase two, all arms

of the maze are unobstructed. The player’s goal is to select the arms that were not

rewarding (blocked off) in phase one and, likewise, to not select arms that were

previously rewarding. Player position and rotation are logged at each frame. Maze

arm choices are recorded for each phase, on each radial maze level.

City Hero Quest

City Hero Quest is a desktop virtual reality game designed to parallel Sea Hero

Quest within an urban setting. The game was built in Unity 3D physics games

engine (https://unity.com/) with all virtual structures modelled in Blender 3D mod-

elling software (https://www.blender.org/). To control the back end and log exper-

imental variables, we used Unity Experimental Framework (UXF), an open source

set of packages for Unity 3D designed for human behavioral research. The game

consists of five levels: one training level and four wayfinding levels. Each level in

City Hero Quest was modelled from a corresponding Sea Hero Quest map, with

the levels chosen matched along difficulty, entropy, and level effect size. Prior to

building each structural model for City Hero Quest, a model city environment was

built with urban panels designed to wrap around any 3D polygon. To build the

model for each level, we extracted the base map for the corresponding Sea Hero

Quest level (1, 16, 52, 56, or 67) and constructed 3D polygons similar in height to

the sea environment. After constructing these polygons for each isolated structure

within the base map, we tessellated the urban panels on each equally split face of

each polygon. These panels were subsequently textured using urban textures (e.g.

brick, marble) sourced from Poliigon (https://www.poliigon.com/) and baked for

scene lighting to reduce the runtime demand on player platforms. This process was

repeated for all levels.

Once built and baked, each model was imported to Unity 3D within separate

scenes corresponding to each level and scaled up by 50 units. For the player, we

imported a basic Unity car model (pre-fab), as this model contained the features

needed for the game baked in. We edited the features of the car to mimic that of
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the boat in Sea Hero Quest, i.e. turn right, turn left, and accelerate, and de-activated

additional features, i.e. lights, engine sounds. For each level, the car [player] was set

at an initial position and pointing direction similar to that of the corresponding Sea

Hero Quest level such that, at runtime, all players viewed the same perspective of

the environment. In addition to the wayfinding component of each level, we added

a pointing element to each City Hero Quest level (not featured in the corresponding

Sea Hero Quest versions). On each level, once players reached the final goal, three

things happened: (1) Acceleration on the car [player] was reduced to zero, inhibiting

forward and backward movement; (2) An arrow appeared extruded from the front

of the car; & (3) Players were directed to rotate the car until the arrow was pointing

in the direction of their starting location for that level. For both the wayfinding

and pointing components of each level, player position and rotation variables were

logged at each frame (0.036 seconds) using the UXF position tracking package.

This data was subsequently saved to each player’s computer, split according to level.

Statistical Analysis

This chapter considers a basic analysis of the correlation between performance in

Sea Hero Quest compared with performance in City Hero Quest. All reported cor-

relation coefficients are Pearson’s r with a threshold of 0.05. To look at group-level

comparisons, we ran independent sample t-tests between City and Non-City players.

Non-City players are considered those responding with ‘Rural / Mix / or Suburbs’ to

the question: ‘What environment did you grow up in?’ City players are considered

those responding with ‘City’ to the same question.
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Figure 5.1

5.2 Results

We found a significant positive relationship between distance travelled in Sea Hero

Quest compared to distance travelled in City Hero Quest (Pearson’s r = 0.42, p <

0.001). Both distance metrics were measured in virtual meters with the total dis-

tance equal to the sum of each pointwise Euclidean distance assessed at each frame

(0.036 seconds). Additionally, we controlled for training performance on level one

of each game with performance on this level divided from the total distance on non-

training levels. To compare the predictiveness separately of Sea Hero Quest and

City Hero Quest for categorization of players into ‘City’ (n = 175) or ‘Non-City’ (n

= 643) players, we compared the performance for each group. We found Non-City

players to be significantly better, in terms of virtual distance traveled, for City Hero
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Quest (t-stat = 4.35, p < 0.001). Non-City players were significantly better (virtual

distance) on Sea Hero Quest as well, but with a weaker effect (t-stat = 2.69, p <

0.05).

