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Abstract

Advances in large-scale neural recording technology have significantly improved the
capacity to further elucidate the neural code underlying complex cognitive processes.
This thesis aimed to investigate two research questions in rodent models. First, what
is the role of the hippocampus in memory and specifically what is the underlying
neural code that contributes to spatial memory and navigational decision-making.
Second, how is social cognition represented in the medial prefrontal cortex at the
level of individual neurons. To start, the thesis begins by investigating memory and
social cognition in the context of healthy and diseased states that use non-invasive
methods (i.e. fMRI and animal behavioural studies). The main body of the thesis
then shifts to developing our fundamental understanding of the neural mechanisms
underpinning these cognitive processes by applying computational techniques to ana-
lyse stable large-scale neural recordings. To achieve this, tailored calcium imaging
and behaviour preprocessing computational pipelines were developed and optimised
for use in social interaction and spatial navigation experimental analysis. In parallel,
a review was conducted on methods for multivariate/neural population analysis. A
comparison of multiple neural manifold learning (NML) algorithms identified that non-
linear algorithms such as UMAP are more adaptable across datasets of varying noise
and behavioural complexity. Furthermore, the review visualises how NML can be
applied to disease states in the brain and introduces the secondary analyses that
can be used to enhance or characterise a neural manifold. Lastly, the preprocessing
and analytical pipelines were combined to investigate the neural mechanisms in-
volved in social cognition and spatial memory. The social cognition study explored
how neural firing in the medial Prefrontal cortex changed as a function of the social
dominance paradigm, the "Tube Test". The univariate analysis identified an ensemble
of behavioural-tuned neurons that fire preferentially during specific behaviours such
as "pushing" or "retreating" for the animal’s own behaviour and/or the competitor’'s
behaviour. Furthermore, in dominant animals, the neural population exhibited greater
average firing than that of subordinate animals. Next, to investigate spatial memory,
a spatial recency task was used, where rats learnt to navigate towards one of three
reward locations and then recall the rewarded location of the session. During the
task, over 1000 neurons were recorded from the hippocampal CA1 region for five rats
over multiple sessions. Multivariate analysis revealed that the sequence of neurons



encoding an animal’s spatial position leading up to a rewarded location was also active
in the decision period before the animal navigates to the rewarded location. The result
posits that prospective replay of neural sequences in the hippocampal CA1 region
could provide a mechanism by which decision-making is supported.



Lay Summary

The human brain consists of 100 billion neurons subdivided into specialised func-
tional regions that drive sensation, perception, planning, decision-making, movement
and action for diverse and changing scenarios. Research using non-invasive neural
recording technologies such as fMRI and EEG has enabled us to pinpoint regions of
functionality in the human brain and enabled us to observe how they inter-connect.
However, little is currently known about how individual neurons within and across
these regions combine as a neural population to evoke such functions. For this,
human studies remain very difficult to execute.

This thesis addresses the need for recording from single cells by employing a high-
resolution neural imaging technique known as calcium imaging to simultaneously
record from hundreds of neurons within isolated brain regions of rodent models. Sci-
entific conclusions drawn from animal models whilst not entirely interchangeable with
humans, provide an illustrative means by which the neural code underlying complex
functions can be inferred.

This thesis consists of a series of published papers and aimed to leverage computa-
tional techniques to answer two research questions. First, what is the role of the hip-
pocampal brain region in memory and specifically what is the underlying neural code
that contributes to spatial memory and navigational decision-making. Second, how is
social cognition represented in the medial prefrontal cortex at the level of individual
neurons. For each question, non-invasive methods were first used to investigate how
they arise, how they become impaired in instances of Alzheimer’s disease and Autistic
Spectrum Disorder and the ways that they can be treated.

The main body of the thesis then dives into how large populations of neurons can be
imaged and the computational methods that can be used to understand them. Using
these methods, two cognitive processes were investigated, and the findings also
published. The first explored the neural code underlying social cognition by analysing
neural recordings from the rat medial prefrontal cortex (an area of the brain linked to
executive function) during a social dominance task. The study identified populations
of neurons that encoded each of the animal’s own unique social behaviours, as well
as that of its interaction partner, in a social dominance situation. The findings add to
our existing knowledge of the role of the medial prefrontal cortex in action planning



and shed light on how the neural population encodes these actions. The second study
explored the neural mechanisms underlying spatial memory and its role in decision-
making. To achieve this, over 1000 Hippocampal CA1 neurons (known for their role in
spatial memory) were recorded from five rats whilst they completed a spatial recency
task. A key finding revealed sequences of neural activity that changed across days
and could be used to predict the future reward destination of the animal, therefore
implicating the Hippocampus as a potential precursor to spatial decision-making.

Overall, the thesis demonstrates the potential of advanced neural recording techno-
logy, and tailored analysis pipelines to gain insights into the neural code underlying
complex cognitive processes such as memory and social cognition.”
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Introduction

This thesis aimed to investigate two research questions in rodent models. First, what
is the role of the hippocampus in memory and what is the underlying neural code
that contributes to spatial memory and navigational decision-making? Second, how
is social cognition represented in the medial prefrontal cortex at the level of individual
neurons. To answer these questions, | led the computational analysis of large-scale
neural recordings collected from rodent brains during tasks involving spatial recall or
social behaviour. This involved the research and development of tailored computa-
tional pipelines in Python to preprocess and analyse large-scale neural recordings.
These pipelines were subsequently deployed to understand the neural code under-
pinning memory and social cognition.

This thesis begins with a critical review to sequentially introduce and review the six
published research papers that comprise the body of the research. Each paper will
consist of a short overview, that will outline the background literature and research
gaps, then proceed to discuss the paper’s aims, objectives, high-level methodology,
and results. Lastly, a brief summary is provided of the research contribution to the
expansion of scientific knowledge.

The order in which the papers are introduced and reviewed falls into four chapters.
The first three introduce and review the papers and the fourth chapter consists of all
seven papers collated.

Chapter 1 — "Cognition: An Insight from Neurodegenerative and Neurodevel-
opmental Disorders" forms the background motivation for developing our under-
standing of the brain’s neural circuitry. The chapter begins by introducing high-level
concepts such as memory and social cognition, before diving into neural conditions
such as Alzheimer’s Disease (AD) and Autistic spectrum disorder (ASD). The chapter
features two papers linked to these topics as follows:

. Paper 1: Changes in brain activity and connectivity as memories age (Co-
first author, Commentary). The commentary contributes to the first question of
the thesis by introducing the broader topic of memory, defining the competing
theories of memory consolidation and outlining hippocampal involvement. This
adds to the existing pool of literature surrounding the hippocampus and intro-
duces my research on elucidating the neural code of spatial navigation in rodent



models. My contribution to the commentary was to concisely summarize the key
findings/ claims of the Tallman et al research paper. Then, with my co-authors,
| conducted desk research to review the findings supported by competing the-
oretical models of memory consolidation and how the experimental/analytical
robustness could be further improved to support their claims.

. Paper 2: Experiential modulation of social dominance in a SYNGAP1 rat
model of autism spectrum disorder (Contributing author, research article).
This paper contributes to the second research question of the thesis by intro-
ducing a model of Autisic Spectrum Disorder (ASD) in rats and reveals how
behaviour can be altered in a social dominance experimental paradigm. The
discovery of the asymmetries in behaviour between Wild-Type (WT) and ASD
rats contributed to a preliminary understanding of the expected behaviour in
a similar set up in paper 5 and identified the primary windows of behaviour
to investigate the neural-code using single photon calcium imaging. Thus, the
paper’s conclusions were leveraged to define concrete starting hypotheses dis-
cussed in paper 5. The research article was part of a lab-wide effort to increase
the understanding of how behaviour and neural activity differ between healthy
and ASD rats in social scenarios (see Paper 5). My contribution to the research
article was to bring my experience from a parallel workstream that used the
same experimental paradigm. | reviewed and guided the analytical write-up,
over a series of internal revisions contributing to the clarity of behavioural cat-
egorization and how the findings connected with the existing literature.

Chapter 2 - "1P-Calcium Imaging Analysis" introduces the primary tool through-
out the thesis — “single photon (1P) calcium imaging”. The chapter provides
a brief background on the types of large-scale neural recording technologies avail-
able and explains why 1P-Calcium imaging was selected in subsequent experiments.
Furthermore, the chapter aims to give the reader a complete understanding of the
competing preprocessing pipelines available for extracting neural event traces. Pre-
processing provides a mandatory precursor to any primary or secondary analysis
and has been a significant research component in my contribution to subsequent
papers. The section introduces two papers that aim to help experimenters overcome
a common data-collection problem in calcium imaging and equip researchers with
increasingly large-scale data with dimensionality reduction methods.



Paper 3: iHELMET: A 3D-printing solution for safe endoscopic Ca2+ re-
cording in social neuroscience (Contributing author, research article). This
paper contributes to the second question of this thesis by generating a means to
capture stable neural recordings in rats during a social dominance experimental
paradigm. Furthermore, it holds a crucial step in the iterative development of the
preprocessing pipeline used to reliably identify and record from the maximum
number of neurons. The validated iIHELMET was subsequently used in paper
5 enabling reliable neural recording in the tube test context. In addition, the
preprocessing pipeline was further iterated upon for use in papers 5 and 6. The
tube-test social dominance paradigm described in the methods article was the
first implementation of single-photon calcium imaging in the lab with freely mov-
ing animals. My contribution to the article began by discovering the existence of
motion artefacts within our dataset. This prompted the first author of the paper
Dr Saxena to investigate additional ways in which aggressive motion could be
reduced during imaging. Upon the creation of the iIHELMET, | developed and
deployed the motion analysis comparison, validating the efficacy of the tool. |
then iterated on, co-wrote and reviewed the paper, primarily contributing to the
summary of analytical findings and all the methods sections that involved the
computational preprocessing and analysis of 1P calcium imaging recordings.

Paper 4: Neural manifold analysis of brain circuit dynamics in health and
disease (Co-First author, Review article). This review contributes to both ques-
tions of the thesis by exploring how neural manifold analysis techniques can be
used as a top-down hypothesis testing strategy for large-scale neural record-
ings. The review categorised and compared existing NML algorithms across
varying datasets across multiple brain regions including the hippocampus. By
comparing multiple techniques, | was able to identify and develop subsequent
computational analysis pipelines relevant for paper 6 that could be used to
investigate the population code involved in spatial navigation. Furthermore,
by exploring hippocampus CA1 neural recordings, | was able to develop a
preliminary understanding of the dimensionality of hippocampal activity and
how to optimally process and visualize subsequent data. My contribution to the
review article was to lead a team of four researchers in the description and com-
parison of published neural manifolds algorithms. This included developing the
review structure, dividing and reviewing each section and leading collaborations
with external groups for the collection of comparative datasets. The specific
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sections that | led were the introduction, the description of multiple Neural
manifold and secondary analysis techniques and the comparative discussion.
| also created all, excluding the first figures, which included co-developing and
deploying visualisation and analysis code.

Chapter 3 — "Application of 1P-Calcium Imaging to Study Mechanisms of Soci-

ability and Spatial Memory" introduces the primary focus of the thesis. The chapter

commences by providing the background logic for using rats as a model of social

cognition and spatial memory. It then dives into each cognitive process, its surround-

ing literature and two papers that leverage 1P-calcium imaging and computational

techniques to further the field’s knowledge of the neural circuitry underlying these

processes. The two papers first explore social cognition, and then spatial decision-

making.

Paper 5: Ca2+ imaging of self and other in medial prefrontal cortex dur-
ing social dominance interactions in a tube test (Co-First author, research
article). This paper contributes to the second research question of the thesis.
The research identified specific neural ensembles in the rat medial prefrontal
cortex that correlate with an animal’'s own and another animal’s behaviour. This
added to a growing body of existing literature implicating the role of the medial
prefrontal cortex in social coding. Furthermore, by leveraging a similar compu-
tational technique to that used in paper 6, the paper introduced a robust meth-
odology for the identification of socially-tuned neurons. My contribution to the
research article was with the experimental design, the preprocessing and ana-
lysis of the 1P calcium-imaging recordings. For experimental design, | identified
ways to capture robust calcium imaging recordings (see paper 3) and created
a standardized project structure for organising raw data, processed files, and
figure panels. For calcium imaging preprocessing, | researched and developed
a robust processing pipeline to accurately identify neurons, extract their calcium
traces and align them with labelled behaviour. This involved running a rigorous
review of available algorithms and collaborations with multiple research groups
for best practise, algorithm and parameter sharing. Next, for the analysis, |
developed multiple algorithms for univariate analysis and statistical comparison.
This included the development of a mutual information pipeline used for the
identification of behaviourally tuned neurons for the animal’s behaviour and its
interaction partner’s behaviour. For each neural ensemble, | then quantified and
characterised them by observing their consistency within and across imaging
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sessions. Lastly, | contributed to the writing of the manuscript, including the
iterative interpretation and discussion of the results and the methods for calcium
imaging preprocessing and neural analysis algorithms. This included many
successive drafts, with regular reviewing and refinements.

Paper 6: Neuronal signature of spatial decision-making during naviga-
tion by freely moving rats by using calcium imaging (Co-First author, re-
search article). This paper contributes to the first question of the thesis. The
research captures single photon calcium imaging in the rat hippocampus CA1
region whilst the animal completes a spatial recency task. The results confirm
a neural population that correlated with the animal’s spatial position when ex-
ploring a 2-dimensional arena. Further, by isolating key decision-making win-
dows within the paradigm, sequences of neural activity were identified that
correspond to an animal’s future destination. These results contributed to ex-
isting research into hippocampal function in encoding spatial memory, but also
indicated how the neural code in the hippocampus could act as a driver for
navigational decision-making. My contribution to the research article was with
the experimental design, the preprocessing and analysis of the 1P calcium-
imaging recordings - like paper 5. For experimental design, | co-developed a
procedure for aligning calcium imaging traces to the animal’s specific location.
This involved extracting the animal’'s head position in space using Deep Lab
Cut (DLC), then using a Light Emitting Diode (LED) triggered in the experiment
to align neural calcium imaging to the rat head location. For the analysis, firstly,
| developed the place cell identification pipeline. Given the 2D nature of our
experimental paradigm, | had to overcome spatial sampling constraints, this
led me to research and compare multiple mutual information estimators and
develop additional measures to ensure non-biased estimation. Next, for trial
neural analysis — | developed an automated software to select each correct
vs incorrect trial. Then, | developed and deployed a neural manifold learning
pipeline to assess the recurrence of population activity and to identify clusters of
similar activity (notably a reward location and decision-making window). Upon
identifying notable clusters, | developed and deployed code and visualization
techniques to characterise and decode them. For the manuscript, | interpreted
and co-wrote the calcium imaging results section, wrote the methods section for
the calcium imaging preprocessing analysis and contributed to the structuring
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and iterative reviewing of the introduction and discussion. Lastly, following re-
viewer comments, | led the development of a series of analyses and supporting
controls that were subsequently included in the manuscript and added to the
supplementary information.

Papers 4-6 were first/co-first authored publications that will therefore be discussed in
more detalil.
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Chapter 1

Cognition: An insight from
neurodegenerative and
neurodevelopmental disorders

1.1 Memory

Memory falls into several categories, usually classified according to their duration
and their content. For example, working memory encodes information from seconds
to minutes, whilst long-term memory can encode information for days, months and
years. Long-term memory can be further subdivided and includes episodic memory.
This refers to an individual’s ability to store and recall a specific event in time, typically
characterised by what, where, who and when of the event.

Long-term memory typically starts by being encoded in medial temporal lobe struc-
tures (MTL) such as the hippocampus as a neural representation with its stability
dictated by its synaptic connections. Memory consolidation takes place anywhere
between months to years becoming hippocampus independent by duplicating the
memory representation and committing it to neocortical areas. A holistic understand-
ing of the neuromechanics involved in memory encoding, consolidation and recall is
therefore crucial when studying how neurodegenerative diseases such as AD disrupt
memory circuits.
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1.2 Changes in brain activity and connectivity as

memories age

The (Gobbo et al., 2022) Commentary was to review and discussed the (Tallman
et al., 2022) findings of functional connectivity as a memory age. There is currently
much debate as to how the Hippocampus is involved in long-term memory and how
and where memory consolidation occurs. The commentary aimed to introduce and
compare the paper’s findings with competing theories, including the standard model
of memory consolidation (SMC), Multiple trace theory (MTT) and memory schemas.
A key result of the paper was no significant changes in hippocampus activity during
memory retrieval at different time points, thus indicating SMC as a candidate theory.
Interestingly, analysis of a subset of memory retrievals with high confidence reported
no significant change to hippocampal activity over time. The commentary suggested
that the reason for this was due to the metamemory component of the test (i.e. confid-
ence score) generating a mental “time travel” to the time of memory learning and thus
hippocampal involvement. Consequently, future studies would need to disentangle
this component to confidently back up an SMC theory.

The commentary aims to contribute to the expansion of our understanding of memory
consolidation by adding to the discussion on hippocampal involvement in long-term
memory consolidation and retrieval, supporting the SMC theory and suggesting future
experiments that can help provide further validation.

Personal contribution: As a co-first author, my main contributions were to summarize
the key findings of (Tallman et al., 2022) paper, to review them alongside competing
literature and to provide input on future directions.

1.3 Alzheimer’s Disease

AD is a progressive and irreversible neurological disorder that affects memory, cog-
nitive functions, and behaviour. It is characterized by the extracellular aggregation
of Amyloid beta (AB) plaques and intra-cellular Tau protein tangles. Globally, it is
estimated that over 50 million people have dementia, and about two-thirds of these
cases are due to AD (WHO, 2023). As the population ages, the disease burden of
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Alzheimer’s is expected to increase, making it a significant public health concern. The
reduced quality of life, the strain on families and the associated healthcare costs put
the annual global cost of dementia above 1.3 trillion US dollars, a number that is
expected to more than double by 2030 (WHO, 2021).

Currently, there is no cure for Alzheimer’s disease, but there are therapies available
to help manage symptoms and improve quality of life. The most used medications for
AD are cholinesterase inhibitors and memantine (Parsons et al., 2013), both can help
alleviate symptoms, improve cognition and delay progression. The treatments achieve
this in different ways, with memantine working as a competitor receptor antagonist to
free up NMDA receptors and increase synaptic transmissibility. Meanwhile, cholin-
esterase inhibitors work by inhibiting acetylcholinesterase function, thus increasing
levels of free acetylcholine (Parsons et al., 2013). Additionally, there are several non-
pharmacological interventions that can help manage symptoms, including cognitive
and behavioural therapies, physical exercise, and social engagement. It’s also import-
ant for individuals with Alzheimer’s disease to receive comprehensive care, including
management of coexisting medical conditions, support for caregivers, and planning
for future care needs.