5.3 Discussion
The ongoing results of this study indicate the importance of realism in virtual tasks.

Compared to Sea Hero Quest, performance (in virtual meters) in City Hero Quest

more significantly predicted our categorical metric of interest – City dwellers ver-

sus Non-City dwellers. There has been a push in recent years for more ecologically

valid research in order to observe more ecologically valid behavior in neuroscience

(Krakauer et al., 2017). When one considers the technological possibilities avail-

able today, typical virtual reality tasks in neuroscience are years behind. Fortu-

nately, this does not need to be the case. Even for the naive 3D modeller, there are

open-source tools available that make it much easier, quicker, and intuitive than in

the past. Evidence from the available virtual reality work suggests that these types

of tasks may be more predictive of real-world navigation than the typical battery of

visuo-spatial working memory tests (Moffat, Zonderman, & Resnick, 2001; Con-

roy, 2001; Grewe et al., 2014). However, when looking at many of these tasks, it is

questionable how ‘real’ they truly are in terms of realism. Of the many benefits of

virtual reality, the ability to control and manipulate a real-world-like environment is

one of the most relevant to neuroscience work. As such, would the field not benefit

from environments that actually mimic the real-world?

This chapter is not an all-encompassing guide to designing realistic virtual

environments. However, there are four specific tools any researcher attempting to

design an environment would benefit from knowing about. In order to make the

most of these tools, we suggest working within Unity 3D (https://unity.com/) for

the backend physics of the environment. All tools discussed below are available as

free, open-source add-ons to Blender, a free, open-source software for 3D modelling

and animation (https://www.blender.org/).

(1) Tissue: Available on github (https://github.com/alessandro-zomparelli/tissue).
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This tool is an add-on designed for architectural visualization but works well for

modelling small or large-scale virtual environments. The primary feature of Tissue

we suggest is the tessellation feature. Simply, this feature allows one to instantly

panel all polygons within an environment with a pre-made panel or model.

Additionally, this allows one to quickly change environmental features. Mesh

features are upheld from panel to tesselation, translating to a quick texturing job as

only the panel need be textured initially. This would normally be one of the longest

steps when building a realistic model. See Figure 2A.

(2) Blender Open Street Maps (OSM): Available on github

(https://github.com/vvoovv/blender-osm). Perhaps one of the best open-source

tools available for Blender, Blender OSM allows the user to select any area

available on OSM and import that area as a base mesh directly to Blender. When

creating a virtual environment based on a real-world city or neighborhood, this

feature makes it possible to import that exact environment with the desired features

(buildings, roads, terrain, bodies of water). Additionally, this tool contains a

feature to overlay a Google Earth image as texture onto the 3D model, allowing

one to generate a full scale, textured model of anywhere on Earth. However, this

feature does not produce the most realistic texturing. Ultimately, we would suggest

using pre-textured panels over image overlay if participants are to see the model up

close. See Figure 2B.

(3) Building Tools: Available on github

(https://github.com/ranjian0/building tools). This is perhaps the most user-friendly

tool on this list. The Building Tools add-on works almost like a GUI within

Blender. This tool does not allow for the same extent of customization or

large-scale generation as the two previous tools, but it allows for quick and easy

modelling of buildings. Among other features, one typically chooses a floor plan

(preset or random), number of levels, and roof type before placing windows, doors,

balconies, or stairs on any of the model faces. There is a bit of build-in

randomization and customizability, but we suggest this tool is best used for quick

procedural generation of simple building structures. See Figure 2C.
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(4) Scatter Objects: Available in Blender preferences. This tool is built in for the

most recent versions of Blender and only need be selected in user preferences.

This tool is not designed specifically for architecture or for building design, but

can be used to scatter any model. For the purposes of virtual environment design,

this tool is especially useful when the environment is too ‘perfect.’ For an outdoor

environment, one might use this tool to scatter a random selection of plant, tree, or

other natural models onto the ground plane. This allows one to quickly and easily

introduce some randomization into the environment, resulting in a much more

realistic space. See Figure 2D.

By no means does this list of tools encompass every useful feature for environ-

ment design. However, these tools are all simple, open-source methods that, when

used, can change an environment completely from simple to fully-realistic. Future

work, in navigation especially, should focus on really using virtual reality to its full

potential. We have evidence that virtual spatial ability predicts real-world spatial

ability in non-realistic tasks, but we have yet to fully realize the potential of tasks

that mimic the real-world as much as possible.