1.4 Social Cognition

Social cognition is an umbrella term that can be used to describe the ability of an
individual to decipher the intentions of other conspecifics and to prepare and execute
their actions accordingly. Encompassing many behaviours, it involves integrating and
transmitting information between multiple brain regions of varying functionality. Not-
ably, the prefrontal cortex has been identified as a key player due to its involvement
in high-order executive functionality such as decision-making, attention and working
memory (Bicks et al., 2015). Unsurprisingly, disruption to neural circuitry involved
in social cognition (i.e. changes in the excitation/inhibition ratio) can lead to neural
disorders such as Schizophrenia or ASD (Ferguson and Gao, 2018).
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1.5 Autistic Spectrum Disorder

ASD is a neurodevelopmental disorder that affects 16% of children and 0.76% of
people worldwide (Hodges et al., 2020). The disorder is characterised by impair-
ments in communication and social interaction skills that can significantly impact an
individual’s ability to navigate daily life activities. People with ASD may also suffer
from coexisting conditions such as anxiety, depression, and intellectual disability all of
which can increase their reliance upon family and societal support. The high preval-
ence of ASD, along with the need for specialized services and support, can render it a
difficult disorder to manage and one that results in substantial economic and societal
costs.

The exact causes of ASD are still under investigation, but research suggests that a
combination of genetic and environmental factors may contribute to the development
of the disorder. Two genetic factors that have been linked with more severe cognit-
ive and behavioural impairments include Synaptic Ras GTPase-Activating Protein 1
(SYNGAP1) (Berryer et al., 2013) and Fragile-X syndrome (FXS) (Hagerman et al.,
2017). Whilst many studies have validated the local neurological impact of these vari-
ants, few explore these variants in the context of rodent models of sociability. Crucially,
these types of experiments enable connections to be drawn between genetic variants
and their effects on the associated behavioural phenotypes needed to develop and
maintain relationships.

Among the prior experimental paradigms that model social interactions in ASD ro-
dents, “Crawley’s sociability test” enabled researchers to discover that rodents with
SYNGAP1 variants displayed deficits in social recognition (Guo et al., 2009; Nakajima
et al., 2019). In addition, a Fragile-X study using the “Tube Test”, observed FMR1
knockout (KO) rats as more likely to be subordinate to Wild-type (WT) and as lacking
behavioural flexibility (Saxena, Webster et al., 2018).

1.6 Experiential modulation of social dominance in a
SYNGAP1 rat model of autism spectrum disorder

With SYNGAP1 sharing similar known deficits to FXS, (Harris et al., 2021) aimed to
investigate the differences between SYNGAP1 and WT rats in a Tube Test context,
like that of (Saxena, Webster et al., 2018). The experiment was split into two Phases,
Phase 1 facilitating intra-cage competition between four cages of four animals (10
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sessions) and Phase 2 inter-cage competitions (16 sessions). For each competition,
animals would participate in 5 trials - entering a transparent tube from opposing direc-
tions and competing to push the animal out of the tube. Aside from winning and losing,
animals displayed multiple behaviours including Pushing, Moving Forward, Resisting,
Retreating, Withdrawal and Stillness. The results revealed that in Phase 1, where
cages contained 4x KO, a typical social hierarchy would form. Conversely, in mixed
cages (2x KO and 2x WT), KOs were more likely to occupy the lower ranks in the social
hierarchy. Importantly, a very different pattern was observed when the animals faced
contests with animals from different cages who they had never met. Specifically, when
exposed to new conspecifics in Phase 2, KO animals exhibited a form of behavioural
hyperstability, with high-ranked dominant animals typically winning against high-rank
WTs, thus remaining high-rank and low-rank KOs continuing to lose and remain low-
rank. This latter result is likely due to learnt patterns of behaviour in Phase 1 being
rigidly and inflexibly carried on Phase 2. Both results are consistent with (Saxena,
Webster et al., 2018) and reflect an important validity to what has been observed in
ASD individuals.

The study contributes to furthering researcher knowledge by first validating SYNGAP1
rat models of ASD. Secondly, it highlights the use of an additional social test — the
Tube Test, that can be used to expose key social behaviours that discriminate WT
and SYNGAP1 animals. Finally, findings on behavioural hyperstability in SYNGAP1
rats reinforce surrounding mouse literature on social memory impairment.

Personal contribution: Having worked on a parallel tube test study on Fragile-X syn-
drome with Dr Kapil Saxena and Professor Richard Morris, | helped guide the project,
suggested suitable behavioural categories and contributed to the main text.



Chapter 2

1P-Calcium Imaging Analysis

The three papers presented so far focus on the foundations of our understanding of
memory and social cognition and how they can become impaired in commonly known
neurodegenerative diseases and neural disorders. From this point, the thesis aims to
expand on these processes by observing how changes in neural circuitry change as a
function of behaviour. The following sections, focus on the methodology to record from
the neural circuitry, the landscape of computational techniques required to analyse
large-scale neural recordings and how applications of neural population recordings
test rat models of social cognition and memory.

2.1 Large-scale neural recording

The landscape of neural recording technologies has been rapidly growing. Today,
there are several techniques that can be used to record from large populations of
neurons. Electrophysiology, one of the most common, is well known for its ability
to record simultaneously from hundreds of neurons with high temporal precision.
Furthermore, the introduction of Neuropixel has increased the number of neurons that
can be imaged by an order of magnitude, with recent studies recording from over 6000
neurons (Gardner et al., 2022). Importantly, one of the shortfalls of electrophysiology
is its inability to robustly identify and record from the same neurons across days due
to the movement of neurons or the electrodes. To overcome this, technologies such
as calcium and voltage imaging have been developed. Both enable neurons to be
tracked over days, with calcium imaging capable of recording from similar orders of
magnitude of neurons to that of electrophysiology. Like electrophysiology, progress in
the development of imaging hardware is steadily increasing, with Mesoscopes now
enabling up to 10,000 neurons to be imaged simultaneously (Stringer et al., 2019).
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2.2 Calcium Imaging

Calcium imaging capitalizes on the influx of calcium ions (Ca2+) into neurons following
an action potential or a series of action potentials. Neurons are genetically modified to
express a fluorescent calcium indicator protein such as GCaMP6f that can bind free
Ca2+ using a calmodulin-binding site. A laser is then used to excite the “activated”
protein causing it to emit photons with a typical emission spectrum that can then be
captured and visualised using a microscope. Importantly, there are multiple ways to
perform calcium imaging, including single-photon (1P), two-photon (2P) and three-
photon (3P) imaging. The number of photons refers to the quantity used to excite
fluorophores such as the calcium indicator. Using more photons focuses the excitation
volume, rendering the resulting fluorescence signal less prone to scattering and out-
of-focus fluorescence. Longer wavelength photons travel the biological tissue further,
therefore allowing the imaging of deeper brain areas. Imaging deeper structures, be
it at 1P or at 2P, requires relay lenses (e.g. GRIN lenses) to convey light to and from
these regions. Most GRIN lenses have sub-optimal optical properties compared to
microscope objectives, which results in a decrease in effective spatial resolution. 2-
photon calcium imaging therefore typically exhibits increased spatial resolution com-
pared to that of 1P imaging. However, a key trade-off is that it often requires an
animal to be head-fixed (i.e., its head movement is restrained). Using a head-mounted
miniaturised microscope (Miniscope), 1P imaging technology allows an animal to
move around freely. This is crucial in enabling animals to exhibit more naturalistic
behaviour, especially during social interaction paradigms such as the Tube Test, or
Crawley’s social interaction test. Given the social element and the natural represent-
ation of 2-dimensional space, 1P-calcium imaging was selected and optimised for
neural recordings in this thesis. My contribution to the subsequent studies was to
guide experimental design for optimal data collection, to review and validate a robust
preprocessing pipeline and to develop and apply computational pipelines for univari-
ate and population-level neural analysis. This follows a trend across neuroscience
research that shows a growing collection of large neural datasets requires specialised
personnel to conduct analysis.
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2.3 Calcium Imaging Preprocessing

After performing experiments generating calcium imaging recordings, preprocessing
is required to identify regions of interest (ROIs) - i.e. neurons within the microscopes
Field of View (FOV). Neuronal traces are subsequently extracted from the ROIs and
converted into event trains. Due to the great recent advancements in the applications
of calcium imaging to neuroscience and an increasingly large number of neurons
that can be recorded, there is a relatively competitive landscape of pre-processing
pipelines with varying degrees of efficiency, accuracy and tailoring to specific calcium-
imaging technologies. Typical pipelines begin by spatial-temporal downsampling of
the FOV to remove noisy pixels, followed by applying a motion correction algorithm to
align frames. Next, ROls are identified, and each neuron’s signals are extracted and
isolated. This step tends to differ the most between pipelines, with top performers
including PCA/ICA (Mukamel et al., 2009), CalmAn CNMF-e (Giovannucci et al.,
2019; Zhou et al., 2018), EXTRACT (Inan et al., 2021) and Suite-2P (Pachitariu et al.,
2017). CalmAn CNMF-e was selected due to its high performance, its tailoring to
1P-calcium imaging and its modular and Python-based implementation that allowed
it to be optimized for our specific datasets. Events are extracted with the CalmAn
integrated OASIS algorithm (Friedrich et al., 2017), using a parameter set optimised
for 1P-calcium imaging. Neural “events” recorded with calcium imaging do not in
general translate 1-to-1 into action potentials. This is due to the biophysical properties
of binding and unbinding kinetics of calcium indicators, to a certain nonlinearity of cal-
cium influx, and to detection sensitivity. This leads to temporally close action potentials
to merge at high frequency, and the failure to identify isolated single action potentials.
Finally, neural event trains are aligned with the animal’s behaviour that arises as
a function of a targeted protocol. Depending on the targeted behaviour, different
approaches can be used for labelling. For example, where an animal’s position in
space requires tracking, software’s such as ANY-maze and Deeplabcut (DLC) provide
a fast and precise automated process. Post-hoc behavioural analysis can then build
on the 2D position, enabling spatial binning or the selection of zones of interest.
Alternatively, for more complex categorical data such as social behaviours, manual
labelling remains in high use.
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2.4 IHELMET: A 3D-printing solution for safe endo-

scopic Ca2+ recording in social neuroscience

1P-calcium imaging allows rodents to move around and interact freely within social
interaction paradigms such as the Tube Test. Prior studies with mouse models have
shown successful coupling of calcium imaging with the tube test context (Kingsbury
et al.,, 2019), however upon performing these experiments in rats, dramatic FOV
motion artefacts in calcium recordings were observed due to the greater strength
of rats. Currently, only a few methods exist to reduce this motion, the main one
being to insert a barrier between interacting animals. The (Saxena, Spooner et al.,
2021) methods paper aimed to minimize motion artefacts by introducing the iIHELMET,
a 3D printed lightweight helmet designed to fit over a portable miniscope and in
doing so protect it and decrease miniscope motion. The paper applied a simple
method for quantifying dominant motion and demonstrated that the iHELMET could
be worn to minimise major motion problems. Consequently, a novel solution was
proposed that would maintain naturalistic interaction between rats and ensure quality
neural recordings. Obtaining stable neural recordings is a useful requirement when
observing neural circuitry, particularly when imaging across multiple days. Therefore,
whether standalone or combined with other techniques, IHELMET provides an incre-
mental way for researchers working with freely moving animals to achieve robust data
collection. To date, the IHELMET has been used in experiments in the lab involving rat
social interaction and calcium imaging (See (Garcia-Font et al., 2022)). Furthermore,
the design and 3D printing instructions have been shared with several interested
parties.

Personal contribution: As the lead data analyst for this project my contribution initially
consisted of discovering and flagging the motion artefacts, then aiding in the quantific-
ation of motion before and after IHELMET and finally developing the calcium imaging
preprocessing pipeline. | also helped write and review the main text and figures.
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2.5 1P-Calcium Imaging Data Analysis

Up until recently, univariate analyses have dominated research on neural recordings.
Classical analyses use peri-event time histograms and changes in a neuron’s firing
rate to identify tuning towards stimuli, usually referred to as the neuron’s field. These
approaches have been used with great success, identifying neurons with sensory
tuning (e.g. neurons selective to visual orientation or auditory frequencies), spatial
tuning (e.g. place cells (O’Keefe, 1976), grid cells (Moser et al., 2014), head-direction
cells (Muller et al., 1996)), behavioural tuning (e.g. social cells (Liang et al., 2018), ac-
tion cells (Kingsbury et al., 2019)) as well as decision and confidence tuning ((Kobak
et al., 2016). Univariate analysis thus provides an excellent bottom-up approach for
characterising the neural population by separating it into digestible ensembles and
observing how they change as a function of experimental conditions. However, one
thing that is ignored in univariate analyses is the emergent properties of a neural
population and how they may contribute to the function of the brain region.

Progress in neural recording technologies has led to the increased capacity to re-
cord simultaneously from large populations of neurons. This opens the field to novel
analytical techniques that explore changes in the neural population in addition to
univariate analyses. Subsequently, researchers can draw more holistic conclusions
between the changes of individual neurons and how they are incorporated into/drive
the neural population code. Importantly, a holistic approach is crucial when investigat-
ing the disruption caused to neural circuity by neurological diseases and disorders. By
breaking down the analysis into univariate and population analysis, researchers are
becoming increasingly equipped with tools that can close the gap of understand how
genetic misregulation can impact downstream neural circuitry and thus behavioural
phenotypes.

2.6 Neural manifold analysis of brain circuit dynamics
in health and disease

As the size of neural population recordings increases, so does the demand for analyt-
ical techniques that can describe population activity and how it changes as a function
of behaviour, disease or disorder. The (Mitchell-Heggs et al., 2022) review aims to
address this demand, by introducing and comparing some of the most common neural
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population analysis methods, and in particular, diving into the popular dimensional-
ity reduction methods of Neural Manifold Learning (NML). This method takes high-
dimensional neural activity as input and aims to represent it in a lower-dimensional
form that maintains the information content of the original activity. This enables high-
dimensional neural population data to be more comprehensibly visualised and inter-
preted. Both linear and non-linear methods were sequentially introduced, breaking
down how they work and highlighting the literature in which they have been used.
Seven of the most common algorithms (2 linear, 5 non-linear) were then compared
across three datasets collected from different brain regions and displaying varying
behavioural complexity. The review concluded that the NML algorithm selection is
highly dependent on the research goals and the data being examined. For example,
most of the seven algorithms compared (linear and non-linear) performed equally well
for linear neural representations such as those that arise during hippocampal spatial
encoding. Conversely, non-linear algorithms tended to generalize better across data-
sets, particularly those that contain highly non-linear neural representations or tasks
of high behavioural complexity. The review went on to compare the top-performing
linear and non-linear algorithms (MDS and UMAP) in the context of a simulated
model of AD — displaying how they can be used for hypothesis testing and to identify
asymmetries between healthy vs diseased brain states. Finally, the review discussed
a range of large range of manifold secondary analysis algorithms that can be used to
characterize and parameterize NMLs.

This review builds on previous works such as the highly cited (Cunningham and Yu,
2014) review of dimensionality reduction algorithms by introducing additional pub-
lished research that includes novel NML algorithms, their applications and the tech-
niques that aim to characterize/parameterize them. NML provides one of many dimen-
sionality reduction techniques that will be crucial when interpreting large-scale neural
recordings. With the introduction of novel technologies such as the Neuropixel and
Mesoscopes, there is a trend of increasingly large neural datasets, thus demanding
ever more sophisticated analysis methods that can make use of the full dataset and
remain interpretable. Finally, looping back to NML in the context of neurodegenerative
diseases and disorders, much is already known at the level of molecular and cellular
dysfunction, but there is still a large gap in knowledge at the network level. By compar-
ing NML algorithms and sharing their application with secondary analysis to an AD
dataset (along with the open-source code), this review hopes to equip researchers
with the necessary toolkit to investigate network dysfunction.
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Personal contributions: As a co-first Author, | oversaw the planning of the review
structure and coordinated the authors. Researched, compared and wrote up differ-
ent NML algorithms and uses in neuroscientific literature, namely tSNE and trial-
structured algorithms (e.g. dPCA and mTDR). Researched topological data analysis
algorithms (e.g. persistent cohomology) and co-wrote the abstract introduction and
discussion. Furthermore, | led the collaboration with two research groups, to collect
two of the three datasets presented and compared Yu et al., 2007 and Rubin et al.,
2019. Designed code for figures 3 - 5 and co-prepared figures 1, 3, 4, 5, 6.



Chapter 3

Application of 1P-Calcium Imaging to
Study Mechanisms of Sociability and
Spatial Memory

As previously mentioned in the introduction and in the prior section, 1P calcium
imaging was used as the primary technique for two workstreams investigating the
neurocircuitry of social cognition and spatial navigation in rats. Both projects aim
to contribute to the fundamental understanding of how their respective processes
are executed and provide a means of hypothesis testing for subsequent disruptive
diseases and disorders (e.g. AD or ASD).

For both papers, rat models were used to investigate the neural circuitry. Previous
disease models have been established in mice, largely due to their high-throughput
capacity and a strong understanding of their genetic code and its manipulation. How-
ever, due to the steadily improving understanding of the rat genome, it is increasingly
possible to perform similar manipulations in rats. The benefit of using rats over mice
is that they are known to display a more complex spectrum of behaviours (Ellenbroek
and Youn, 2016). This may reflect additional insights when conducting studies of
social cognition, as shown in paper 6. Furthermore, rats have been long privileged
as the model of choice to study navigation and decision-making, with monkeys re-
served for the most complex tasks. For instance, studies on spatial memory using
the Morris watermaze (Morris, 1981) exposed that rats have a better ability than mice
to correctly remember the location of the platform (Ellenbroek and Youn, 2016). This
alludes to more sophisticated hippocampal activity and thus provides a better model
when linking to human spatial memory. The final paper 7, thus leverages rat models,
becoming one of the first calcium imaging papers to be published in rat hippocampus.

13
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3.1 Ca2+imaging of self and other in medial prefrontal
cortex during social dominance interactions in a
tube test

Continuing from Section 2, paper 3, the (Garcia-Font et al., 2022) study aimed to
develop the characterisation of neural activity linked to social cognition. The study
builds on prior social studies that investigate the neural coding of social cognition,
such as the (Murugan et al., 2017; Liang et al., 2018) social interaction experiment
and the (Kingsbury et al., 2019), social dominance experiment. The paper character-
ised social cognition by running a rat social dominance experiment in the Tube Test
and simultaneously conducting calcium recording in the Prelimbic cortex (PrL). The
rat PrL was chosen due to its containing some functional homology to the human
medial Prefrontal Cortex (mPFC), a brain region, known for its association with social
cognition in the form of empathy, theory of mind, planning (of self and others) and
decision making (Euston et al., 2012). Intra-cage competitions were explored, with
rats competing against their cage mate for 5 sessions of 5 trials. Leveraging the
previously described iHELMET, robust and continuous recordings were captured and
aligned with five classes of behaviour, that consisted of the animal moving forward,
pushing, resisting, retreating, withdrawing or remaining still. The paper revealed two
findings - the first was that strongly dominant animals showed increased population
activity compared to clear losers. The second was that a specific ensemble of neurons
fires preferentially during an animal’s own behaviour and/or during the competitor’'s
behaviour. Furthermore, when observing the consistency of these behaviourally tuned
neurons over multiple sessions the majority showed around 33% consistency, indicat-
ing a dynamic neural code. The study extends the findings of (Kingsbury et al., 2019),
by acknowledging the existence of coincident cells — neurons that are tuned to both
to the animal’'s own behaviour and the other animal’s (e.g. tuned to PUSH own and
RETREAT other). Furthermore, the paper introduces a robust univariate methodology
that may be used to discriminate and characterise the effects of ASD-induced behavi-
oural hyperstability (Saxena, Webster et al., 2018; Harris et al., 2021). Understanding
the stability and consistency of neural ensembles may provide valuable insights into
how ASD alters neural functionality.
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Personal contributions: As a co-first author, my first contribution was to the prepro-
cessing and analysis of the calcium imaging recordings. This included thoroughly re-
searching and optimising parameters for the preprocessing pipeline (described above)
and developing the analytical pipelines for identifying and characterising behaviourally
tuned cells. Upon completion of this, | contributed to the writing and editing of the
manuscript and producing figures 2a, d, e and 3,4,5.

3.2 Spatial Navigation

The neural encoding of space is thought to be largely attributed to ensembles of spe-
cialised neurons that work in unison to generate an internal map of the environment
and the position of an individual within it. Processing commences in the visual cortex
with the input of sensory signals and subsequently feeds into a neural circuit involving
the retrosplenial and postrhinal cortex that subsequently feed into bidirectional in-
teractions between the hippocampus and entorhinal cortex, eventually leading to the
action execution in the motor cortex (Alexander et al., 2023). Within this circuit, bound-
ary cells, head direction cells, grid cells and place cells all contribute to providing an
internal representation of the environment and the animal moving through it. Current
research seeks to further uncover the precise interactions in this circuit and how
the different components come together when spatial memory becomes activated
in scenarios of spatial navigation, action planning and decision-making. For example,
the hippocampal CA1 region has been found to replay sequences of neurons at theta
rhythm for upcoming trajectories (Widloski and Foster, 2022). This implies that the
hippocampus may play a role in guiding the action planning of where to go next.

3.3 Neuronal signature of spatial decision-making dur-
ing navigation by freely moving rats by using cal-
cium imaging

The (Gobbo et al., 2022) study aimed to further develop the understanding on the
neural code for spatial navigation and how it may impact decision-making. In the pa-
per, 1P-calcium imaging data from rat hippocampal CA1 region was collected during
an event arena task. The event arena apparatus consisted of a startbox and an open
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arena containing 3 sandwell locations. The paradigm followed multiple sessions, each
consisting of three stages, Exploration — the animal spends 10 minutes exploring
the arena with empty sandwells. Sample — pellets are introduced into one of the
three sandwells, the animal then samples each well and builds an association of
the rewarded location. Choice — after a 30-minute delay, all three sandwells are
covered and homogenised for visual and olfactory cues and pellets introduced into
the sandwell from the previous “Sample” stage. The animal is then placed into the
startbox and learns to recall the rewarded location. Both the Sample and Choice
stages can be further broken down into individual trials. For each trial, the animal
begins in the startbox, journeys outbound to one of the three sandwells to recover a
pellet and returns inbound to the startbox to consume the pellet. Importantly, in the
short window before the animal leaves the startbox the neural activity linked to the
decision-making process can be observed.

The results showed that during the Exploration stages, animals formed a stable cog-
nitive map of the environment in the form of place cells. These cells experienced
a heightened probability of firing in certain locations within the arena, enabling the
animal to precisely position itself relative to proximal and distal cues. Importantly,
during the Choice stage, place cells that usually fired in the arena also fired in the
decision-making window before the animal left the startbox. The ensemble of neurons
that fired in the startbox formed a distinct neural code that could be accurately used
to predict the prospective reward well location. These Neurons were found to encode
locations along the outbound path towards and including the rewarded well. These
were distinct compared to trials of alternative reward wells and suggest a form of
prospective coding of the upcoming trajectory or location. This aligns with the find-
ings of (Widloski and Foster, 2022), that observed hippocampal CA1 region replay
sequences of neurons at theta rhythm for upcoming trajectories.

This paper contributes to the steady progress in understanding the role of the hippo-
campus CAT1 region in spatial decision-making. By observing its role in prospectively
replaying cells that represent the space around specific reward destinations, it can
be deduced that it may play a part in guiding the animal’s decision. This poses a
future research question on the causal effects of the hippocampus in decision-making.
Furthermore, there are two well-known strategies by which animals navigate known
as egocentric and allocentric navigation. Egocentric navigation involves an animal
representing space and landmarks in a way that is relative to its current position,
for example, path distance and direction. Meanwhile, in allocentric representations,
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an animal will represent landmarks relative to each other that can be defined by
the grid and place cells (Wang et al., 2020). This research asks the question as to
whether there are differences in prospective replay for an egocentric vs allocentric
spatial representation.

Personal contributions: As a co-first author, my first contribution was on the pre-
processing and analysis of the calcium imaging recordings. The primary analysis
steps included creating a place cell identification and characterisation pipeline that
conformed with literature standards. Furthermore, | conducted thorough population
analyses including neural manifold learning and decoder analysis to visualise the
distinct predictive codes of the rewarded locations. The panels for these analyses are
shown in Figures 1,2,3, Supplementary Figures 6 to 19.
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ABSTRACT

The role of the hippocampus during memory consolidation is not fully understood, with human
and animal experiments producing conflicting conclusions. In particular, human lesion studies
tend to indicate that the hippocampus gradually becomes independent from memory over years,
whilst animal studies suggest that this can happen over days. Tallman et al. (this issue) used fMRI to
investigate activity and functional connectivity in the brain at four different time points following
memory encoding. Their findings include a decrease in functional connectivity between the
hippocampus and parahippocampal cortex with memory age, which supports the system con-
solidation theory, but also argues against the reduced involvement of the hippocampus over time.
This study sheds new light on the neurobiology of memory.

A fundamental question in neuroscience is whether
recent and remote memories are represented in a similar
or different way by the hippocampus, and whether this
brain area is necessary for remembering in both cases. In
general, most theories agree that the hippocampus is
necessary for encoding, while over time the cortex
acquires more importance in supporting episodic and
autobiographic memories. However, the role of the hip-
pocampus in supporting remote memories is contentious.
According to the standard model of memory consolida-
tion (SMC), older memories become gradually indepen-
dent of hippocampal function. Despite experimental
support in animal and human studies (Rempel-Clower
et al,, 1996; Zola-Morgan & Squire, 1990), the very fact
that the gradient observed in several patients’ retrograde
amnesia can span decades has led some authors to ques-
tion this model (Nadel & Moscovitcht, 1997). Another
theory, multiple trace theory (MTT), postulates that the
hippocampus is always involved in the storage and retrie-
val of episodic memories and that memory retrieval multi-
plies the traces associated with the earlier memory. In
addition, rapid memory consolidation theory occurs
when new information is readily incorporated into prior
knowledge (schema) with parallel encoding in the hippo-
campus and prefrontal cortex (Tse et al.,, 2007, 2011).
Several human studies, focusing on an early time per-
iods (hours to several months following learning) have
helped us to understand the temporal dependency of
hippocampal involvement in memory storage, but results
have been surprisingly mixed. The results of Tallman et al.
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(this issue) provide a valuable comparison of brain activity
and functional connectivity in memories from four differ-
ent time points, the most remote being 1T month.

Tallman et al. (this issue) reported no significant changes
in hippocampus activity during memory retrieval at differ-
ent time points due to the lack of a monotonic increase or
decrease of the FMRI signal in the hippocampal area as a
function of memory age. Furthermore, they found a
decrease in functional connectivity between the hippo-
campus and several cortical areas. This is in contrast with
the prediction of the MTT, which would expect an increase
in hippocampal activity over time. Instead, we argue that
these findings are compatible with the predictions by the
SMC consolidation theory. While some researchers (includ-
ing the authors of this study) have typically interpreted a
reduced involvement of the hippocampus in remote mem-
ory as evidence for the SMC, the theory does not exclude it.
Rather, what it postulates is a progressive independence of
memory retrieval from the hippocampus due to the invol-
vement of cortical areas (Squire et al., 1984, 2015).

In agreement with previous literature, the authors
observed increased activity in several anterior cortical
areas with memory age. Unlike other longitudinal studies
(Du et al, 2019; Gais et al.,, 2007; Stark & Squire, 2000;
Suchan et al,, 2008; Takashima et al., 2006; Yamashita
et al,, 2009), the authors did not find a significant modula-
tion of hippocampal activity across memory age in their
experimental time window of 1 month. This may reflect the
use of multiple time points and a variety of memory types
being implemented. For instance, the items to be
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remembered were words, paired associations, or images of
various complexities. Some experiments test different
memory time points in a single fMRI imaging session (Du
et al, 2019; Tallman et al,, this issue), while others use a
single learning reference and perform longitudinal studies
with repeated fMRI sessions (Harand et al., 2012; Takashima
et al,, 2006). The strongest disagreement regarding the
hippocampus reactivation between recent and remote
time points in the literature arises when the comparison
time window spans around 1 month but is more concor-
dant when the remote memory is 2 months or older
(Tallman et al., this issue, Supplementary Table 6). This
may not be surprising if the process of system consolida-
tion occurs with a typical timescale of around a month.
Different mnemonic procedures may bidirectionally influ-
ence the speed of consolidation, possibly explaining these
differences.

The use of multiple time points, a strong aspect of
the analysis of Tallman et al. (this issue), could be
extended to incorporate both longitudinal and paral-
lel imaging, thereby producing a fMRI imaging data-
set comparing both memories of different ages at a
single time point and the evolution of individual
memories over time. Although challenging, such a
study would allow multiple comparisons with uniform
experimental parameters.

By comparing remembered versus forgotten , the
authors observe that successful retrieval activates the
hippocampus. A potentially relevant aspect is that the
authors ask participants to evaluate the novelty or recog-
nition of the images on a 1-to-6 scale. Even though the
authors exclude variations in confidence values that sig-
nificantly modulate brain activity, the measured brain
activity may reflect not only memory (whether the parti-
cipant has seen the image or not) but also metamemory,
i.e., the participant being asked to assign a degree of
confidence to the memory. This might involve areas not
necessarily relevant to memory per se (Chua et al., 2009),
or involuntarily promote a mental ‘time travel’ to the
moment of learning, hence reactivating the hippocampus
in the process of scene reconstruction (Barry & Maguire,
2019). Harand et al. (2012) reported continuous hippo-
campus involvement for images remembered in an ‘epi-
sodic’ way, but not for images which only produced a
sense of recognition. This may explain the continuous
involvement of the hippocampus observed in despite
the decaying functional connectivity with a network of
cortical areas, which would instead reflect consolidation.

In conclusion, the data from Tallman et al. (this issue)
provide new data to the contentious topic of system
consolidation in humans. While providing some support
to the SMC theory, they highlight some aspects which
may be regarded as challenging some formulations of this

theory. This underscores the need to formalize the theo-
retical predictions of memory consolidation theories and
variants thereof. Lastly, the data and the literature com-
parison presented by the authors point to the 1- to 2-
month period as the most interesting time point that may
coincide with critical memory maturation events, and
therefore deserves further research.
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Abstract

Advances in the understanding of developmental brain disorders such as
autism spectrum disorders (ASDs) are being achieved through human neu-
rogenetics such as, for example, identifying de novo mutations in SYNGAPI as
one relatively common cause of ASD. A recently developed rat line lacking the
calcium/lipid binding (C2) and GTPase activation protein (GAP) domain may
further help uncover the neurobiological basis of deficits in children with
ASD. This study focused on social dominance in the tube test using
Syngap /"
alterations in social behaviour are a key facet of the human phenotype. Male

GAP(rats heterozygous for the C2/GAP domain deletion) as

animals of this line living together formed a stable intra-cage hierarchy, but
they were submissive when living with wild-type (WT) cage-mates, thereby
modelling the social withdrawal seen in ASD. The study includes a detailed
analysis of specific behaviours expressed in social interactions by WT and
mutant animals, including the observation that when the Syngap*/46A?
mutants that had been living together had separate dominance encounters

+/A-GAP rats

with WT animals from other cages, the two higher ranking Syngap
remained dominant whereas the two lower ranking mutants were still submis-
sive. Although only observed in a small subset of animals, these findings sup-
port earlier observations with a rat model of Fragile X, indicating that their
experience of winning or losing dominance encounters has a lasting influence

on subsequent encounters with others. Our results highlight and model that

Abbreviations: ASD, autism spectrum disorder; BLIND, when experiments are conducted without the experimenter knowing the genotype or other
information about the subjects or protocol that could bias their observations (an aspect of unconscious bias); BORIS, Behavioural Observation
Research Interactive Software; C2, calcium lipid binding protein; FMR1, the gene Fragile C mental retardation 1; FXS, Fragile X Syndrome; GAP,
GTPase activation protein. GTPases are a large family of hydrolase enzymes that bind to the nucleotide guanosine triphosphate (GTP) and hydrolyse
it to guanosine diphosphate (GDP).; Het, heterozygous knock-out animal (in this case Syngap */4"°47); LTP, long-term potentiation; MAPK/ERK,
mitogen-activated protein kinases and extracellular signal-regulated kinases; mEPSC, miniature excitatory postsynaptic current; mPFC, medial

prefrontal cortex; NMDA, N-methyl-p-aspartate; Rap, a protein named after ‘Rat sarcoma virus’ that belongs to a class of protein called small GTPase,
which are involved in transmitting signals within cells (cellular signal transduction); Ras, also a GTPase that is similar in structure to Rap; SAGE,
Sigma Advanced Genetic Engineering; SYNGAPI, a gene that makes a protein called SynGAP, which is found at the junctions (aka ‘gaps’) between
synapses.; Syngap /2 %4*  rats heterozygous for the C2/GAP domain deletion; WHO, World Health Organisation; WT, wild-type.

Emma Harris, Honor Myers and Kapil Saxena shared first authors.
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even with single-gene mutations, dominance phenotypes reflect an interaction

between genotypic and environmental factors.

KEYWORDS

autism spectrum disorders, cognitive compensation, social dominance, social neuroscience,

tube test

1 | INTRODUCTION

According to the World Health Organisation (WHO), as
of 2019, 1 in 160 children worldwide develop autism
spectrum disorder (ASD) (https://www.who.int/news-
room/fact-sheets/detail/autism-spectrum-disorders). This
neurodevelopmental disorder is characterised by early
onset of impairments in social interaction and commu-
nication, limited interest in others and the presence of
repetitive or stereotypical behaviours (Parikshak
et al., 2013; Yoo, 2015). Multiple studies have identified
de novo mutations in the synaptic Ras GTPase-
activating protein 1 (Syngapl) gene as a risk factor for
ASD (Berryer et al., 2012; Hamdan et al., 2011; O’Roak
et al., 2014).

The SYNGAPI gene codes for a postsynaptic density
protein primarily expressed in excitatory neurons
(Walkup et al., 2016). The SYNGAP protein interacts
with N-methyl-p-aspartate (NMDA) receptors and nega-
tively regulates both Ras and Rap GTPase. Ras signalling
activates the MAPK/ERK cascade, important for the
induction and maintenance of long-term potentiation
(LTP) via insertion of «-amino-3-hydroxy-5-methyl-
4-isoxazolepropionic acid (AMPA) receptors into the
postsynaptic membrane. The Rap pathway mediates
long-term depression (LTD) via p38MAPK. Hence,
SYNGAP is expected to play an essential role in normal
synaptic function and plasticity (Kim et al., 2003;
Komiyama et al., 2002). Heterozygous Syngap T/A-CAP
mice display strong excitatory/inhibitory imbalance in
hippocampal and forebrain neural networks (Clement
et al., 2012; Ozkan et al., 2014), an imbalance that has
been proposed to be a contributor to the social deficits
seen in ASD and other neuropsychiatric disorders
(Yizhar et al.,, 2011). These neurobiological disruptions
are associated with behavioural and cognitive phenotypes
in murine models that mimic symptoms of the human
condition such as elevated locomotor activity (hyper-
excitability), impaired working and spatial memory, and
a decreased sensitivity to painful stimuli (Clement
et al., 2012; Guo et al., 2009; Muhia et al., 2010; Nakajima
et al., 2019). The implicit supposition behind this animal
work is that a single-gene mutation would primarily have
a genetically deterministic effect on phenotype.

Few studies have addressed the altered sociability of
Syngap mutations in rodents. A study looking at
schizophrenic-like symptoms in mutant mice found that
Syngap ™~ animals had reduced social memory (Guo
et al., 2009). Specifically, although they gave similar
results to wild-type (WT) mice in the three-chambered
sociability test, they failed to distinguish between a famil-
iar and novel conspecific mouse. Furthermore, in the lab-
oratory, Syngap mutants are reported to spend more time
alone than interacting with other animals (novel or
familiar), and less social interaction in both novel and
home environments compared with WT animals (Guo
et al., 2009; Nakajima et al., 2019). As ASD is primarily a
social communication disorder, further characterisation
of social interaction in animals modelling SYNGAP muta-
tions would be valuable. This new study is conducted
using rats rather than mice, which are central to a wide-
ranging Simons funded programme of research at
Edinburgh.

The primary aim was to establish whether
Syngap A%A rats are socially submissive and display a
distinct profile of specific behaviours in social domi-
nance interactions than WTs. Establishing a dominance
hierarchy requires recognising social cues. Once
established, a hierarchy usefully determines access to
resources while minimising the need for aggressive
conflict (Cummins, 2000; Fan et al., 2019). We used the
dominance tube test, which is a behavioural assay of
social dominance (Wang et al., 2014). It has been widely
used as an assay of social hierarchy, such as to examine
the relative dominance of different mouse strains
(Kunkel & Wang, 2018), the neural circuits underlying
dominance behaviour (Wang et al, 2011; Zhou
et al.,, 2017), neuropsychiatric disorders such as major
depression (Yang et al., 2014) and ASD-like syndromes
(Huang et al., 2018; Saxena et al., 2018). With analogous
results to other dominance tests, with which rankings
correlate, it has been suggested as an accurate measure
of social dominance (Wang et al., 2011). Mouse models
have been used predominantly, but even they have been
shown to reveal similar weanling dominance patterns to
those of children (Chou et al., 2021).

A secondary facet of the study concerns the opportu-
nity in social dominance interactions to learn about and
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remember the other animal/person—a dimension of
social experience. One might then expect deficits arising
from failures of social memory (e.g., about the identity or
social status of another animal). However, that very defi-
cit may indirectly foster the development of motor habits
in social interactions that are less demanding on day-to-
day memory but reflect learned patterns of dominance or
submissive behaviour (Miczek & de Boer, 2005). Such
habits are likely more inflexible such that, once learned,
they would be expressed repetitively even in inappropri-
ate situations. Accordingly, after the initial phase of test-
ing interactions within each cage, we examined contests
between animals from different cages that had by then
assumed a particular intra-cage rank.

Rats are a species that is inherently social, which has
evolved a complex social repertoire (Lore &
Flannelly, 1977), and the outbred nature of the rats we
used more closely mimics the genetic variation seen in
humans. They may, therefore, be an appropriate model for
the study of human psychiatric disorders characterised by
deficits in social cognition (Ellenbroek & Youn, 2016).
Saxena et al. (2018) studied FMRI knockout (Fmrl ) rats
as a model for Fragile X Syndrome (FXS), another mono-
genic cause of autism that shares many of the behavioural
deficits seen in Syngap ™~ animals (Ding et al., 2014;
Kazdoba et al., 2014; McNaughton et al., 2008; Spencer
et al., 2005). As expected, male knockout rats were submis-
sive to WT animals in mixed-line groups living together, a
finding that makes sense in terms of model ‘validity’.
However, a small number of high- and low-ranking FXS
mutants who had lived together and formed an intra-cage
hierarchy went on to display the same phenotype in inter-
cage contests. Specifically, they won (or lost) social domi-
nance contests against stranger animals regardless of
stranger rank. This study explored social dominance in
Syngap™*"9“ mutants using the same experimental pro-
tocols as in our earlier study of FXS mutants (Saxena
et al., 2018).