5.4 Conclusion
This study found a positive relationship between performance on Sea Hero Quest,

a mobile sailing game, and City Hero Quest, a desktop driving game set in a real-

istic virtual urban setting. Additionally, we found City Hero Quest to be a better

predictor of player home environment (i.e. city versus non-city) than Sea Hero

Quest. These results highlight the need for behavioral tasks in neuroscience that

truly mimic the real-world. Tools available, including those discussed in this chap-

ter, make achieving realism much easier and quicker than before. Even for re-

searchers naive to 3D modelling, there are ways to create better environments and

thus better tasks with a few simple tools and tips. City Hero Quest was designed

and built by two researchers in the span of a month. In contrast, Sea Hero Quest

was built by a team of games designers over a span of months. Pursuing realism in

behavioral studies not only increases ecological validity of behavior, but it allows
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Figure 5.2
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for quicker study turnaround and more customizable environments than previously

possible. We suggest this to be the way forward for neuroscientific virtual reality,

with work in spatial navigation to benefit greatly from a trend towards realism.



Chapter 6

General Conclusions

This thesis focused on a primary aim: investigate behavioral and neural correlates

of flexible spatial navigation using a variety of methods. To do so, we combined

immersive virtual reality, real-world navigation, and neuroimaging to better under-

stand the nuances in flexible behavior. Across all five studies discussed in this thesis,

we utilized Sea Hero Quest as a baseline measure of spatial ability and prospective

predictor for both behavioral and neural measures. This allowed us to acquire a

measure of baseline spatial ability comparable against over four million partici-

pants around the world (Coutrot et al., 2018). In addition to Sea Hero Quest, we

utilized two primary questionnaires across all studies: the Navigational Strategies

Questionnaire (Brunec et al., 2018) and the Santa Barbara Sense of Direction Scale

(Hegarty, Richardson, Montello, Lovelace, & Subbiah, 2002). The first provides

a measure of ‘mapping’ propensity, i.e. to what extent one uses and enjoys using

maps for navigation. This questionnaire has been found to correlate with a measure

of navigational efficiency in a single task and hippocampal volume ratio (posterior

/ anterior) across two tasks (Brunec et al., 2019). Additionally, there is some ev-

idence mapping propensity may moderate the relationship between path distance

and hippocampal activation in functional MRI (Patai et al., 2019). The second pro-

vides a measure of navigational confidence, i.e. the self-report measure of difficulty

one experiences when navigating. The previously mentioned study (Brunec et al.,

2019) found no relationship between the Santa Barbara Sense of Direction Scale

and either navigational efficiency or hippocampal volume ratio. Lastly, this thesis
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focuses heavily on the importance of realism in virtual reality tasks and how the

neuroscience community might improve navigation tasks for the sake of increased

task and ecological validity.

In the first chapter of this thesis, we discussed an fMRI study investigating neu-

ral tracking of spatial metrics during a group hunting task. This task was a visually

realistic virtual environment consisting of three agents – the self, the goal, and the

companion. The participants’ objective was simple: catch the goal in under thirty

seconds – or as quickly as possible. Despite the simplicity of this objective, a few

features of the task moderated the difficulty of this. First, the goal moves constantly,

requiring the participant to plan for the expected future position of the goal rather

than the initial current position. Second, the companion could change the direc-

tionality of the goal’s movement, requiring the participant to plan for the expected

interaction between the other two agents within the environment and update their

expectation of future goal position accordingly. Last, the maze environment was dy-

namic, with player movement triggering pseudo-random changes in the accessible

pathways between maze areas. We included these features for several key reasons.

First, as we were interested in hippocampal tracking during this task. The incorpo-

ration of detours allowed us to keep the goal non-visible to allow for elucidation of

hippocampal BOLD response as well as to more easily dissociate between path dis-

tance and Euclidean distance in participant trajectories. Second, the addition of the

companion allowed us to observe multi-agent tracking in human navigation as well

as to introduce an additional layer of planning required, making the task non-trivial.

All of these features combined resulted in a task requiring significant planning and

constant updating of ones’ route in response to random detour events.

In the BOLD activity, we found activation in parietal and prefrontal regions

(dlPFC) for active navigation periods compared to passive following periods. This

finding is broadly consistent with that of similar tasks containing a navigation ver-

sus follow component (Patai et al., 2019; Spiers & Maguire, 2006; Hartley et al.,

2003) and is consistent with the argument that frontal regions support route plan-

ning (Aguirre et al., 1996; Ekstrom et al., 2003; Maguire et al., 1998; Iaria et al.,



102

2003). Parametrically, we found an increase in activation in dorsolateral prefrontal

cortex, middle cingulate cortex, and frontopolar prefrontal cortex for path distance

to goal, updated continuously at each frame. This finding is broadly consistent with

other detour-navigation studies, although these comparable studies look at step-

wise distance rather than continuous (Patai et al., 2019; Javadi et al., 2019). We

found a small anterior region of bilateral hippocampus as well, although this did

not survive whole brain correction. Although preliminary, this is in line with work

on goal-proximity, suggesting the anterior hippocampus tracks self closeness to fi-

nal goal position (Balaguer, Spiers, Hassabis, & Summerfield, 2016; Viard et al.,

2011). To look at planning complexity, we modeled path distance over the plan-

ning period of each trial and found activity dissociated by trial path distance. For

shorter distances, we found activity in parahippocampal gyrus and orbitofrontal cor-

tex, consistent with work in scene and reward processing (Epstein, 2008; Yoo et al.,

2018). For longer distances, we found activity in middle cingulate cortex, fron-

topolar prefrontal cortex / BA10, and caudate / nuclues accumbens, consistent with

the proposed role of the frontopolar PFC / BA10 in future choice selection and fu-

ture path simulation / searching of possible future paths in spatial navigation study

(Howard et al., 2014; Javadi et al., 2017; Badre & Nee, 2018; Burgess et al., 2007)

and the role of the cingulate cortex in choice and decision making with some ev-

idence of distance tracking in spatial domains (Kennerley et al., 2006; Rushworth

& Behrens, 2008; Howard et al., 2014). Lastly, we found an increase in activity

in medial prefrontal areas and anterior cingulate cortex for distance to ‘other’, i.e.

ones’ companion in the task. This is broadly consistent with the work from Hayden

and colleagues investigating multicentric agent tracking in macaques performing

tasks with a moving goal position (Yoo, Hayden, & Pearson, 2021; Yoo, Sleezer, &

Hayden, 2018; Yoo, Tu, & Hayden, 2021).

In the second chapter of this thesis, we discussed a hippocampal segmentation

approach to better understand the relationship between Sea Hero Quest and both

self-report ‘mapping’ propensity and hippocampal volume. To investigate this, we

compared performance from forty-four participants on a subset of Sea Hero Quest
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levels against scores on the Navigational Strategies Questionnaire (Brunec et al.,

2018), Santa Barbara Sense of Direction Scale (Hegarty, Richardson, Montello,

Lovelace, & Subbiah, 20020, and hippocampal volume ratio as determined by man-

ual segmentation of bilateral hippocampi into posterior and anterior regions. For

Sea Hero Quest performance, we included a range of metrics based on level type

(e.g. wayfinding, path integration, or radial maze) and previous work (Coutrot et

al., 2019). Based on recent findings (Brunec et al., 2019), we expected a relation-

ship between Sea Hero Quest performance and both ‘mapping’ score and posterior

hippocampal volume. In contrast, we found weak evidence to support this relation-

ship between either measures. This, however, is in line with some previous work

with non-expert navigators (Clark et al., 2020; Maguire et al., 2003) as well as some

more recent findings with large sample sizes (Weisberg et al., 2020; Clarke et al.,

2021). The findings from this thesis support the theory that the specificity along the

long hippocampal axis may be less defined in non-expert navigators.

In the third chapter of this thesis, we discussed two real-world navigation stud-

ies. In the first study, a sample of older adults (54 - 74 years old) were tested on both

a subset of wayfinding levels in Sea Hero Quest and a set of real-world wayfind-

ing routes. For the second study, a sample of healthy adults were tested on their

spatial memory for a newly learned area in London. For both tasks, the limitations

and objectives were as matched as possible. For both Sea Hero Quest and the real

world task, distance and duration were recorded as used as measures of task spatial

ability. We found no evidence for a relationship between Sea Hero Quest wayfind-

ing and real-world wayfinding performance. This is in contrast to previous work

in which a young, healthy sample of participants completed this task in London

and Paris (Coutrot et al., 2019). Additionally, when comparing the older cohort

against the younger group in London (Coutrot et al., 2019), we found no difference

in performance. This counters a range of robust findings supporting the concept of

navigational decline with age (Wood & Dudchenko, 2003; Lindenberger, Singer,

& Baltes, 2002; Moffat, 2009; Klencklen, Després, & Dufour, 2012; Lester et al.,

2017; Lithfous, Dufour, & Després, 2013). We suggest this may be due to self-
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selection bias within our older cohort. Specifically, our sample consisted only of

older adults physically fit enough to walk a normal pace around central London for

up to 2.5 hours. This may have resulted in a sample biased towards healthy older

adults that consider themselves ‘good navigators.’ Due to the impact of Covid-19

on participant testing and the age risk of this sample, we were unable to collect more

participants – resulting in an unbalanced sampling of gender as well. In the second

study, a sample of healthy young adults were tested on the same subset of Sea Hero

Quest wayfinding levels and then completed a learning and spatial memory test in

Hatton Garden, London. Participants were split into two group: the assisted learn-

ing group and the control which received no additional learning prompts. Based on

evidence from London taxi drivers doing the Knowledge (Griesbauer et al., 2021),

the assisted learning group was prompted to attend to street names, recall street

names at each sub-goal, and point back along the direct line at each sub-goal. How-

ever, we found no difference in subsequent performance between these groups, with

no baseline difference in Sea Hero Quest as well. We suggest this type of strategy

to be ineffective for short-term learning and non-expert intervention.