2 | MATERIALS AND METHODS

2.1 | Subjects

Adult (>12 weeks, n = 16) male Long-Evans hooded rats
were used, weighing 500 to 600 g. The rats were
cohoused in groups of four per cage, from weaning, with
ad libitum food/water and a 12-h light/dark cycle. The
cages contained a 25-cm-long section of Perspex tube
similar to the one used in the actual tube test to allow the
animals to become used to being inside such a tube. The
colony founders were produced by Sigma Advanced
Genetic Engineering (SAGE) labs (St. Louis, MO, USA)

using the zinc finger nuclease-mediated deletion (Gurts
et al, 2009) of the GTPase activation protein (GAP)
domain of Syngap. Later rats for the experiments were
bred in-house; the Syngap */*"%AF rats were generated by
mating female Syngap heterozygous rats with male WT
Long-Evans hooded rats acquired from Charles River
Labs, hereafter called ‘Het’. The WT animals used as
controls were littermates. There was one WT single-line
cage (n = 4), one Het cage (n = 4) and two mixed cages
(nwrt = 2, nye = 2 per cage; overall n = 8). All experi-
ments were done blind to genotype, with animals being
given a cage number on their tail and a coloured spot on
their fur (using animal paint, red, green, blue and purple)
to identify them; the colouring is random. The code was
retained by someone independent of the study and only
broken when all procedures had been completed. The
genotype of the animals was confirmed externally before
and after finishing the experiments by a company
(Transnetyx).

2.2 | Ethics and legal statement

The studies conducted were all behavioural and did not
involve surgery or the administration of drugs. We moni-
tored the animals carefully at all stages of handling and
experimentation, particularly in Phase 2 (below) when
animals from different cages were tested together. The
study was conducted according to the regulations of the
Animals (Scientific Procedures) Act 1986, a UK Project
Licence held by RGMM (149398628), and under the
supervision of the named veterinary surgeons of the Uni-
versity of Edinburgh.

2.3 | Apparatus

The tube-test assay was the same as used in Saxena
et al. (2018). A transparent perspex tube, 1 m long and
7 cm diameter, served to connect two holding boxes
(Figure 1a). In each box, bedding was placed from the
home cage of the animals to help reduce anxiety
(Figure 1b). The tube was large enough for the rats to
move freely, but not to cross past each other or turn
around. A removable metal grid was placed in the middle
of the tube, this being lifted to start an encounter that
ended when one animal retreated (Figure 1c). A camera
provided a direct view of the tube to record the trials
using OBS recording software (https://obsproject.com/).
The entire apparatus was connected to custom-made-
Arduino-based hardware, and we used its serial reader
functionality for reading the button presses denoting the
start/stop times of the trials.
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Phase 2 (inter-cage contests)

(d) Phase 1 (intra-cage contests)
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2.4 | Behaviour protocols

The training protocol consisted of Habituation, Phase
1 contests between animals within a cage (intra-cage) and
a Phase 2 competition involving all animals in one cage
against all the other cages (Figure 1d; inter-cage). The
experiments were performed between 9 AM to 4 PM.
There were a total of 2640 competitions between individ-
ual animals.

2.4.1 | Habituation

Each animal was handled for 3 days and allowed to run
freely in the apparatus (alone) for at least 10 min/day.
See details of procedure in Saxena et al. (2018).

o
Py /

VY Y Y

FIGURE 1 Tube-test apparatus and protocol.
(a,b) The plastic, transparent tube in which
dominance interactions took place (Arrow 1). A
small metal grid barrier inserted at the tube centre
point is used to separate the rats before the start of
every trial (Arrow 2). One of two holding boxes,
filled with bedding from the rats’ home cages
(Arrow 3). (c) Rats were placed at either end of the
tube and they readily moved towards the centre
point. When both rats reached the central grid
barrier, the barrier was lifted and the start button
pressed to begin the trial. The rats competed for
dominance until the head of the ‘losing rat’
moved past the entrance at either end of the tube.
See supplementary movie. (d) The two phases of
training. Phase 1 involved contests between all
animals in each cage, this being repeated across
10 sessions to secure a mean measure of within-
cage ranking. Cartoon depicts all six inter-animal
contests. Phase 2 consisted of competitions
between cages and involved all the animals of one
cage and all the animals of the other cage

(4 animals [Cage 1] x 4 animals [Cage 2] = 16
animal pairs). For clarity, the cartoon depicts only
one exemplar rat (green) competing against all
rats of the other cage. In Phase 2, there were in
four cages in total that competed against each
other

Cage 2

I

N XC R

P
e
e N

242 | Phase 1 intra-cage contests

The basic tube test consisted of two rats being placed in
the holding boxes, one on each side. The rats then
entered the tube and met in the middle with the metal
grid present and acting as a barrier. The trial started
when the barrier was removed. During the trial, the rats
competed for dominance during which a variety of
behaviours were observed. Typically, the animals were
together, their heads side by side and relatively still for a
few seconds. Thereafter, either one rat pushed the subor-
dinate to retreat out of the tube (dominant) or the other
rat withdrew of its own accord (subordinate). A trial was
defined as ending when one rat backed out into the hold-
ing box from which it started. This rat was recorded as
the ‘loser’ and the other as the ‘winner’. Each pair of rats
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underwent five trials each session to obtain a secure mea-
sure of dominance (3:2, 4:1 or 5:0), alternating their
starting positions between left and right. All cages were
tested on the same day, with the 10 sessions of 5 trials on
consecutive days. The order in which the cages were
trained each day was randomised in counterbalanced
order.

To observe and measure intra-cage hierarchies, each
animal competed against all the other animals in its cage
(five runs per pair, six competitions per cage). Cage ranks
were determined by adding up the number of wins or
losses for each animal across all six encounters (of five
trials) within a cage. The animal with the most wins was
denoted as first rank. The following ranks correspond to
increasing number of losses with the fourth ranked ani-
mal being the one losing the most. If two animals had
the same number of losses, the relative rank was deter-
mined by which animal lost most of that pair. This daily
tube-test assay was repeated over 10 sessions. There were,
therefore, 4 cages x 6 encounters x 5 runs x 10 sessions
(= 1200). Trial latency was taken as the time (seconds) to
complete one trial.

2.4.3 | Phase 2 inter-cage competitions

The procedure to conduct tube tests was exactly as above,
but the animals now competed against animals in the
other cages who were, effectively, stranger opponents.
Each animal competed against all four animals from the
other three cages. Each trial between a pair was repeated
five times and all trials were repeated over three sessions.
This comes up to a total of 1440 trials (6 cage
interactions x 16 encounters x 5 runs x 3 sessions). We
analysed only the first and third sessions for the detailed
video analysis of behaviour, giving 6 x 16 x 5 x 2 con-
tests (= 960). The sequence of pairs and cages was ran-
domised across the three sessions.

2.5 | Video analysis

Recordings from Sessions 1 and 10 of Phase 1 and Ses-
sions 1 and 3 of Phase 2 were analysed on a frame-by-
frame basis (1/20th-second resolution per frame) using
Behavioural Observation Research Interactive Software
(BORIS) (Friard & Gamba, 2016), with these sessions
chosen for this detailed analysis as the beginning and
end of each phase. Behaviours were logged for each ani-
mal as follows: PUSH (included any form of pushing,
with paws, nose or body and biting), RESIST (resisting a
push from an opponent), MOVE FORWARD, STILL-
NESS (when no displacement of the body was seen, but

including other stationary activities such as sniffing or
grooming), RETREAT (backing out of the tube by being
pushed) and WITHDRAWAL (voluntarily backing out of
the tube). It proved easy to distinguish PUSH and RESIST
despite being quite similar in terms of effort.

2.6 | Statistical analysis

For all statistical analyses, we chose tests based on the
data secured (wins, latency and behaviour occurrences).
Values computed include total number (e.g., of wins),
from which rank was derived, and means (latency and
rank), occurrences of specific behaviours and measures
of variability of rank (stability/variance). Stability was
computed by counting the number of times an individual
rat changed rank during Phase 1 without regard to
whether it changed by one position of rank or more, and
these data were normalised (100% stable meaning no
changes in rank across the 10 sessions and 0% meaning a
change every session). Variance was a similar measure
and computed as the true variance of the rank scores
across all 10 sessions of Phase 1. For latency and behav-
iour occurrences, we computed mean and standard error
of the mean. For all parametric tests, the data fitted the
assumptions of equal variance and were normally distrib-
uted (ANOVA and t-tests). For non-parametric tests,
Mann-Whitney, chi-squared or a Fisher’s exact test was
used. The behavioural occurrences analysis for both
Phases 1 and 2 required a two-way repeated measures
ANOVA, with the different behaviours treated as a
‘repeated measures’ within subject variable. This was
paired with a Sidak’s multiple comparison test. The value
computed in each test (e.g., F-ratio), significance levels
and degrees of freedom are reported. GraphPad Prism v7
was used for preparing the graphs and statistics and then
displayed using Adobe Illustrator.

3 | RESULTS

Qualitatively, all animals explored the tube readily dur-
ing habituation and walked through it without hesitation
during dominance contests. We anticipated that frequent
losers might become hesitant to enter or walk through
the tube over time but, surprisingly, this did not happen.
We observed no signs of overt inter-animal aggression,
even in contests across cages, and its absence may have
contributed to the success in training of both phases of
the study. All encounters were conducted and evaluated
‘blind’ to genotype, and the occupants of each cage were
unknown to the experimenters. Although the number of
animals in the study was modest (n =16; WT n =38,
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Syngap4CAP p = 8), the number of contests observed
was extensive (n = 2160).

3.1 | Phasel contests

The first question was whether single-line WT animals
living together, and Syngap™* 4" animals likewise
(hereafter called ‘Het’), would each form a hierarchy.
Ranks of individual animals in single-line cages are
shown in Figure 2a, with both the WTs (as expected) and
Hets forming a hierarchy. The first ranked Het rat stayed
at the top over all 10 sessions, all other ranks stabilising
by Session 7. The mean rank was calculated from the
ranks of each animal over all 10 sessions. A clear hierar-
chy was seen in both cages (Figure 2b); there was a statis-
tically significant difference between ranks as determined
by one-way ANOVA (WT: F( 39y = 33.45, p = .0001; Het:
F3,39) = 27.89, p = .0002). No differences were observed
in normalised stability (unpaired t-test, t = .134, df = 6,
p = .898; Figure 2c) or variance of rank between WT and

Het animals over the 10 sessions (Mann-Whitney test,
p = .829).

The next step was to examine the hierarchies formed
in each of the two mixed-line cages. Both cages showed
an overall hierarchy (Figure 3a). Het rats in mixed cages
won less contests than the WT animals (chi-squared test
of independence, X?=68.06, df=1, p < .0001;
Figure 3b). Het animals also had a lower average rank of
3.18 + .15 over 10 sessions compared with WT animals
with an average rank of 1.83 £ .13 (unpaired t-test,
t = 6.69, df = 78, p < .0001; Figure 3b; the highest rank
score = 1). Both comparisons were highly significant.
Averaged across the two cages, there was no overlap of
mean rank between the WT and Het rats (Figure 3a).
With respect to trial-to-trial variability, no significant dif-
ference was detected between WT and Het animals on
measures of rank stability (unpaired t-test, t=1.32,
df = 6, p = .235; Figure 3c) or variance (unpaired t-test,
t =1.12, df = 6, p = .304; Figure 3c).

The pairwise competitions took time (Figure 4). Com-
petitions took longer at the beginning of the series of

(a) WT single-line hierarchy (b)  Mean rank (¢) % Stability
1
-o- Green (WT)
-o- Purple (WT)
2 o~ Blue (WT)
E -e- Red (WT)
o
Sessions
i ine hi —— % Variance
Het single-line hierarchy — °
1 -s— Green (Het) 14— =100
-+~ Red (Het) 2
S 80
2 - Purple (Het) _o) | | . jovaa ‘D
= - Blue(Het) § & 60
] £ I )
o« I 2 40
34| | b 1. e
2 20
©
>
T T L L 1 X0
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FIGURE 2 Phase 1—Establishment of intra-cage hierarchy in single line cages. (a) Cage hierarchies: Plot of individual animal rank
across all 10 sessions for WT and Het single-line cages. The four colours represent each cage individual, the colour code plotted in
accordance with average rank across all 10 sessions. (b) Mean ranks and individual data points (for each session) of the WT cage (blue) and
Syngap ‘Het’ cage (orange) showed significant hierarchies in both cages (WT: F(; 375, 12.40) = 33.45, p < .0001, with Greenhouse-Geisser
correction for degrees of freedom; Het: F(; 135, 10.24) = 27.89, p = .0002). (c) No significant differences were observed between WT and Het
lines with respect to either stability (two-tailed, unpaired t-test, #(6) = .195, p = .852, n = 4) or variance (t-test, #(6) = .193, p = .853, n = 4).
Means + 1 SEM. *p < .05, **p < .01, **p < .001, ***p < .0001, in Tukey’s multiple comparison test. See main text for details
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FIGURE 3 Phase 1—Establishment of intra-cage hierarchy in mixed-line cages. (a) Cage hierarchies: Plot of individual animal rank
across all 10 sessions for WT and Het single-line cages. The four colours represent each cage individual, the colour code plotted in
accordance with average rank across all 10 sessions. There was no overlap between the more dominant WT (blue) and more submissive Het

animals (orange), although the three submissive WTs were broadly comparable with the most dominant Het. (b) Contest wins and average
rank in the mixed cages: There were highly significant differences between the number of wins (X* = 68.06, df = 1, p < .0001) and average
rank of WT and Het animals (t = 6.73, df = 78, p < .0001). (c) As in the single-line cages, there were no differences observed with respect to
either stability (unpaired t-test, #(6) = 1.321, p = .235) or variance (#(6) = 1.124, p = .304). Means + 1 SEM. **¥p < .0001
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FIGURE 4 Phase 1—Time taken to complete individual contests (latency). (a) Average latency of trials (s) from all pairs of rats from all
cages over 10 sessions (n = 16). (b,c) Average latency for mixed cages (n = 8) and single-line cages (n = 8). Note the longer time taken by
Het animals in the single-line cages. For all graphs, individual latency data points for each pairing are not shown in order to increase clarity

of results. Means + 1 SEM
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10 sessions, averaging 19.5 + 4.84 s from the moment the
barrier between the two animals in the tube was raised
and the point when one of them fully retreated, but this
time declined to less than 10 s by Session 3 (8.27 4 .74 s;
Figure 4a) and then stabilised. This overall decline was
significant (one-way repeated measures ANOVA, Fy 0,
= 4.92, p = .0094; Figure 4a). The pattern for latencies
for the 50% subset of mixed-line cages was much the
same (one-way repeated measures ANOVA, Fy g9 = 5.08,
p = .032; Figure 4b). For the single-line cages, Het ani-
mals displayed longer latencies than WT (two-way
repeated measures ANOVA, F,c=12.3, p =.0056;
Figure 4c).

A key next question was whether the specific patterns
of behaviour (e.g., PUSH and RETREAT) displayed dur-
ing dominance encounters differed as a function of domi-
nance or genotype. The video analysis showed a clear
interaction between rank and behaviour occurrences
(two-way repeated measures ANOVA, Fso = 4.54,
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p = .0012; Figure 5a). The trend shows that high-rank
animals were more likely to PUSH and MOVE FOR-
WARD compared with the low-rank animals who exe-
cuted more RETREAT and WITHDRAWAL. In certain
respects, such a pattern must occur by definition. How-
ever, the high occurrences of STILLNESS in high-rank
animals were not expected a priori. One complication in
quantifying the ‘occurrences’ of such behaviours is that
PUSH behaviour may occur several times during a trial,
often met by RESIST behaviour from the other animal.
However, RETREAT happens less frequently and may, in
the limit, happen only once to resolve a contest.
Attempting to ‘normalise’ their relative behaviours to
create a numerical ‘level playing field’ by examining
occurrences over durations of time in order to calculate a
measure of frequency does not help, as pushing can start
and stop throughout a trial and thus the full duration of
the trial would have to be considered the duration; but
equally, retreat can happen at any time, even if only

(b) WT single-line (n=4)
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(d) Mixed-cages (n=8)
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FIGURE 5 Phase 1—Patterns of behaviour observed during contests. (a) Sum of occurrences of various behaviours by individual
animals plotted as a function of overall rank, together with individual animal data (n = 16). High rank is animals in Ranks 1 and 2 of a cage
(green); low rank is animals in Ranks 3 and 4 of a cage (red). (b) Sum of occurrences of behaviours by WT animals living together (n = 4).
(c) Sum of occurrences of behaviours by Het animals living together (n = 4). Note the high occurrence of ‘STILLNESS’ in this cage (>40)
but not the WT cage (<20). (d) Sum of occurrences of behaviours by high- and low-rank WT and Het animals living together in mixed cages
(n = 8). Note that STILLNESS is again high, but in these cages restricted to the high-rank animals (i.e., the WT rats). For all graphs,
behavioural occurrences were taken as an overall count of each behaviour for each animal over 240 trials from Phase 1, Sessions 1 and 10.

Means + 1 SEM
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once, and thus, the duration of time for calculating fre-
quency is the same. However, the overall higher behav-
iour occurrences of the single-line Het cage than the
single-line WT cage (Figure 5b,c) are consistent with the
latency data of Figure 4. Moreover, the significant inter-
action between rank and behaviour (two-way repeated
measures ANOVA, Fs3y, = 4.46, p = .0037; Figure 5d)
was observed only in the mixed-line cages in which the
high-rank animals were, in practice, WT rats.

With respect to STILLNESS behaviour, frequently
occurring while the two animals are in close contact and
during which dominance ‘decisions’ may be being made,
single-line Het rats animals had significantly higher
STILLNESS occurrences than single-line WT animals
(Sidak’s  multiple  comparison  test, p =.0131;
cf. Figure 5c with 5b). This was not observed in the mixed
cages (unpaired t-test, t = .732, df = 6, p = .492; data not
shown), for which the primary determinant of STILL-
NESS was rank (Figure 5d).

3.2 | Phase 2 inter-cage competitions

The second phase of testing was an inter-cage tourna-
ment in which the animals underwent tube-test competi-
tions against all animals from the other cages. In contrast
to Phase 1 in which WT animals were clearly dominant,
the phenotype now reflected some facets of the rank of
the animals in Phase 1. Intriguingly, Het animals now
won as equally often as WT rats (Fisher’s exact test,
p = .553; Figure 6a). In fact, the Hets in single-line cages
won significantly more competitions against single-line
WT animals from different cages (Fisher’s exact test,
p = .0321; Figure 6b), whereas mixed-cage Het rats lost
more contests against stranger mixed-cage WT animals
(Fisher’s exact test, p = .0152; Figure 6¢). These changes
are identical to what was observed by Saxena et al. (2018)
in a rat model of FXS.

One possibility is that rank was simply unstable
between Phases 1 and 2 and that there are major reliabil-
ity issues with the measures being quantified and the
experimental approach being taken. However, rank in
Phase 1 (regardless of genotype) was predictive of win-
ning/losing in Phase 2 (Figure 6d). That is, the overall
number of wins in Phase 2 by animals that were high
rank in Phase 1 was significantly higher than those of
Phase 1 low-rank animals (Fisher’s exact test, p < .0001).
This indicates that previous experience of winning or los-
ing can be predictive of the outcome of competing against
a stranger.

Logic then required us to distinguish high-rank and
low-rank animals as a function of genotype. In a single-
line cage, there will be two animals in Ranks 1 and

2, which we shall refer as ‘high rank’ and the other two
animals (Ranks 3 and 4) as ‘low rank’; this is also true of
the Het single-line cage than of the WT single-line cage.
One possibility is that a Het winner may ‘get used’ to
winning and a Het loser ‘get used’ to losing—that is,
their social dominance interactions become habits, possi-
bly because of a deficit in social perception or memory.
The 10 sessions of 5 encounters per session in Phase
1 provided 50 trials between a pair in which to develop
habits in the tube test, such as habits of pushing or ret-
reating. Interestingly from the perspective of habit versus
memory, high-rank Het animals won significantly more
competitions against high-rank WT rats (Fisher’s exact
test, p = .0009; Figure 6e), whereas low-rank Hets per-
formed equivalently to low-rank WT rats when compet-
ing against them (Fisher’s exact test, p > .99; Figure 6f).
By the same argument, Het animals living in mixed cages
(generally in Ranks 3 and 4) would be expected to be sub-
missive to single-line WTs, which they were (Fisher’s
exact test, p = .0321), having a developed habit of with-
drawal and retreat.

These findings in Phase 2 are statistically signifi-
cant, but modest, as they entail comparisons between
subsets of animals with an ‘n’ of only 2, 4 and 6. None-
theless, they raise the possibility that there may be a
difference between winning when you can process
social cues effectively and winning when you cannot.
Variations in the occurrences of distinct behaviours in
the tube may reflect these differing states of affairs.
Overall, behaviour and rank interacted significantly to
affect the behavioural occurrences (two-way repeated
measures ANOVA, Fs, = 4.40, p =.0015; Figure 7a),
but there was no significant interaction between behav-
iour and genotype (two-way repeated measures
ANOVA, Fs,0 = .39, p = .854; Figure 7b). These data
suggest that, in the inter-cage contests of Phase 2, previ-
ous experience determines future behaviour more than
genotype.

As the data on combined effect of rank and genotype
was revealing with respect to dominance, it might also
have affected behaviour occurrences. For trials between
high-ranking animals, genotype interacted significantly
with behaviour (two-way repeated measures ANOVA,
Fs3p=8.81, p<.0001; Figure 7c), with genotype
accounting for a significant amount of the variance seen
in the behavioural occurrences (two-way repeated mea-
sures ANOVA, F, 4= 42.57, p =.006). A trend reveals
that high-ranking Het animals had a higher occurrence
of PUSH, MOVE FORWARD, STILLNESS and RESIST
behaviours compared with high-rank WT. This indeed
complements the findings in Figure 6e as an increase in
these behaviours would explain the increased number of
wins. For competitions between low-ranking rats, there
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FIGURE 6 Phase 2—Competitions between animals from different cages as a function of genotype and rank predicted from Phase
1. (a) The overall phenotype of WT dominance phenotype of Phase 1 was lost in Phase 2—WT and Het animals won an equivalent number
of contests. (b,c) Contests won by WT and Het animals that had lived in single-line cages (b, n = 4 per cage) or mixed-line cages (c, n = 4

per cage). Note that Het animals from single-line cages won more contests in Phase 2, whereas WT animals from mixed-line cages won more
contests. (d) Predictive rank: When wins and losses in Phase 2 are plotted as a function of rank secured by animals in Phase 1 (high vs. low),
the Phase 1 rank is predictive of the outcome of contests in Phase 2. (¢) In contests between high-rank animals (n = 6 WT; n = 2 Het), the

Het animals won far more contests. (f) In contests between low-rank animals (n = 2 WT; n = 6 Het), the total number of wins was
equivalent. Means + 1 SEM. *p < .05, ***p < .001, ***p < .0001. See text for details and comments on numbers of animals

was also a significant interaction between genotype and
behaviour but in the opposite direction (two-way
repeated measures ANOVA, Fs3,=19.0, p <.0001;
Figure 7d). The overall behavioural occurrence was now
relatively higher in WTs (two-way mixed-model ANOVA,
F,6=78.7, p=.0001; Figure 7d), and specifically, low-
rank WT animals had a higher occurrence of PUSH
behaviour (mean + SE = 68.0 + 1.41) than low-rank Het
animals (mean + SE = 21.7 + 2.26) (Sidak’s multiple
comparison test, p < .0001; Figure 7d). This would sug-
gest that the WT should be dominant over the Het ani-
mals, but, as shown in Figure 6f, it was not the case. The
reason may be that low-rank WT animals also had a high
RETREAT occurrence (Sidak’s multiple comparison test,
p = .0091).

4 | DISCUSSION

The aim of this study was to examine the generality of
the idea that ASD model animals would show consistent
changes in social dominance relative to WT animals.
Using a social dominance tube-test paradigm, we
observed that male Het Syngap %" animals living
together form a stable hierarchy but, when living with
WT animals, have a submissive phenotype compared
with their WT cage-mates. This models social withdrawal
and is analogous to what we observed with FXS mutants
(Saxena et al., 2018). Specific behaviours exhibited during
the tube test included expected facets (such as greater
PUSH behaviour by dominant animals), but also a strik-
ing increase in STILLNESS behaviour by the Het animals
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FIGURE 7 Phase 2—Patterns of behaviour observed during contests (Sessions 1 and 3). (a) In Phase 2, there was modest but a
significant difference between rank and behaviour subtypes. The trends suggest that high-ranking animals showed more moving forward
and stillness but less retreat. (b) No significant difference in behaviour subtypes was observed when WT animals were compared with Het.
(c) Analysis of only the contests between high-ranking WT and Het animals revealed striking interaction was found between high-ranking
WT and Het animals and social behaviour subtype (ANOVA; Fs 39, = 8.807, p < .001). The data reveal high-ranking Het displayed more of
every behaviour subtype except withdrawal. (d) The opposite pattern prevailed for trials only involving the contests between low-ranking
WT and Het animals (ANOVA; Fs 39 = 18.99, p < .001). For all graphs, behavioural occurrences were taken as an overall count of each
behaviour for each animal over the 960 trials of Sessions 1 and 3 of Phase 2. Means + 1 SEM. **p < .01, ****p < .0001

housed in the single-line cage and a higher latency to
resolve conflicts when two Het animals competed, both
suggestive of a social processing deficit. We also found
that social dominance experience affects subsequent
interactions, interacting in a subset of animals in a sur-
prising way with genotype. Het animals (n = 2) that were
previously dominant in single-line cages in the intra-cage
analyses (Phase 1) of the study were, in the inter-cage
(Phase 2) tournaments, also dominant against all animals
from other cages including previously dominant WT rats
(n = 6). Het animals (n = 6) that were previously sub-
missive continued to be largely submissive. These obser-
vations are subject to the qualification of small ‘n’ (2 and
6, respectively), but they do replicate in another ASD line
the paradoxical reversal of phenotype observed in a much
larger number of FXS mutants by Saxena et al. (2018).

They also add to earlier observations of some similarities
between Syngap and FXS mutant mice despite various
differences (Barnes et al., 2015). We shall argue that these
data collectively point to a reduced ability of Syngap*/*
GAP animals to process social cues.

The patterns we observed resemble behaviours
observed in ASD children. More severely impaired indi-
viduals show rigid operant learning in which they con-
tinue to use a previously learned strategy, even across
different contexts (A. Stanfield, personal communication;
29 April 2020). Moreover, children with autism are both
more likely to be ‘bullied’ by their siblings but also to
‘bully’ them back (Toseeb et al., 2018). Perhaps these
behaviours, once they develop, become inflexible habits.
The dual phenotype of Syngap™2%4F behaviour we
observed, from the submissive Het animals living in the
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mixed cages through to the suggestion of dominant
single-line Hets winning novel encounters, may model
this facet of the apparently opposing behaviours seen in
ASD children. In Katsanevaki et al.’s (2020) original
study of this line of Syngap 7*"%AF rats, they observed a
failure to extinguish a conditioned fear response despite
many sessions of ‘extinction’. They saw normal sociabil-
ity as measured by proximity, but the mutants showed a
striking decrease in active sniffing of the other animal.
Interestingly, in a study of both children and weanling
mice, Chou et al. (2021) show that (normal) children
who are less persistent in games, have low emotional
intensity and withdraw from social encounters easily are
more likely to be subordinate. They go on to show, in a
demonstration of face validity, that tube-test contests
between mice tend to be resolved most often by loser
withdrawal. Collectively, these results highlight and
model the current belief that ASD reflects environmental
interactions with a genetic predisposition (Chaste &
Leboyer, 2012). Thus, depending on their rearing envi-
ronment and previous social history in competitive inter-
actions, children and animals with an ASD mutation
(FMR1, SYNGAPI1) may present different behavioural
phenotypes.

41 | The pattern of behavioural findings
Syngapl mutations in mice lead to severe cognitive
impairment, including deficits in social memory (Guo
et al., 2009; Komiyama et al., 2002; Mubhia et al., 2010;
Ozkan et al., 2014). The Syngap 7*"%AF animals living in
mixed cages were clearly submissive to their WT cage-
mates, and thus, both WTs were in Ranks 1 and 2. This is
a similar phenotype to the Fmrl ™ rats of Saxena
et al. (2018).

We also reasoned that Syngap rats would be
able to form a hierarchy but that it would be less stable
than WT animals, as seen in the Fmrl ~” model of ASD
(Saxena et al., 2018). We found, however, that the Het
rats were not only able to form a hierarchy but did so
with statistically similar stability and variance of rank to
WT. Although there are some exceptions (e.g., the purple
rat in the WT single-line cage that changed its rank seven
out of nine times, and the red animal in the Mixed Cage
1 and Cage 2), some of the Het rats were more stable
than the WTs in the mixed cages. These results suggest
that Het animals may have enough social memory to dis-
tinguish between the ranks of the conspecifics with
whom they are living. It is possible that rank stability
observed in Hets reflects a lack of motivation, or a ten-
dency to ‘give up’ easily by rats in the lower order of
hierarchy.

+/A-GAP

The Syngap /2 "°4” animals living in mixed cages were

submissive to their WT cage-mates. However during
encounters against novel conspecifics (the inter-cage
assessments in Phase 2), we found that high-rank
Syngap t/2"94P animals who had lived in single-line cages
with other Syngap animal won over the high-rank WTs
whereas low-rank Syngap 494" animals showed a differ-
ent pattern. In presenting these results, we noted the quali-
fication that the numbers of animals in these comparisons
(2 and 6) were small, but it should be recognised that the
number of competitions they undertook was quite large.
What is suggestive is that these are very similar results to
Saxena et al.’s (2018) FXS model, raising the possibility
that both Fmrl  and Syngap*/* %4 rats are poorer in
detecting social cues relating to the dominance status of
an opponent. Faced with this cognitive deficit, they may
therefore develop habits of repetitive behaviour during
Phase 1 that serve them well. Specifically, high-rank
Syngap™*"9“? animals would have won more frequently
against low-rank animals in their single-line cage
(10 sessions of 5 trials per inter-animal encounter)
(ie., 100 trials for the 2 animals in each subgroup). This
training may have been sufficient to develop habits such
as extensive pushing, or resisting against pushes by the
other animal, and that once learned, these behaviours
would have continued into Phase 2. Such habitual patterns
might also have been acquired by dominant WT animals,
but they could, each time, better appraise their opponent
by providing and receiving social cues. Repetitive behav-
iours have been observed in Syngap *2"°“ mice, with the
animals having a higher stereotypic count in an open field
test than WT (Guo et al., 2009). In our study, high-rank
Syngap /264" animals PUSHED significantly more than
the high-rank WT, suggesting that they simply repeated a
learned PUSH behaviour, whereas the WT rats adapt
flexibly to the changing social environment.

An additional point is that Syngap */2"°4? animals in
single-line cages showed significantly increased STILL-
NESS occurrence (Figure 5d), a pattern that carried over
to the inter-cage tournaments for the high-rank animals.
Alterations in these animals’ ability to detect social cues
could be a cause of both the high STILLNESS occurrence
and the longer latencies to resolve competitions when
confronted by another Syngap 24" animal. We recog-
nise that it is speculative to relate these findings to the
work on bullying by Toseeb et al. (2018), but worth not-
ing nonetheless.

4.2 | Neurobiological considerations

The medial prefrontal cortex (mPFC) and adjacent
anterior cingulate gyrus have been implicated in
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decision-making during dominance encounters (Nelson
et al.,, 2020; Zhou et al., 2017). Decreased connectivity
between mPFC and the primary somatosensory cortex
has been previously observed in Het animals (Aceti
et al., 2015). A separate study noted that Syngap 4"°4F
mice had lowered excitability in the upper lamina
somatosensory neurons, which encode touch information
(Michaelson et al., 2018). Syngap 7*"°4F animals also
have altered volume of cortical areas related to visual sys-
tem processing (Kilinc et al., 2018). These findings sug-
gest that Syngap mutants may have decreased sensory
perception and processing that affects their social
communication.

Accelerated maturation during development leads to
enlarged mushroom-shaped spines with clusters of
AMPA receptors (Aceti et al., 2015; Clement et al., 2012;
Kim et al., 2003; Vazquez, 2004). In addition, they have a
more than 50% reduction in the SYNGAP protein known
to be important in synaptic transmission (Jeyabalan &
Clement, 2016; Komiyama et al., 2002). Interestingly,
striking observations have been made in human induced
pluripotent stem cell (hIPSC)-derived human neurons in
which Syngapl was deleted using CRISPR/Cas9 technol-
ogy (Llamosas et al., 2020). Previous studies in normal
WT mice have suggested that increased synaptic strength
in the mPFC leads to more dominant behaviour and that
it may be the ‘neurobiological foundation for dominance-
associated personality traits’ (McMahon et al., 2012;
Wang et al., 2011; Zhou et al., 2017). We therefore won-
der whether Syngap*/2"%4% rats have defective synapses
in association with their submissive phenotype. It cannot,
however, be a simple reduction in strength or efficacy as
Syngap™4%4P adult mice have been found to have
higher occurrence and amplitude of miniature excitatory
postsynaptic currents (mEPSCs) in layer 2/3 mPFC neu-
ron slices, pointing to an increase in unitary synaptic
strength (Ozkan et al., 2014). Were this to be seen also in
mPFC, Zhou et al.’s (2017) data predict that these ani-
mals might even be more dominant. Based on these find-
ings, Syngap */A"°4F animals may sometimes be capable
of displaying a more dominant phenotype.

One possible explanation for this contradiction is that
the submissive Syngap /"%AF phenotype is caused by
reduced LTP at mPFC synapses. Wang et al. (2011) found
that transgenic manipulations that increase AMPA recep-
tor trafficking to the postsynaptic membrane led to an
increase in rank in the tube test whereas reducing it led
to a decrease. Subsequently, Zhou et al. (2017) described
the ‘winner effect’ wherein repeated winning in the dom-
inance tube test caused strengthening of mPFC synapses
via LTP and changed the rank of an animal, an effect that
could be mimicked by optogenetic activation of thalamic
inputs to mPFC. This suggests that an LTP-like process

can be important in establishing dominance in normal
animals. Multiple studies have found reduced LTP in
CA1 hippocampal regions of Syngap™"“AF rodents,
associated with elevated basal levels of Ras signalling in
Syngap mutants, which prevents further Ras activation
upon synaptic stimulation and thereby inhibits LTP
(Kilinc et al, 2018; Kim et al, 2003; Komiyama
et al., 2002; Ozkan et al., 2014). If these findings from
hippocampus synapses generalise to other brain regions,
Syngap 4"%A? animals could have reduced LTP in other
regions including the mPFC. This deficit could limit their
ability to adjust their behaviour flexibly in response to
experience and so cause them to fall back on well-learned
habits.

4.3 | Limitations and future directions

This study builds upon previous research addressing
Syngap mutant rodents as models for ASD, but is not
without limitations. First, it would be valuable to train
additional cohorts of Syngap animals as they become
available. Second, in keeping with the 3Rs (reduction,
refinement and replacement), we used a small but not
inappropriate number of animals in the present study,
which were all male. Although the full data set was large
and many facets of the statistical findings are robust, rep-
roducing these experiments with both genders and multi-
ple cages might allow higher confidence in the findings.
They are, nonetheless, in line with the behavioural phe-
notype of Syngap mutant mice in revealing social with-
drawal, repetitive behaviour and hyperactivity. Third,
additional dominance tests, using different sensory or
motor properties, need to be done to be conclusive about
the generality of the dominance phenotype of Syngap +A
GAP rats (Fan et al., 2019; Wang et al., 2014). Such investi-
gations should include examining the development of
habits that compensate for the loss of social flexibility.
Fourth, we have relied on published data in mice with
respect to three-chambered tests of social novelty to claim
that Syngap */2"°4” rats may have a deficit in social mem-
ory. Clearly, this should be tested directly in rats also, but
the test should include not only this classic test of social
memory (Crawley, 2006) but also some way of assessing
whether animals can encode and remember the domi-
nance status of a novel opponent (and not just its iden-
tity). Finally, one interesting future test would be to
examine whether changes in rank can be induced by arti-
ficial induction of winning in subordinate Syngap ™4 "°4F
animals. This could be done by optogenetic activation in
the thalamic to prefrontal cortex pathway, as seen in
Zhou et al’s (2017) study. Such a study might be con-
ducted in conjunction with a therapeutic intervention,
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such as by the reintroduction of Syngap protein in a
Syngap A 94F line of rats, in the manner of
classic ‘genetic rescue’ studies of Rett syndrome (Guy
et al., 2007). Alternatively, it might be done pharmacologi-
cally such as by restoring Ras signalling, which is reported
to improve cognitive deficits in mouse models associated
with ASD (Asiminas et al., 2019; Ogden et al., 2016).
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Background: In vivo calcium imaging using a microendoscope is a state-of-the-art technique to study the cellular
activity inside the brain of freely moving animals such as mice or rats. A problem that can arise in social
behaviour tests in rats, or similar size rodents, is that one animal interferes with or may even damage the
miniature endoscopic camera attached to the second animal.

New method: We outline an inexpensive, lightweight, 3D-printed protector (iHELMET) that surrounds but is not
in physical contact with the camera, together with details of its design and construction.

Results: Using a simple design, we demonstrate successful protection of the endoscope and recording in a social
situation such as the social dominance tube test.

Comparison with existing methods: The helmet’s 3D-printed dimensions can be readily adjusted to work with
various micro-endoscopes, which may be more difficult for the only other system of which we are aware.
Conclusions: In addition to camera protection, features of the design aid camera stability, helping to secure more

optimal imaging of calcium transients in specific regions of interest during long recording sessions.