In the last chapter of this thesis, we discuss an online study comparing per-

formance in Sea Hero Quest and performance in a new, ‘city’ version of Sea Hero

Quest (called City Hero Quest). This follows up on previous findings that, within

the world dataset of players, those reporting to have grown up in cities perform

worse compared to those reporting to have grown up in non-city environments (e.g.

suburban, rural, or mixed environments) (Coutrot et al., 2018b). Sea Hero Quest,

however, is an innately non-urban task, raising the question of task-bias towards

non-city players. To test for this, we developed City Hero Quest, a desktop virtual

reality game based on five levels of Sea Hero Quest, and released it to participants

on Prolific. In contrast to Sea Hero Quest, players must drive around an urban envi-

ronment consisting of buildings and roadways. We found an expected relationship

between performance on the two games with a stronger relationship for Non-City

players compared to City players. This finding suggests a categorical difference in

wayfinding ability based on home environment that is not task-setting-dependent.
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Additionally, in this chapter, we discuss ways in which neuroscience tasks, specifi-

cally spatial navigation tasks, can be improved for realism, ecological validity, and

more interesting behavior (Krakauer et al., 2017; Moffat, Zonderman, & Resnick,

2001; Conroy, 2001; Grewe et al., 2014).

The findings presented in this thesis provide some evidence for classical mod-

els of hippocampal function, specifically cognitive map theory. Consistent with

this hypothesis, we found hippocampal activation modulated with goal proximity.

However, in contrast, we did not find hippocampal activation modulated with active

navigation contrasted with passive movement. It is possible the environment and

task does not provide a framework for which hippocampal support is necessary as

the environment is fairly simple, the goal is non-stagnant (making coding of place

irrelevant), and the goal is visible for part of each trial. The functional hippocampal

story presented in this body of work is nuanced as well. We found no evidence for a

relationship between hippocampal volume and spatial ability in a non-expert sam-

ple of navigators. This is in line with some recent work by Weisberg and Ekstrom

(2021) but in direct contrast with the two fMRI studies looked at by Brunec and

colleagues (2019), which included the Navigational Strategies Questionnaire as a

parameter as well. Overall, the findings across this thesis posit a complex position

for Sea Hero Quest, and other navigation games, in practical application. Ideally,

these games could provide a better measure of spatial ability than traditional lab-

based metrics such as mental rotation, but the technological usability and lack of

precision for a subset of metrics decreases the measurement confidence in older

adults. This makes the game difficult to use for Alzheimer’s research as the typical

population of interest overlaps with this demographic. Ultimately, we suggest an

overhaul of navigation tasks to be more realistic, in both visual design and mechan-

ics, to allow for both increased ecological validity and measurement confidence

across a broader range of demographics.

Overall, the work presented in this thesis is focused on better understanding

flexible spatial navigation through the window of both behavioral and neural pre-

dictors. What we found was a nuanced story of task-specific relationships. Im-
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portantly, this thesis presents the first fMRI results from a dynamic navigation task

with a continuously moving goal position – to our knowledge. The findings are

broadly consistent with previous work on forced detours and also some recent work

in multicentric agent tracking with macaques. The findings presented in this thesis

further emphasize the need for more dynamic tasks in spatial navigation research.

In addition, we emphasize the need for increased realism in behavioral tasks. Not

only does increased realism create a more immersive experience for participants,

but more realistic environments may also better predict related measures. Lastly,

this thesis presents a good deal of evidence inconsistent with some recent findings.

Specifically, we find no evidence for a relationship between performance in Sea

Hero Quest and either real-world wayfinding / spatial memory measures or related

neural measures (hippocampal volume ratio). These findings suggest an issue of

task specificity with regards to the validity of Sea Hero Quest and a more nuanced

relationship between performance in the game and real-world wayfinding. To con-

clude, the work presented in this thesis adds to an understanding of flexible naviga-

tion and, importantly, highlights areas in which the field is lacking. Going forward,

it will be critically important to not only design tasks that are well controlled but to

design tasks that truly mimic the world as well.



Chapter 7
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Anatomical data preprocessing

A total of 1 T1-weighted (T1w) images were found within the input BIDS dataset.

The T1-weighted (T1w) image was corrected for intensity non-uniformity (INU)

with N4BiasFieldCorrection (Tustison et al. 2010), distributed with ANTs 2.3.3

(Avants et al. 2008, RRID:SCR 004757), and used as T1w-reference through-

out the workflow. The T1w-reference was then skull-stripped with a Nipype im-

plementation of the antsBrainExtraction.sh workflow (from ANTs), using OA-

SIS30ANTs as target template. Brain tissue segmentation of cerebrospinal fluid

(CSF), white-matter (WM) and gray-matter (GM) was performed on the brain-

extracted T1w using fast (FSL 5.0.9, RRID:SCR 002823, Zhang, Brady, and

Smith 2001). Brain surfaces were reconstructed using recon-all (FreeSurfer 6.0.1,

RRID:SCR 001847, Dale, Fischl, and Sereno 1999), 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 Mind-

boggle (RRID:SCR 002438, Klein et al. 2017). Volume-based spatial normal-

ization to one standard space (MNI152NLin2009cAsym) was performed through

nonlinear registration with antsRegistration (ANTs 2.3.3), using brain-extracted

versions of both T1w reference and the T1w template. The following template

was selected for spatial normalization: ICBM 152 Nonlinear Asymmetrical tem-

plate version 2009c [Fonov et al. (2009), RRID:SCR 008796; TemplateFlow ID:

MNI152NLin2009cAsym].

Functional data preprocessing

For each of the 8 BOLD runs found per subject (across all tasks and sessions), the

following preprocessing was performed. First, a reference volume and its skull-

stripped version were generated by aligning and averaging 1 single-band references

(SBRefs). A B0-nonuniformity map (or fieldmap) was estimated based on a phase-

difference map calculated with a dual-echo GRE (gradient-recall echo) sequence,

processed with a custom workflow of SDCFlows inspired by the epidewarp.fsl script
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and further improvements in HCP Pipelines (Glasser et al. 2013). The fieldmap was

then co-registered to the target EPI (echo-planar imaging) reference run and con-

verted to a displacements field map (amenable to registration tools such as ANTs)

with FSL’s fugue and other SDCflows tools. Based on the estimated susceptibil-

ity distortion, a corrected EPI (echo-planar imaging) reference was calculated for a

more accurate co-registration with the anatomical reference. The BOLD reference

was then co-registered to the T1w reference using bbregister (FreeSurfer) which

implements boundary-based registration (Greve and Fischl 2009). Co-registration

was configured with six degrees of freedom. Head-motion parameters with respect

to the BOLD reference (transformation matrices, and six corresponding rotation

and translation parameters) are estimated before any spatiotemporal filtering using

mcflirt (FSL 5.0.9, Jenkinson et al. 2002). BOLD runs were slice-time corrected

using 3dTshift from AFNI 20160207 (Cox and Hyde 1997, RRID:SCR 005927).

First, a reference volume and its skull-stripped version were generated using a cus-

tom methodology of fMRIPrep. The BOLD time-series (including slice-timing

correction when applied) were resampled onto their original, native space by ap-

plying a single, composite transform to correct for head-motion and susceptibil-

ity distortions. These resampled BOLD time-series will be referred to as prepro-

cessed BOLD in original space, or just preprocessed BOLD. The BOLD time-

series were resampled into standard space, generating a preprocessed BOLD run

in MNI152NLin2009cAsym space. First, a reference volume and its skull-stripped

version were generated using a custom methodology of fMRIPrep. Several con-

founding time-series were calculated based on the preprocessed BOLD: framewise

displacement (FD), DVARS and three region-wise global signals. FD was computed

using two formulations following Power (absolute sum of relative motions, Power et

al. (2014)) and Jenkinson (relative root mean square displacement between affines,

Jenkinson et al. (2002)). FD and DVARS are calculated for each functional run,

both using their implementations in Nipype (following the definitions by Power et

al. 2014). The three global signals are extracted within the CSF, the WM, and the

whole-brain masks. Additionally, a set of physiological regressors were extracted to
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allow for component-based noise correction (CompCor, Behzadi et al. 2007). Prin-

cipal components are estimated after high-pass filtering the preprocessed BOLD

time-series (using a discrete cosine filter with 128s cut-off) for the two CompCor

variants: temporal (tCompCor) and anatomical (aCompCor). tCompCor compo-

nents are then calculated from the top 2% variable voxels within the brain mask.