1. Introduction

Growing interest in the neurobiology of social behaviour has led to
the use of optical calcium imaging as an indicator of neural activity in
various brain regions. It is paramount that this is done in behaving an-
imals that are freely interacting with each other. In calcium (Ca®")
imaging, a genetically encoded calcium indicator (such as the GCaMP6
series - (Chen et al., 2013) binds with Ca®" ions and reports their pres-
ence as a rapid increase in the intensity of fluorescence emissions. As the
intracellular Ca®* concentration decreases, the fluorescence also grad-
ually declines (Nakai et al., 2001; Tallini et al., 2006). This sequence of
events is defined as a Ca®" spike or Ca®" transient. As these transients
are observed repeatedly in specific locations, regions of interest (ROISs)
can be identified in which specific transients are observed. The impli-
cation is that such Ca®* transients are likely to be from individual
neurons.

The neural correlates of social interaction cannot easily be studied
using 2-photon-imaging in head-fixed animals on track-balls, although
limited facets of social behaviour in virtual-reality are becoming avail-
able (Stowers et al., 2017). The recently developed method of choice is
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the use of lightweight miniature endoscopic cameras (~2gm) which,
when coupled to genetic expression of Ca?* reporters such as GCaMP6
constructs (either via viral vectors or transgenic animals) with an
implanted GRIN lens targeting the specific brain regions (Ziv et al.,
2013), provide images of Ca?*-transients in real time (Ghosh et al.,
2011; Jercog et al., 2016; Fig. 1A). A key value of this approach is the
ability to examine large numbers of "cells" simultaneously, use both
single-cell and ensemble analyses and to image across days.

In social behaviour, such as in the tube test of social dominance, a
fundamental problem is that there may be physical interference by one
animal with the camera on the other animal from which recordings are
being taken. This interference may only be momentary, such as a brief
paw movement, or may involve recurrent somatosensory interactions
between animals or even brief mildly aggressive attacks. These can be
sufficient to disrupt the stability of continuous recording.

An additional type of interference may be introduced because of the
confined space of the narrow tube used in the tube-test of social domi-
nance. The diameter of the tube has to be wide enough to let each animal
to walk through it easily, but should be narrow enough that the two
animals cannot pass each other. This condition of confined space in the
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tube test introduces a set of new problems for stable Ca?* recordings.
Specifically, when entering the tube, the head mounted endoscope risks
becoming caught at the entrance, and even when in the tube, sideways
head-movements result in the camera being pushed or even banged
against the walls of the tube. Such interference has apparently not yet
been a problem for studies in smaller animals such as mice (Kingsbury
et al., 2019), but our experience of working with animals that are
approximately ten times larger and physically much stronger indicates
that it is a major problem. During an ongoing social neuroscience
project, we observed good stable imaging when the rats were not
interacting with each other. Social interactions may cause minor inter-
ference that can ordinarily be compensated by motion-correction soft-
ware, but can increase to a level that is difficult or impossible to correct
in this way (Fig. 1B,C). Additional problems can include a momentary
shut-down of imaging after a robust bang of the camera against the
side-walls. Such interference is undesirable given the clear cost in both
workload and economic terms. Given that new gene editing techniques
will likely soon enable more studies to be carried out carried on rats
rather than mice (Hsu et al., 2014; Till et al., 2015; Zhang et al., 2014), it
may be of interest to report how we solved these problems.

One solution is to create barriers between the interacting animals as
in the classic 3-chamber sociability / social novelty test (Crawley, 2004;
Moy et al., 2004). The two animals are physically separated by a
permeable barrier through which they can see, smell and hear each
other, but somatosensory contact is limited. In the 3-chamber task, the
’test’ animal in the larger space shows social interactions with the
*enclosed’ animal(s), but these interactions, including whisker contact,
are limited. Neurophysiological and optical recordings have nonetheless
been made of such social interactions using this and similar tasks (Liang
et al., 2018; Murugan et al., 2017).

We therefore considered an alternative approach that permits
physical contact between the animals by developing a lightweight 3D-

A. Miniature endoscope and representative field of view (FOV)

Miniscope
\

Grin Lens

B. Endoscopic imaging in tube test social interaction paradigm
Side view

Top view
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printed helmet with suitable dimensions and rigidity for successful
endoscopic recording. The helmet is placed on the animal daily and held
rigidly to a separate 3D printed baseplate-surround cemented onto the
animal. We have successfully used this system in various social situa-
tions, including the social dominance tube test.

2. Materials and methods
2.1. 3D-designing and printing

The iHELMET was designed using Fusion 360® a 3D modelling
software. It is made using PLA (PolyLactic Acid) on an inexpensive
Replicator 2 Desktop 3D printer (https://www.makerbot.com/3d-
printers/; Fig. 2A). Ready to print .stl files are available in the
attached Supplementary information. The dimensions of the plastic
were determined to be, internally, no more than 2 mm larger in the x, y
plane than those of the Inscopix endoscopic camera, but are easily
adapted for other types and makes. The helmet is so light that it adds
only 4.0 g to the typical <2.0 g of the nVISTA camera of an Inscopix
system (roughly <2% of the weight of the rat). Similar considerations
apply to the Doric and open-source UCLA recording systems (http://do
riclenses.com/life-sciences/307-miniaturized-fluorescence-microscopy;
https://www.inscopix.com; http://miniscope.org/). Including the
width of the plastic and design considerations, this resulted in a final
unit that was 15 mm x 28 mm (X, y), and a height of 56 mm. The costs of
construction of each unit are modest, with the asset costs of the 3D
Printer shared between several lab groups. In-house construction
enabled us to make regular modifications of the design as the project
unfolded. Once printed, these parts were dry-fit tested before using.

Fig. 1. The problem: situations that emerged
during a calcium imaging session in the tube-
test. A) The head-mounted endoscope as
designed to be used, a representative field of
view with exemplar AF/F measures of Ca®"
transients secured during recording. B) Two
animals engaged in a contest in the tube-test of
social dominance (side and top views). The
acrylic tube has a 2 cm slit allowing the endo-
scope to move freely along its length. The un-
protected scope is clearly visible in the animal
on the left. The confined space puts the camera
in danger of being pushed against the side-walls
of the slit or of being damaged by the other
animal. C) Pearson correlations were computed
across pixels between adjacent frames (0.05 s
apart) throughout a representative 50 s session.

C. Pearson correlation between adjacent frames for representative FOV during the tube test
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A.iHELMET

o8

D. Cable from the miniature
endoscope and its protection

|

2.2. Camera

B. Miniature endoscope

Baseplate

E. Final arrangement F.

The Inscopix endoscope which we used (Fig. 2B) has external di-
mensions of 11 mm x 14 mm x 20 mm and weighs 2 gm. On the animal,
the *miniscope’ is normally placed into to a "baseplate" made of metal or
hard plastic (with various designs in different systems), that secures the
camera rigidly in the same place on each session above a miniature
implanted GRIN lens (e.g. 1 mm diameter) that extends to the brain area
of interest in which GCampéf is expressed. Details of the principles
behind in vivo endoscopic imaging are readily available at the above
listed websites.

2.3. Experimental subjects

The focus of this technical note is on the helmet design but a brief
comment about the experimental subjects is required. We used male
Long Evans hooded rats (Charles River), typically weighing 470-600 g.
The animals were typically housed in groups of 2 rats together in a social
cage, with suitable protection of the GRIN lens as described below. They
were maintained on ad libitum food and water and the study conducted
under the auspices of the laboratory’s UK Home Office Project and
Personal Licences for animal research.

2.4. Surgery, baseplate and baseplate-surround

The first step in the use of these animals is the microinfusion of
GCamp6f virus under isofluorane anaesthesia at a specific intracerebral
target (the prelimbic region of the prefrontal cortex). Approximately 3
weeks later, allowing time for the virus to express, a GRIN lens is
implanted under anaesthesia in a second operative stage, with full re-
covery thereafter. This lens is secured using a combination of skull
screws, Super-bond C&B (Sun Medical Co. Ltd, Japan), and dental
cement to provide firm anchoring. The miniscope requires a "baseplate"
(5 mm x 5.5 mm for INSCOPIX, a different size for other suppliers)
which incorporates anchoring magnets and a side-mounted screw. The
magnets hold the miniscope on the head of the animal in a consistent
position to retrieve the same field of view across imaging sessions. The
baseplate is cemented into place on the skull of a laboratory rat under
anaesthetic, being positioned while imaging with the camera to optimise

C. Baseplate Surround and Protector

Baseplate

iHELMET on rat

__— connecting cable
______—clp
_— iHELMET
Micro-endoscope
Screw
ﬁBaseplate-surround
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Fig. 2. The solution: design and construction of
the iHELMET. A) A side- and partly rotated
view of the final design of the 3D-printed
iHELMET. Note connecting clips to the
baseplate-surround at the bottom, window
panels to allow free air movement, and rear
post for connecting the recording cable. B)
Photo of a typical miniature endoscope weigh-
ing < 2 gm and associated baseplate with four
miniature anchoring magnets (Inscopix). C) Top
Notch and side view of 3D-printed baseplate-surround
unit. (Ci): Side view shows holes to enable more
secure anchoring with skull cement; (Cii):
baseplate-protecting-cap in place (for when
animals are in their home cages); (Ciii): Image
of baseplate-surround on a rat’s head while
surgical implantation was being carried out, the
green part at the centre is a small baseplate
cover that protects the lens. Notice the base-
plate stainless steel screw; (Civ): A notch is
drilled out in the baseplate surround at the time
of implantation to ease the access to the base-
plate screw. D) Recording cable with miniature
endoscope and clip, front and side-view of
iHELMET, and cable grip system. E) Final view
of the helmet with cable secured for recording.
F) Cartoon showing iHELMET on a rat with all
of the essential components.

Protector

Baseplate
screw

Sheath covering

Cement
L d

the field of view of cells in which the virus is expressing.

A key feature of our innovation arises from the creation of a "Base-
plate-Surround" (Fig. 2C). Specifically, the daily anchoring of the helmet
requires a separate 3D-printed PLA Baseplate-Surround whose function
is to hold the helmet rigidly (shown surrounding the metal baseplate in
Fig. 2C(i and iii)). The baseplate-surround has its own dedicated pro-
tector cap used when the animal returns to its home cage and removed at
the start of a recording session (Fig. 2C(ii)). Its purpose is to protect the
GRIN lens and baseplate whilst the animals are in their social groups.

When implanting the baseplate surround, it must be aligned with the
baseplate such that, when the endoscope is placed into it and the
iHELMET then attached, the helmet will not be not in direct physical
contact with the endoscope. A side-view of the baseplate-surround in
Fig. 2C (i) bottom. Aligning the front screw-holes of the baseplate-
surround to that of the baseplate screw works well, together with
keeping the baseplate-surround as far back as possible in order to leave
around 1-1.5 mm space between it and the baseplate (Fig. 2C (iii)). After
positioning the iHELMET over the endoscope, it typically requires a few
mm of forward movement to bring it to its final position (see Supple-
mentary Video 3_procedure for the complete instructions). A design
feature is that, as the baseplate-surround can limit the access to the
baseplate screw, we drill out the adjacent part of the baseplate-surround
to secure optimum access (Fig. 2C(iv)).

A locking nut (A2 M1.6) is embedded in the baseplate-surround and
the helmet equipped with an A2 M1.6 x 5 bolt (https://www.
screwsandmore.de/de; Fig. 2E). This combination of nut and bolt is
suitable for the maximum torque faced by the iHELMET in the tube-test
when one animal pushes on the iHELMET of the other animal with any
force or while animals helmet is caught at the entry of the. This choice of
screw-thread has worked flawlessly in our experiments, but other sizes
of screws may be preferred in different laboratories.

2.5. Attaching the iHELMET and recording cable

After the baseplate-surround protector cap is removed on the animal,
the endoscope is first attached to its baseplate, and then the helmet slid
down the recording cable to lock onto the baseplate-surround and
secured using the helmet screw. The lightweight cable connects the
endoscope to an image capture system (DAQ), or an image illumination
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system in the case of DORIC, sometimes using a ceiling-mounted
commutator to enable freedom of rotational movements by the animal.

The cable is highly flexible, but there are two additional refinements
to the iHELMET which emerged from its early use. One refinement is to
protect the cable, the other to prevent sudden changes in cable tension
affecting the camera.

The first was achieved using a short section (15—20 cm) of cable
sheathing (resistant to rodent teeth) around only the lower part of the
cable. This sheathing is commercially available as "split cable-sheath".
We used a "wire-loom" tool to put this split sheath onto the cable,
with the hollow part of the loom containing the cable and the solid part
used to split the sheathing. Forward motion of the loom while holding
the sheath, resulted in the sheathing being easily applied over the lower
part cable (See Supplementary (Wire_Loom.stl file) to enable users to 3D
print the tool). The vertical extent of the protective sheathing can be
quite short as it serves to guard against any grabbing by the other
animal.

The second refinement was to ensure that any change in cable ten-
sion is transmitted only to the helmet but not the camera. This was
achieved by attaching the cable inside its cable-sheath to a rigid rear-
mounted vertical post of the iHELMET using a cable clip (Fig. 2D and
E; black in colour). It can be squeezed gently (to grip both the cable and
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cable sheath) and then secured to the helmet. This ensures that any
change in cable tension is transmitted only to the helmet but not the
camera.

2.6. Controlling movement artefacts

A separate benefit of using this particular design of helmet is
improved limitation of movement artefacts. While normally the camera
is held well within its baseplate, it may nonetheless be subject to very
small movements (fractions of a millimetre) in both the x, y and sepa-
rately the z axis, typically caused by any changes in the tension of a free-
to-move cable. These may minutely change the field of view, enough to
cause image instability, which may or may not be correctable by image
stabilisation software. It is clearly desirable to keep these artefacts to a
minimum.

The final arrangement of the endoscopic camera in its helmet is
shown in Fig. 2F. Dummy cameras were also used so that, when
recording from only one animal, the second animal in the social
encounter had a similar helmet arrangement on its head.

Fig. 3. The use: reduction in movement arte-
fact when using the iHELMET. A) Views of an-
imals wearing helmets during the pilot studies
of its use (side and top views). Note that even
/ i when the two helmets are in contact, that con-

tact is not transmitted to the camera inside, nor
when a helmet hits against the slit in the acrylic
tube used for the tube-test. B) Pearson correla-
tion between pixels of adjacent frames over a
representative period of 50 s recording. Car-
toons display without and with-helmet condi-
tions. Note stability (red) of the recording
condition with the helmet. C) Display of mean

C. Motion artefacts

deteCted and number of individual movement artefacts,
20 these being arbitrarily defined as situations in
which the frame-to-frame correlation fell below

. 0.75. Note striking reduction in the with-helmet

154 condition. D) Representative FOV showing ROIs

identified using CNMFe, together with (right)
Ca2+ time-series for a select number of neu-
rons. Mean 4 1 SEM.

n Artefacts

0 osoe

Without With

D. Representative processed stable FOV with identified cell contours

and cell traces for rat with iIHELMET
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3. Results

The results to be presented are in three stages. The first stage de-
scribes the problems we faced when we first attempted to use the en-
doscopes in a social situation, including the movement artefacts
experienced (Fig. 1). The second describes our successful design, con-
struction and use of the iHELMET (Fig. 2). The third presents data
relevant to limitation of movement artefacts. Steps 1 and 2 are quali-
tative, whereas Step 3 is quantitative (Fig. 3).

3.1. The problem of movement artefacts

Fig. 1A shows the typical arrangement for the miniature endoscope
and a field of view upon which brief transients are visible as the animal
moves around. In our attempts to use this standard arrangement in the
tube-test, we ran into the problem that the camera could hit against the
slit that had been cut into the plexiglass tube or be subject to interfer-
ence from the other animal in the encounter (Fig. 1B). We were none-
theless able to run a number of sessions from 4 animals before
discontinuing due to concern about potential damage to the endoscope
and its recording cable (Supplementary Video 1 without helmet). To
quantify the extent of the movement artefact problems which arose, we
computed Pearson correlations between corresponding pixels of suc-
cessive video frames. In a condition of stability, the correlation coeffi-
cient (r) should be at or very close to 1.0. However, as shown in a
representative set of data in Fig. 1C, the near unity value of the corre-
lation was subject to occasional "jolts’ that coincided with the problems
we were observing. We defined motion artefacts arbitrarily as any
reduction of the r value below 0.75.

3.2. The iHELMET solution; design, construction and use
The design of an effective 3D printed helmet evolved through

numerous design stages intended to solve key problems. The design
requirements were:

Removable and replaceable easily on a daily basis.

Connecting rigidly to the animal in manner that surrounds but does
not interfere with the camera or the base-plate holding it.

The inner dimensions of the helmet should leave a physical gap of at
least 1 mm between it and the camera, but the entire construction
should still be narrow, suitable for the tube test.

e The helmet surround should not result in excessive heating of the
endoscope, allowing free movement of air around it.

The helmet should include a rigid posterior-mounted post to which
the recording cable can be attached, helping to ensure the safety of
the thin wires within the cable that carry power and the optical
signal. In such an arrangement, any ’jerky’ movements of the cable
would not be transmitted beyond the helmet to the camera.

The baseplate-surround should have a separate small 3D-printed
plastic protector that can be placed after a day’s recording to pro-
tect the integrity of the GRIN lens in the home cages that may house
several animals.

In cases in which imaging is done from one of two animals inter-
acting socially, a "dummy" camera system should be installed on the
test-mate from whom recordings are not being taken. This is inten-
ded to prevent technique-induced bias with respect to social in-
teractions between animals.

"Retro-fittable’ to the existing design features of commercial or open-
source systems being used (likely requiring small 3D-printing dif-
ferences for different systems).

Fig. 2 shows the various components of the final iHELMET design.
The outline of the construction in Materials and Methods (above) will be
seen to meet each of these conceptual requirements. In particular, we
have not observed any damage to either the camera or the cable since
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the introduction of this iHELMET system.
3.3. Positioning the iHELMET on the animal

When an animal is removed from his home cage for a daily recording
session, the first step is to remove the protective cap of the baseplate-
surround. This exposes the ’clip’ arrangement of the baseplate-
surround to which the iHELMET attaches. The endoscope and its
attached cable are then moved into position, using in the case of the
Inscopix system, the 4 magnets for effective positioning in the baseplate
followed by tightening of the side-mounted locking screw. The helmet is
then moved down the cable and screwed into position on the baseplate-
surround. The experimenter checks that its positioning results in no
physical contact between the helmet and the camera and then attaches
the power/recording cable using the cable clip. Once used to these steps,
the experimenter can normally do these successfully in 10—30 sec.
Fig. 2F shows a cartoon of the iHELMET positioned on a rat’s head
before entering a social situation. Either both rats will have a camera, or
one will have a real camera and the other a dummy camera (Supple-
mentary Video 2).

3.4. The benefits; limiting unexpected movement

The third facet of our results is whether such an arrangement is
successful in both protecting the camera and reducing movement arte-
facts and enabling better motion-free recording. The temporal charac-
teristics of Ca®*-transients is a sharp rise and generally slower falling
phase of a Ca®*-signal. These are often plotted as a time-stamped raster
with time on the x-axis once criteria for time-stamping are identified
(amplitude-threshold, rise-time, fall-time etc.). These signals may then
be time-locked to separately recorded behavioural signals manually, or
via software such as DeepLabCut (Mathis et al., 2018; Nath et al., 2018)
and the secondary analysis then undertaken examining correlations
between physiological and behavioural measures. Clearly this behav-
iour/physiology correlation requires the imaging to be stable.