For aCompCor, three probabilistic masks (CSF, WM and combined CSF+WM) are

generated in anatomical space. The implementation differs from that of Behzadi et

al. in that instead of eroding the masks by 2 pixels on BOLD space, the aComp-

Cor masks are subtracted a mask of pixels that likely contain a volume fraction of

GM. This mask is obtained by dilating a GM mask extracted from the FreeSurfer’s

aseg segmentation, and it ensures components are not extracted from voxels con-

taining a minimal fraction of GM. Finally, these masks are resampled into BOLD

space and binarized by thresholding at 0.99 (as in the original implementation).

Components are also calculated separately within the WM and CSF masks. For

each CompCor decomposition, the k components with the largest singular values

are retained, such that the retained components’ time series are sufficient to explain

50 percent of variance across the nuisance mask (CSF, WM, combined, or tempo-

ral). The remaining components are dropped from consideration. The head-motion

estimates calculated in the correction step were also placed within the correspond-

ing confounds file. The confound time series derived from head motion estimates

and global signals were expanded with the inclusion of temporal derivatives and

quadratic terms for each (Satterthwaite et al. 2013). Frames that exceeded a thresh-

old of 0.5 mm FD or 1.5 standardised DVARS were annotated as motion outliers.

All resamplings can be performed with a single interpolation step by composing all

the pertinent transformations (i.e. head-motion transform matrices, susceptibility

distortion correction when available, and co-registrations to anatomical and output

spaces). Gridded (volumetric) resamplings were performed using antsApplyTrans-

forms (ANTs), configured with Lanczos interpolation to minimize the smoothing

effects of other kernels (Lanczos 1964). Non-gridded (surface) resamplings were

performed using mri vol2surf (FreeSurfer).
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Results for GLM Contrast Plan ITI - Follow ITI (FWE)
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Results for GLM Contrast Navigate - Follow (FWE)
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A.4 Appendix D

Results for GLM Parametric Path Distance (FWE)
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Results for GLM Parametric Euclidean Distance Between Self

and Fairy (FWE)



A.6. Appendix F 132

A.6 Appendix F

Results for GLM Parametric Number of Doors (FWE)
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Sea Hero Quest Levels: Group 1

Training levels: 1, 2 Wayfinding levels: 3, 5, 6, 7, 8, 10, 11, 12, 13, 16, 17, 18, 20,

21, 22, 23, 25, 26, 27, 28, 31, 32, 33, 35, 36, 37, 38, 40, 41, 42, 43, 43 (repeat), 43

(repeat) Flare levels: 4, 9, 14, 19, 24, 29, 34, 39, 44, 49, 54, 59, 64, 69, 74 Radial

levels: 1, 2, 3, 4, 5

Sea Hero Quest Levels: Group 2

Group 2 (2021): Training levels: 1, 2 Wayfinding levels: [1, 2], 6, 8, 11, 13, 32, 36,

41, 42, 43, 43 (repeat), 43 (repeat), 56 Flare levels: 9, 14, 19, 24, 29 Radial levels:

1, 2, 3, 4, 5
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B.2 Appendix B

Hierarchical Linear Mixed Effects Models; Left Hippocampus

Wayfinding distance (vm):

(1) SBSOD + left ratio

(2) NSQ + left ratio

(3) SBSOD + NSQ + left ratio
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Wayfinding duration (s):

(1) SBSOD + left ratio

(2) NSQ + left ratio
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(3) SBSOD + NSQ + left Ratio

Flare accuracy:

(1) SBSOD + left ratio
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(2) NSQ + left ratio

(3) SBSOD + NSQ + left ratio
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Sea Hero Quest level maps & real-world example
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Sea Hero Quest questions

1. What gender are you?

2. How old are you?

3. What country do you live in?

4. What hand do you write with (dominantly)?

5. What’s your highest education level?

6. How many years of formal education do you have?

7. What is your daily travel time?

8. How good are you at navigating?

9. How much sleep do you get on average each night (in hours)?

10. What environment did you grow up in?

11. How physically active were you in the last 6 months?
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D.2 Appendix B

Navigation Habits

1. Do you practice orienteering?

2. How many hours per week do you walk?

3. How many hours per week do you ride a bike?

4. How many hours per week do you drive a car / taxi?

5. How many hours per week do you use public transport?

6. How many hours per week do you navigate on a boat?

7. Do you need to find your way in unfamiliar places for your job?

8. How often do you use your memory to navigate (e.g. not GPS) as part of your

job?
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GPS Reliance Scale

1. How often would you use GPS to navigate in general?

2. You are meeting friends at a new restaurant, and you are travelling there for the

first time. How often do you use a GPS in such a situation?

3. You usually leave from home to go to a doctor’s appointment. This time,

however, your appointment is scheduled right after work. Therefore, you have to

travel a new route to get to a destination you have visited before. How often do you

use a GPS in such a situation?

4. You usually leave from home to visit your family. You are taking the same route

as you always do. How often do you use a GPS in such a situation?

5. You usually travel a specific route to go to your friend’s house. This time, you

think you may get there faster by taking a different route. How often do you take

new routes to travel to places you have visited before?

6. How often do you use a GPS to travel to a destination outside of the area where

you live?

7. When finding your way around a city outside of your hometown, how often do

you use a GPS?
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Home Environment

For the following questions, we will be asking information about where you grew

up. Specifically, the address you lived at the longest between the age of 0 and 18.

Please respond to the following questions with this address in mind.

1. What was the street name of this address? Please separate words by single

spaces. For example, if you grew up on ’Main Street’, please type ’Main Street’.

2. What was the city name for this address? Please separate words by single

spaces. For example, if you grew up in ’Las Vegas’, please type ’Las Vegas’.

3. What was the state name for this address? Please separate words by single

spaces. For example, if you grew up in ’South Dakota’, please type ’South

Dakota’.

4. How old were you when you moved to this address?

5. How old were you when you moved away from this address? If you still live at

this address, please keep the slider at 0.

6. Do you still live at this address?

7. How many times did you move home during your childhood (0-18)?

8. What is the name of the city in which you currently live? Please separate words

by single spaces. For example, if you live in ’San Francisco’, please type ’San

Francisco’.
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Video Game Questions

1. How often do you play video games per week?

2. How often do you play video games on a smartphone or a tablet per week?

3. How often do you use a smartphone or a tablet per week?

4. What genre of video games do you most commonly play?

5. On what platform do you most often play video games?
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Health General

1. Please enter your weight (in pounds) by moving the slider below:

2. Please use the two slides below to indicate your height in feet and inches:

3. Please choose the option in the dropdown below that best describes your

smoking habits:

4. How many units of alcohol do you consume per week on average? 2 units = 1

pint of beer or 1 standard glass of wine.

5. How many hours of exercise do you perform in an average week?
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Sleep Questions

1. What time do you go to sleep? Please enter the time out of 24:00 hours (00 - 12

AM, 12 - 24 PM).

2. How long does it take you to fall asleep? Please indicate hours on the left and

minutes on the right. For example, if it takes you an hour and a half to fall asleep,

please enter 01 on the left and 30 on the right.

3. How many times do you wake up on a typical night?

4. How long are you awake for, in total, during the night? (please enter your

response in minutes; 1 hr = 60, 2hr = 120, 3hr = 180, 4hr = 240)

5. What time do you wake up? Please enter the time out of 24:00 hours (00 - 12

AM, 12 - 24 PM).

6. Does your alarm clock wake you up?

7. Do you take a nap(s) during the day?

8. If you take naps during the day, how long is the duration of your nap(s) in total?

Please enter your response in minutes. Leave the slider at 0 if you do not take naps.

9. Do you do any strenuous physical activity during the day?

10. How would you rate your sleep quality overall?

11. How difficult do you find it to wake up/get up?

12. Please indicate your level of sleepiness upon awakening.

13. Please indicate your level of sleepiness upon bedtime.

14. How many caffeinated beverages do you have a day?

15. What is the average time you spend outdoors exposed to direct sunlight on a

typical day? Please indicate hours on the left and minutes on the right. For

example, if you spend an hour and a half in direct sunlight, please enter 01 on the

left and 30 on the right.
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Extra Questions

1. In your home town / city - in which unit would you most often think about

travel?

2. Do you think the environment you grew up in influenced how you navigate?

3. If two environments were equally complicated - a city region and countryside

region - which would prefer to navigate by remembering a map and no other

guidance?

4. How often do you go hunting?

5. Have you had any military training?

6. Do you experience mental imagery? i.e. do you picture things in your head

when you think of them? If so, how vividly?

7. How good is your memory?

8. When you were growing up, did you enjoy learning to navigate?

9. When you were growing up, did your family encourage independent navigating

without GPS?

10. What age did you learn to drive (formally)? If you did not learn to drive, please

leave the slider at 0.

11. What age did you start driving on your own? If you have never driven, please

leave the slider at 0.
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D.9 Appendix I

Bilateral hippocampal activation modulated by goal proximity
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