Unavoidable image motion that occurs in the nature of in-vivo re-
cordings can be compensated to some extent by the ‘motion correction’
feature available in calcium image analysis software (such as the
Inscopix Data Processing Software - IDPS). However, motion artefacts
often correspond to a change in the imaging plane, rendering motion
irreconcilable. A key benefit of our helmet was a striking reduction in
the mean number of motion artefacts detected during imaging with
iHELMET compared to without iHELMET (Fig. 3B and 3C). As in Fig. 1,
the Pearson’s correlation was calculated between successive frame im-
ages from the spatially band-passed recordings for eight animals (4 with
iHELMET, 4 without iHELMET). Motion artefacts were identified as a
correlation r < 0.75 (shown as a dotted line in Fig. 3B) and the total
number of artefacts for each animal numerically corrected to account for
recordings going first out and back into focus (dividing by 2).

An important qualification we should address is whether there are
aspects of behaviour that are changed by the use of the iHELMET.
Qualitatively, and mindful of the low weight of the device, there
appeared to be no obvious differences. One quantitative check we made,
however, was to examine social dominance in the tube test between 8
pairs of animals under conditions in which they were tested without a
helmet or separately with the helmet. Supplementary Fig. 1 shows the
striking correlation between these two conditions and a correlation co-
efficient of r = 0.92.

4. Discussion

The primary aim of creating a 3D-printed helmet was to protect the
delicate endoscopic camera. During development of the design through
various stages, the iHELMET design evolved into a constellation of three
component. The helmet itself, the cable clip that restricts the changes in
torque introduced by cable inertia reaching the endoscope, and the
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baseplate surround that is implanted to surround the baseplate and
which holds the helmet to the animal. The outlined design fulfils each of
several design considerations. An added benefit was that, by anchoring
the recording cable, there can be improved stability of Ca?* imaging. In
our experience, it enables long periods of safe, stable recordings from
animals tested in social situations over long daily sessions, and several
weeks or more.

Endoscopic Ca“" imaging has rapidly become a method of choice for
examining diverse issues - place cell stability in hippocampus (Ziv et al.,
2013), time-stamping of memory ensembles (Rubin et al., 2015),
contextual linking as a function of temporal proximity (Cai et al., 2016),
and aspects of memory consolidation (Attardo et al., 2018). Social
behaviour, however, presents a challenge. Unprotected endoscopic im-
aging can be successful (Liang et al., 2018; Murugan et al., 2017), but
difficulties can arise. The solution proposed here is ideal for an endo-
scope camera for use with larger rodents such as rats, but other labo-
ratories facing similar issues have proposed alternative methods. For
example, a protective cone to protect a tetrode micro-drive for extra-
cellular single-cell recording has been described (Nguyen et al., 2009),
and others have also outlined a calcium imaging protection system (van
den Boom and Bos, 2018) (https://miniscope.org/index.php/Mini
scope_Baseplate_and_Protective_Cone_for_Rats).

While ingenious and suitable for mice, there are some restrictions to
the van den Boom and Bos (2018) design. There is incompatibility with
existing calcium imaging systems as it requires construction of a new,
carefully milled, aluminium camera baseplate to which the protective
cone fits. This then has consequences for the imaging. In their own
words “having a distinct baseplate design can increase the distance between
the endoscope and GRIN lens, requiring the use of a relay lens”. There ap-
pears also to be no provision to nullify the impact of sudden cable
movements. The present helmet design is compatible with existing
miniscope systems, but we advise laboratories to check the dimensions
of the miniscope they are using and edit the provided iHELMET and
baseplate-surround files (.STL) to compatible dimensions.

Beyond protection, a secondary but no less important facet of the
design is its ability to limit motion artefacts when imaging. Having
stable signals throughout the course of a recording session is essential
and a natural feature of conventional tetrode recording but harder to
realise with endoscopic recording. Using the iHELMET, the number of
motion artefacts detected was significantly reduced, with minor motion
observed in certain constrained and socially interactive situations. The
use of the helmet may, therefore, even be desirable in situations in which
only a single animal is being tested - where there is a risk of an unpro-
tected camera hitting against some feature of the apparatus or in a large
apparatus in which there may be considerable cable movement.
Furthermore, the helmet can only complement other protective mea-
sures during social interaction (e.g. physical barriers).

We have now used the iHELMET in two separate social testing situ-
ations. One was a modified 3-compartment sociability/social novelty
test. The animal from which imaging was taking place was free to move
around a large test arena containing two small enclosures. The target
animals were contained within these enclosures, but a design fault
intended to increase the possibility of sensorimotor interaction was to
make the enclosures in such a way as to permit the target animals inside
to be able to reach a paw outside and so contact the recording animal.
On one occasion, this led to unintended gripping of the recording cable
and consequent damage. The new arrangement with the cable sheath
and helmet clip completely prevents this type of accident without the
need for any greater sensorimotor barrier between the animals. Both
animals can still reach each other without danger. The second testing
situation was the social dominance tube-test in which two rats meet in a
tube from which the subordinate one retreats or is forced to retreat, and
the dominant animal pushes or follows the subordinate. In our labora-
tory, the clear acrylic tube has a small 2 cm ‘slit” along its long top
surface wide enough for the camera and its associated recording cable,
but also wide enough for a paw to reach through. In this situation, we

2+
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had previously observed both frequent physical contact between the
camera and one side of the slit (causing interruptions of successful im-
aging), and between the paw of one animal and the endoscopic camera
on the other. Again, the design solves both problems. Even if the helmet
makes contact or even knocks the side-walls of the tube, the camera is
safely inside making no physical contact with it. Similarly, paw move-
ments against the sides of the helmet are of no consequence.

The recordings shown in this study were from the medial prefrontal
cortex (mPFC). The stereotaxic coordinates were 3.2 mm rostral from
bregma and 0.8 mm lateral from the midline. The iHELMET can, in
principle, be used while recording from any brain region, but prospec-
tive users should consider the possibility of the helmet interfering with
the normal body movement or the behaviour of the animal. For example,
recording from the olfactory bulb may be a challenge but likely not
insuperable. Our tests of social dominance between 8 pairs of co-housed
animals revealed a high correlation (r = 0.92) in tests with and without
the helmet.

The helmet may be said to "..kill two birds with one stone" as the design
successfully addresses two practical problems in endoscopic recording -
camera protection and reducing movement artefact. It is especially
suited for stronger freely-moving animals such as rats.
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Abstract

Recent developments in experimental neuroscience make it possible to simultaneously record the activity of thousands of
neurons. However, the development of analysis approaches for such large-scale neural recordings have been slower than
those applicable to single-cell experiments. One approach that has gained recent popularity is neural manifold learning.
This approach takes advantage of the fact that often, even though neural datasets may be very high dimensional, the dynam-
ics of neural activity tends to traverse a much lower-dimensional space. The topological structures formed by these low-
dimensional neural subspaces are referred to as “neural manifolds”, and may potentially provide insight linking neural circuit
dynamics with cognitive function and behavioral performance. In this paper we review a number of linear and non-linear
approaches to neural manifold learning, including principal component analysis (PCA), multi-dimensional scaling (MDS),
Isomap, locally linear embedding (LLE), Laplacian eigenmaps (LEM), t-SNE, and uniform manifold approximation and
projection (UMAP). We outline these methods under a common mathematical nomenclature, and compare their advantages
and disadvantages with respect to their use for neural data analysis. We apply them to a number of datasets from published
literature, comparing the manifolds that result from their application to hippocampal place cells, motor cortical neurons
during a reaching task, and prefrontal cortical neurons during a multi-behavior task. We find that in many circumstances
linear algorithms produce similar results to non-linear methods, although in particular cases where the behavioral complex-
ity is greater, non-linear methods tend to find lower-dimensional manifolds, at the possible expense of interpretability. We
demonstrate that these methods are applicable to the study of neurological disorders through simulation of a mouse model of
Alzheimer’s Disease, and speculate that neural manifold analysis may help us to understand the circuit-level consequences
of molecular and cellular neuropathology.

Keywords Neural manifolds - Manifold learning - Neural population analysis - Dimensionality reduction - Neurological
disorders
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information is represented in patterns of activity across mul-
tiple neurons, above and beyond what is observable at the sin-
gle neuron level. Unfortunately, characterizing such patterns,
in the worst case, may require measurement of an exponential
number of parameters (the “curse of dimensionality”).

However, it appears that in many circumstances, pat-
terns of neural population activity may be described in
terms of far fewer population-level features than either the
number of possible patterns, or even the number of neu-
rons observed (Churchland et al., 2012; Mante et al., 2013;
Chaudhuri et al., 2019; Gallego et al., 2020; Nieh et al.,
2021; Stringer et al., 2019). This underpins a paradigm
shift in the studies of neural systems from single-neuron
analysis to a more comprehensive analysis that integrates
single-neuron models with neural population analysis.

If, as appears to be the case, the spatiotemporal dynam-
ics of brain activity is low dimensional, or at least much
lower-dimensional than the pattern space, then it stands to
reason that such activity can be characterized without fall-
ing afoul of the curse of dimensionality, and on reasonable
experimental timescales. Indeed, in recent years, numer-
ous techniques have been developed to do just that. For
instance, classification algorithms have been applied to
neuronal ensembles to predict aspects of behavior (Rigotti
et al., 2013; Fusi et al., 2016; Rust, 2014; Raposo et al.,
2014). One problem with this is that the common practice
is to identify “neuronal ensembles” by grouping together
neurons with sufficiently highly correlated activity during
the same behaviors or in response to the same stimuli.
This ignores information that is transmitted collectively
and might lead to (i) falsely concluding that a group of
neurons do not encode a behavioral variable (when in fact
they encode it collectively), (ii) incorrectly estimating the
amount of information that is being encoded, and/or (iii)
missing important mechanisms that contribute to encoding
(Frost et al., 2021).

Neural Activity Matrix, X

A
0 200720 60 77980 1000

Time

Fig.1 Schematic showing a typical example of how a manifold learn-
ing algorithm may reduce the dimensionality of a high-dimensional
neural population time series to produce a more interpretable low-
dimensional representation. A high-dimensional neural population
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Alternatively, artificial neural networks (ANN) have been
increasingly employed, either by (i) using a goal-driven neu-
ral network and using the embedding to compare and pre-
dict the population activity in different brain regions (Russo
et al., 2018; Mante et al., 2013; Jazayeri and Ostojic, 2021),
or (ii) modelling the activity of individual neurons as ema-
nating from a feedforward or recurrent neural network archi-
tecture (Elsayed et al., 2016; Rajan et al., 2016). Whilst these
methods can present powerful ways of inferring neural states
and dynamics, some issues have been raised on their biologi-
cal interpretability, even though recent work has addressed
some of them, as we discuss in Section 2.11.

To address these shortcomings, a range of techniques which
are commonly referred to under the umbrella term of “neu-
ral manifold learning” (NML) have been employed. Some of
these approaches simply make use of long-established general
methods for dimensionality reduction (such as principal com-
ponents analysis), whereas others have been developed specifi-
cally to study high-dimensional neural datasets.

Mathematically speaking, a manifold is a topological
space that locally resembles our usual Euclidean space. If
we form a multivariate time-series by convolving the spike
trains of a neural population with a smoothing filter, and
consider the activity pattern across these time series at each
time to occupy a point in a neural activity space, then over
time the activity will excurse a subspace that has often been
observed to appear like such a manifold. Characterizing the
geometry of such structures may offer important insights
into neural computation (Chung & Abbott, 2021). In prac-
tical terms, the “neural manifold” is a low-dimensional
subspace within the higher-dimensional space of neural
activity which explains the majority of the variance of the
neural dynamics (Fig. 1). Of course, real neural population
dynamics are subject to noise, and in real experiments the
topological subspace that can be excursed by the dynamics
of neural activity can only be sampled, often sparsely. We

Neural Manifold

Neural Manifold Learning
(NML)

activity matrix, X, with N neurons and 7 time points, is projected into
a lower-dimensional manifold space and the trajectory visualized in
the space formed by the first 3 dimensions, c1, ¢2 and ¢3
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must make several important comments here: firstly, that
this characterization of neural systems depends inherently
upon a description of the system in which the state is con-
tinuous and determined by the instantaneous firing rates of
each neuron (although those firing rates might be calculated
from filters implementing shorter or longer time windows).
And secondly, that what may be observed experimentally is
typically a “point cloud” - however these points do not them-
selves constitute a manifold; instead they are normally taken
as indicative of the underlying topological space which they
sample. And finally, it should be noted that the term “neural
manifold” is frequently used relatively loosely in neurosci-
ence to refer to any kind of low-dimensional structure which
may or may not meet the criteria of a mathematical mani-
fold. In this survey article we will not dwell overly on this
distinction, noting it but considering that utility is at this
stage more important, and that it is likely that terminology
will continue to evolve.

Neural manifold learning algorithms are algorithms for
efficiently extracting a description of such a subspace from
a sample of multivariate neural activity. Here we review
how neural manifold learning can be employed to extract
low-dimensional descriptions of the internal structure of
ensemble activity patterns, and used to obtain insight into
how interconnected populations of neurons represent and
process information. Such techniques have been applied to
neural population activity in a variety of different animals,
brain regions and during distinct network states. In this
review we compare a variety of neural manifold learning
algorithms with several datasets from multi-electrode array
electrophysiology and multi-photon calcium imaging experi-
ments, to assess their relative merits in gaining insight into
the recorded neural dynamics and the computations they
may be underpinning.

We envisage that neural manifold learning may not only
facilitate accurate quantitative characterizations of neural
dynamics in healthy states, but also in complex nervous sys-
tem disorders. Anatomical and functional brain networks
may be constructed and analyzed from neuroimaging data in
describing and predicting the clinical syndromes that result
from neuropathology. NML can offer theoretical insight
into progressive neurodegeneration, neuropsychological
dysfunction, and potential anatomical targets for different
therapeutic interventions. For example, investigating neural
populations in the medial prefrontal cortex that are active
during social situations while encoding social decisions may
enable hypothesis testing for disorders such as Autistic Spec-
trum Disorder (ASD) or Schizophrenia (Irimia et al., 2018;
Kingsbury et al., 2019).

In this review, we introduce NML as a methodology for
neural population analysis and showcase its application to
the analysis of different types of neural data with differing
behavioral complexity both in healthy and disease model

states. For selected algorithms, we visualize how they rep-
resent neural activity in lower-dimensional embeddings and
evaluate them on their ability to discriminate between neural
states and reconstruct neural data. We aim to offer the reader
the prospect of selecting with confidence the type of NML
method that works best for a particular type of neural data,
as well as an appreciation of how NML can be leveraged as
a powerful tool in deciphering more precisely the basis of
different cognitive impairments and brain disorders.

2 Neural manifold learning

Neural manifold learning (NML) describes a subset of
machine learning algorithms that take a high-dimensional
neural activity matrix X comprised of the activity of N neu-
rons at 7 time points and embed it into a lower-dimensional
matrix Y while preserving some aspects of the informa-
tion content of the original matrix X - e.g. mapping nearby
points in the neural activity space X to nearby points in Y
(see Fig. 1) (Cunningham & Yu, 2014; Churchland et al.,
2012; Meshulam et al., 2017; Mante et al., 2013; Harvey
et al., 2012; Wu et al., 2017). When projected into this
lower-dimensional space, the set of neural activity pat-
terns observed are typically constrained within a topologi-
cal structure, or manifold, )/, which might have a globally
curved geometry but a locally linear one. For instance, if the
reduced dimensionality embedding matrix Y is three-dimen-
sional (3D) (often depicted on a two-dimensional (2D) page
for convenience of illustration), the neural manifold ) might
describe a closed surface within that 3D space. Another way
of looking at this is that the data points in X lie on a lower-
dimensional manifold that can be parameterised by a lower-
dimensional coordinate system give by Y, and that the task
of the manifold learning algorithm is to find that coordinate
system. This approach has found widespread recent use
across neuroscientific studies (Fig. 2), including for under-
standing neural mechanisms during speech (Bouchard et al.,
2013), decision-making in prefrontal cortex (Mante et al.,
2013; Harvey et al., 2012; Briggman et al., 2005; Stokes
et al., 2013), movement preparation and execution in the
motor cortices (Churchland et al., 2012; Kaufman et al.,
2014; Yu et al., 2009; Feulner & Clopath, 2021; Gallego
et al., 2017) and spatial navigation systems (Chaudhuri et al.,
2019; Nieh et al., 2021; Rubin et al., 2019; Gardner et al.,
2022).

2.1 Manifold learning algorithms
There are several types of manifold learning algorithms
that can generally be divided into linear and non-linear

approaches. Although they have similar goals, they may
differ in the way they transform the data and in the type of
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Head direction

Day 43
‘aligned’

Fig.2 Neural manifolds across different species and brain regions.
a Population activity in the mouse head-direction circuit (Chaudhuri
et al., 2019). i During waking, the network activity directly maps onto
the head orientation of the animal. ii Comparison between population
activity during waking (dark blue) and nREM sleep (mustard yellow);
the latter does not follow the same one-dimensional waking dynam-
ics. b Population activity in the mouse hippocampus during an evi-
dence accumulation and decision making task in virtual reality (Nieh
et al., 2021). Task-relevant variables such as i position and ii accu-
mulated evidence are encoded in the manifold. ¢ The motor cortical

statistical structures or properties they capture and preserve.
It is important to select the type of method most suitable
for the type of neural data being analyzed, as this may have
significant impact on the resulting scientific interpretation.

In this section, we describe some of the more common
manifold learning methods in use in the neuroscience lit-
erature. To make a fair and informative comparison of each
algorithm, we implemented them and applied them each to
a number of different neural datasets, as described in Sec-
tion 3. In order to facilitate comparison of the assumptions
made by the different algorithms, we have attempted to
adopt (where possible) a common mathematical terminol-
ogy throughout; this is summarised in Table 1.

2.1.1 Linear method

Linear manifold learning is accomplished by performing lin-
ear transformations of the observed variables that preserve
certain optimality properties, which yield low-dimensional
embeddings that are easy to interpret biologically. Some of
the most common linear manifold learning techniques are
discussed below.

2.2 Principal component analysis (PCA)

One of the most common linear manifold learning methods is
Principal Component analysis (PCA) (Jolliffe, 2002; Jackson,
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population activity underpinning a reaching task in monkeys is stable
over days and years (Gallego et al., 2020). d Prefrontal cortical pop-
ulation activity in macaque monkeys during a visual discrimination
task spans a low-dimensional space. Task-relevant variables such as
the dots’ direction and strength of motion, colour, and the monkey’s
choice are encoded in the manifold (Mante et al., 2013). e Population
activity in the mouse primary visual cortex in response to gratings of
different orientations, indicated by color (Stringer et al., 2021). The
panel is adapted from Jazayeri and Ostojic (2021)

2005; Ivosev et al., 2008). It reduces the dimensionality of
large datasets while preserving as much variability (or sta-
tistical information) as possible. To obtain a neural manifold
Y, PCA performs an eigendecomposition on the covariance
matrix of the neural activity matrix X in order to find uncor-
related latent variables that are constructed as linear combina-
tions of the contributions of individual neurons, while succes-
sively maximising the variance. The computed eigenvectors,

Table 1 Summary of mathematical notation used throughout this
manuscript

Notation Description

N Number of neurons
T Number of time samples
t Sample timestamp

>

Population activity matrix

g

Network activity state at timestamp ¢
Number of dimensions in the embedding
Manifold embedding matrix

Manifold - a topological structure within Y
Dissimilarity matrix (MDS)

Graph of population activity

Graph Laplacian (LEM)

Diagonal matrix (LEM)

Adjacency matrix (LEM)

Do <>
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or principal components (PCs), represent the directions of the
axes that capture the most variance, and the corresponding
eigenvalues yield the amount of variance carried by each PC.

Although PCA has been used to great effect to reduce
the dimensionality of high-dimensional neural data (Church-
land et al., 2010; Mazor & Laurent, 2005; Gao & Ganguli,
2015; Ahrens et al., 2012), its caveat is that it captures all
types of variance in the data, including spiking variability,
which may obscure the interpretation of latent variables. For
example, neurons with higher firing rates typically exhibit
higher variance (spike count variance being proportional to
mean spike count for cortical neurons Tolhurst et al. (1983)),
and therefore may skew the orthogonal directions found by
PCA by accounting mostly for highly active neurons. Addi-
tionally, cortical neurons respond with variable strength to
repeated presentations of identical stimuli (Tolhurst et al.,
1983; Shadlen & Newsome, 1998; Cohen & Kohn, 2011).
This variability is often shared among neurons, and such
correlations in trial-to-trial responses can have a substantial
effect on the amount of information encoded by a neuronal
population. To minimise the effects of spiking variability,
trial averaging or temporal smoothing of spike counts is usu-
ally done prior to performing PCA. However, this may not
always be applicable to all analyses.

2.3 Multidimensional scaling (MDS)

Classical multidimensional scaling is another linear dimension-
ality reduction technique that aims to find a low-dimensional
map of a number of objects (e.g. neural states) while preserv-
ing as much as possible pairwise distances between them in
the high-dimensional space (Kruskal & Wish, 1978; Venna &
Kaski, 2006; Yin, 2008; France & Carroll, 2010).

In the case of neural data, given an N X T activity matrix, X,
aT x T distance matrix, D, is first obtained by measuring the
distance between the population activity vectors for all 7 using
a dissimilarity metric (Krauss et al., 2018). Examples of such
metrics include both the Euclidean distance and the cosine dis-
similarity. We will employ the latter for the MDS embeddings
shown throughout this paper. For a pair of vectors a,b separated
in angle by 6, the cosine dissimilarity is

ab
llall bl
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The dissimilarity matrix D is formed from the cosine dissimi-
larities between the neural activity patterns ¢, at each time # for
all pairs of times measured. A lower-dimensional mapping,
Y € R, where k << N, is then found by minimising a
loss function, called the strain, so that the mapped inter-point
distances are as close as possible to the original distances in
D. From the eigen-decomposition of the distance matrix D,
the MDS components (i.e. dimensions) are revealed by the

eigenvectors, which are a linear combination of the distances
across the T population activity vectors, while their respective
eigenvalues report the amount of variance explained.

Multidimensional scaling has been used to study changes
in neural population dynamics in both large-scale neural
simulations (Phoka et al., 2012) and in neural population
recordings (Luczak et al., 2009). It has been applied for char-
acterizing glomerular activity across the olfactory bulb in
predicting odorant quality perceptions (Youngentob et al.,
2006), integrative cerebral cortical mechanisms during
viewing (Tzagarakis et al., 2009), neuroplasticity in the pro-
cessing of pitch dimensions (Chandrasekaran et al., 2007),
emotional responses to music in patients with temporal lobe
lesions (Dellacherie et al., 2011), and structural brain abnor-
malities associated with autism spectrum disorder (Irimia
etal., 2018).

2.3.1 Non-linear methods

The algorithms described above can only extract linear (or
approximately so) structure. Non-linear techniques, on the
other hand, aim to uncover the broader non-linear structure
of the neural population activity matrix X. These insights,
can come at the expense of weaker biological interpretation,
as the discovered manifold is not given by a linear combina-
tion of some observed variable (e.g. individual neurons).
Non-linear algorithms often attempt to approximate the
true topology of the manifold ) within the reduced dimen-
sionality representation Y by finding population-wide vari-
ables that discard the relationship between faraway points
(or neural states) on X and focus instead on conserving the
distances between neighbors.

2.4 Isomap

One of the most commonly used non-linear manifold learning
algorithms is Isomap (Tenenbaum et al., 2000). Non-linear
techniques aim to uncover the broader non-linear structure
of the neural manifold embedding of the neural population
activity, X, by approximating the true topology of the neural
manifold, . To do so, Isomap first embeds X into a weighted
graph G, whose nodes represent the activity of the neuronal
population at a given time X,, and the edges between them rep-
resent links to network states x;, X, .. that are the most similar
to X,, i.e., its neighbors.

The k-nearest neighbors algorithm is usually used to esti-
mate the neighbors for all network states x, ..., X;. These
neighboring relations are then encoded in a weighted graph
with edges dg(i,j) between neighboring states i, j that
depends on the distance metric dy used. G can then be used
to approximate the true geodesic distances on the manifold

dy/(i, j) between any two points i, j (i.e. network states X;, X;)

@ Springer



Journal of Computational Neuroscience (2023) 51:1-21

by measuring their shortest path length dg (7, j) in the weighted
graph G using an algorithm such as Dijkstra’s (Dijkstra et al.,
1959).

MDS is then applied to the matrix of shortest path lengths
within the graph D = {d(i,/)} to yield an embedding of
the data in a k-dimensional Euclidean space Y that best pre-
serves the manifold’s estimated geometry. The quality of
the reconstructed manifold ) depends greatly on the size
of the neighborhood search and the distance metric used to
build G. Isomap is a conservative approach that seems well
suited to tackle the non-linearity inherent to neural dynamics
and it has in fact been used in a variety of studies, even just
for visualization purposes (Mimica et al., 2018; Chaudhuri
etal., 2019; Sun et al., 2019).

2.5 Locally linear embedding (LLE)

LLE is another non-linear manifold learning technique
that attempts to preserve the local geometry of the high-
dimensional data X, by separately analyzing the neighbor-
hood of each network state x,, assuming it to be locally
linear even if the global manifold structure is non-linear
(Roweis and Saul, 2000). The local neighborhood of each
network state is estimated using the steps described in
Section 2.4 and is connected together to form a weighted
graph G. The location of any node i in the graph corre-
sponds to the network state x;, which can then be described
as a linear combination of the location of its neighboring
nodes X;, X;, .... These contributions are summarised by a
set of weights, W, which are optimised to minimise the
reconstruction error between the high-dimensional net-
work state x; and the neighborhood linear estimation. The
weight w; summarizes the contribution of the j™ network
state to the reconstruction of the i state. To map the high-
dimensional dataset X onto a lower-dimensional one Y,
the same local geometry characterized by W is employed
to represent the low-dimensional network state y; as a
function of its neighbors y;, y, ....

A significant extension of LLE was introduced that makes
use of multiple linearly independent weight vectors for each
neighborhood. This leads to a Modified LLE (MLLE) algo-
rithm that is much more stable than the original (Zhang &
Wang, 2007). Unlike Isomap, LLE preserves only the local
geometry of the high-dimensional data X, represented by the
neighborhood relationship, so that short high-dimensional dis-
tances are mapped to short distances on the low-dimensional
projection. In contrast, Isomap aims to preserve the geom-
etry of the data at all scales, long distances included, possibly
introducing distortions if the topology of the manifold is not
estimated well. For neural data, though, Isomap has gener-
ally been preferred for its theoretical underpinnings and more
intuitive approach.
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2.6 Laplacian eigenmaps (LEM)

LEM, also referred to as Spectral Embedding, is another
non-linear technique similar to LLE (Belkin, 2003). The
algorithm is geometrically motivated as it exploits the
properties of the neighboring graph G generated from the
high-dimensional data X, as in Section 2.4, to obtain a
lower-dimensional embedding Y that optimally preserves
the neighborhood information of X.

In the graph G, any two connected nodes (network
states) i and j are connected by a binary edge using a
neighborhood method as in 2.4, or by a weighted edge
computed via a kernel parametrising the exponential
relationship of the weights with respect to the distance
between the nodes in the high-dimensional space x; — x;.
The resulting graph edges form the adjacency matrix Q
that is used, together with the diagonal matrix A contain-
ing the degree of each node of G, to obtain the graph
Laplacian A = A — Q. The spectral decomposition of A
reveals the structure and clusters on G. The k eigenvectors
with the smallest non-zero eigenvalues of A are, in fact,
the k dimensions of the manifold embedding Y. Similar to
LLE, Laplacian eigenmaps preserve only the local geom-
etry of the neural population activity X and are therefore
more robust to the construction of G. Indeed LEM has
been successfully used to unveil behaviorally relevant neu-
ral dynamics (Rubin et al., 2019; Sun et al., 2019).

2.7 t-distributed stochastic neighbor embedding
(t-SNE)

t-SNE is another non-linear method that aims to match
local distances in the high-dimensional space X to the
low-dimensional embedding Y. This is obtained by first
constructing a probability distribution over pairs of high-
dimensional points X;, X; in such a way that nearby points
are assigned a higher probability while dissimilar points
are assigned a lower probability. Then t-SNE defines a
similar probability distribution over the points y;,y; in the
low-dimensional space, and it minimizes the Kullback-
Leibler divergence between the two distributions (Van der
Maatea & Hinton, 2008). The Euclidean distance is used
in the original algorithm to evaluate the similarity between
data points, but any appropriate metric can be employed
as well. This method has been applied in a wide range of
domains, from genomics to signal processing, including
multiple neuroscientific settings (Dimitriadis et al., 2018;
Panta et al., 2016). It usually considers up to three embed-
ding dimensions for visualization constraints, and for
exploiting the Barnes-Hut approximation, which reduces
the computational cost to O(N log N) from O(N?). (Van Der
Maaten, 2014).
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2.8 Uniform manifold approximation
and projection (UMAP)

UMARP is a non-linear manifold learning technique that is con-
structed from a theoretical framework based on topological
data analysis, Riemannian geometry and algebraic topology
(Mclnnes et al., 2018) and it has also been used on neural
data both as an NML method (Tombaz et al., 2020) and for
broader dimensionality reduction purposes Lee et al. (2021).
It builds upon the mathematical foundations of LEM, Isomap
and other non-linear manifold learning techniques in that it
uses a k nearest neighbors weighted graphs representation
of the data. By using manifold approximation and patching
together local fuzzy simplicial set representations, a topologi-
cal representation of the high-dimensional data is constructed.
This layout of the data is then optimised in a low-dimensional
space to minimize the cross-entropy between the two topolog-
ical representations. Compared to t-SNE, UMAP is competi-
tive in terms of visualization quality and arguably preserves
more of the global dataset structure with superior run time
performance. Furthermore, the algorithm is able to scale to
significantly larger data set sizes than are feasible for t-SNE.

UMAP and t-SNE have recently being employed for vis-
ualizing high-dimensional genomics data and some distor-
tion issues have been raised (Chari et al., 2021). Although
this problem is particularly apparent with t-SNE, which
tends to completely disregard the global structure of the
data to find clusters, any reduction to too few dimensions
with respect to the original high-dimensional space will
inherently distort the topology of some of the data, as indi-
cated by the Johnson-Lindenstrauss Lemma (Johnson and
Lindenstrauss, 1984). These criticisms have been made
with particular reference to genomics datasets, which are
intrinsically higher-dimensional than the neural datasets
which manifold learning has been applied to.

2.9 Probabilistic latent variable models

Another type of NML algorithm uses probabilistic latent
variable models that construct a generative model for the
data in terms of mapping a low-dimensional manifold or
latent space to neural responses. This type of algorithm
utilizes a probabilistic framework that performs temporal
smoothing and dimensionality reduction simultaneously,
allowing joint optimisation of the degree of smoothing
and the relationship between the original high-dimensional
data and the resulting low-dimensional neural trajectory
(Yuetal., 2009). A good example is Gaussian Process Fac-
tory analysis (GPFA) that uses Gaussian processes and an
additional explicit noise model to account for the differ-
ent independent noise variances of different neurons (i.e.,
spiking variability). It is a set of factor analyzers that are
linked together in the low-dimensional state space by a

Gaussian process prior (Rasmussen & Williams, 2006),
which allows for the specification of a correlation structure
across the low-dimensional states at different time points. In
cases where the neural time courses are believed to be simi-
lar across different trials, smooth firing rate profiles may
be obtained by averaging across a small number of trials
(Mazor & Laurent, 2005; Stopfer et al., 2003; Brown et al.,
2005; Broome et al., 2006; Levi et al., 2005; Nicolelis et al.,
1995), or by applying more advanced statistical methods
for estimating firing rate profiles from single spike trains
(DiMatteo et al., 2001; Cunningham et al., 2007) Simi-
larly, Manifold Inference from Neural Dynamics (MIND)
is a recently developed NML algorithm that aims to char-
acterize the neural population activity as a trajectory on a
non-linear manifold, defined by possible network states and
temporal dynamics between them (Low et al., 2018; Nieh
et al., 2021).

2.10 NML algorithms for trial-structured datasets

Importantly, model selection from a computed manifold can
be greatly affected by the signal-to-noise ratio (SNR) of the
initial input neural data. In many cases this has been over-
come by using the square root transformation of spiking data
and convolving it with a Gaussian filter to yield a smoothed
instantaneous firing rate (Yu et al., 2009). In addition, mul-
tiple dimensionality reduction steps have also been used
to enable more interpretable visualizations (LEM on LEM
(Rubin et al., 2019), UMAP on PCA (Gardner et al., 2022)).
Furthermore, the NML algorithms described and visualized
up until now have been general use case algorithms, used to
infer neural correlates from the data. However, in experi-
ments where specific behaviors or decisions are time-locked
and run across multiple trials, some of the NMLs described
above have been augmented and optimised. These include,
demixed Principal Component analysis (dPCA) (Kobak
et al., 2016), Tensor Component analysis (TCA) (Cohen
& Maunsell, 2010; Niell & Stryker, 2010; Peters et al.,
2014; Driscoll et al., 2017), Cross-Validated PCA (cvPCA)
(Stringer et al., 2019) and model-based Targeted Dimen-
sionality Reduction (mTDR) (Aoi & Pillow, 2018). These
NML algorithms exploit the trial nature of an experiment to
discriminate signal from trial-to-trial variability or noise,
enabling the experimenter to identify the principal compo-
nents that maximally correspond to a stimulus or action.

2.11 ANN-based NML algorithms

Artificial neural networks (ANN) can also be employed for
manifold learning as they have the potential to extract com-
plex non-linear structure in high-dimensional data. Auto-
encoders exemplify this approach as they are designed to
find an optimal encoding between a high-dimensional input
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and a low-dimensional representation stored in their “bottle-
neck” code layer, which preserves the information necessary
to then reconstruct the original input from it. In this sense,
auto-encoders can be thought of as a non-linear extension
to PCA, where each node in the code layer is comparable
to a PC. Delving deeper, the field of deep generative mod-
els such as variational auto-encoders (VAE) promise great
potential at extracting low-dimensional structure in varied
high-dimensional data, by constructing a stochastic model of
the low-dimensional dynamics underlying the neural activ-
ity. Such methods have shown great results when inferring
the neural activity trial-by-trial fluctuations, but some have
raised the issue that the low-dimensional structure extracted
from these models are often highly entangled and therefore,
difficult to interpret (Pandarinath et al., 2018). To address
these issues, VAEs that make use of external labels, such
as behavioral variables or the passage of time, have been
designed (Zhou & Wei, 2020). Lastly, addressing some of
the shortcomings of VAEs such as interpretability, identi-
fiability and generalizability, Consistent EmBeddings of
high-dimensional Recordings using Auxiliary variables,
or CEBRA, was developed. CEBRA uses an innovative
approach that employs contrastive learning instead of a
generative model to extract embeddings, this enables it to
cope with strong data distribution shifts to yield consistent
embeddings between experimental sessions, subjects and
recording modalities (Schneider et al., 2022).

3 Manifold learning for the analysis
of large-scale neural datasets

To demonstrate how neural manifold learning can be used
in the analysis of large-scale neural datasets, we apply a
number of linear and non-linear NML algorithms (PCA,
MDS, LEM, LLE, Isomap, t-SNE and UMAP) to several
datasets. The datasets were chosen to cover a number of
different brain regions and a range of behavioral complex-
ity. They consist of (i) two-photon calcium imaging of hip-
pocampal subfield CA1 in a mouse running along a circular
track (Section 3.1), taken from Go et al. (2021; ii) multi-
electrode array extracellular electrophysiological recordings
from the motor cortex of a macaque performing a radial arm
goal-directed reach task (Section 3.2) from Yu et al. (2007);
and (iii) single-photon “mini-scope” calcium imaging data
recorded from the prefrontal cortex of a mouse under condi-
tions where multiple task-relevant behavioral variables were
monitored (Section 3.3), from Rubin et al. (2019). Lastly, we
illustrate how manifold learning can be employed to charac-
terize brain dynamics in a disease state such as Alzheimer’s
disease by applying these techniques to data simulated to
reproduce basic aspects of dataset (i), augmented to incor-
porate pathology (Section 3.4).
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3.1 Decoding from neural manifolds

To compare NML algorithms we evaluated the resulting
manifolds according to behavioral decoding (reconstruction
or classification) performance, ability to encode the high-
dimensional activity (i.e reconstruction score) and intrin-
sic dimensionality. These quantifications make up a minor
subset of the many manifold parameterization methods, of
which we describe more Section 4.2). For hippocampal CA1
manifolds obtained by any of the NML methods, we com-
puted decoding accuracy for the behavioral variable(s) as a
function of the number of manifold embedding dimensions
using an Optimal Linear Estimator (OLE) (Warland et al.,
1997). This allows assessment of the number of dimensions
necessary to encode the behavioral variable. We used a
10-fold cross-validation approach, i.e., training the decoder
on 90% of the data and testing it on the remaining 10%.
Decoding performance is calculated as the Pearson correla-
tion coefficient between the actual and reconstructed behav-
ioral variable, i.e. the mouse position, for the test data. To
assess neural manifold information provided about animal
behavior in the other two datasets, we built a logistic regres-
sion classifier (Hosmer et al., 1989); we evaluate its per-
formance using the F1 score as a function of the number
of manifold embedding dimensions used. The F1 score is
defined as the weighted average of the precision (i.e., per-
centage of the results which are relevant) and recall (i.e.,
percentage of the total relevant results correctly classified
by the algorithm), and ranges between 0 (worst) and 1 (best
performance) (Blair, 1979).

3.2 Reconstruction of neural activity
from a low-dimensional embedding

Another way to evaluate the degree of fidelity of the
manifold embedding is to attempt to reconstruct the high-
dimensional neural data from the low-dimensional embed-
ding. This tells us how much has been lost in the process
of dimensionality reduction. To obtain such a reverse map-
ping, we employed the non-parametric regression method
originally introduced for LLE (Low et al., 2018; Nieh et al.,
2021). We then obtained the reconstruction similarity by
computing the Pearson correlation coefficient between the
reconstructed and the original neural activity. To perform an
element-wise comparison, the N X T neural activity matri-
ces were concatenated column-wise into a single vector and
the correlation coefficient calculated. To obtain the neural
activity reconstruction score, we employed a 10-fold cross-
validation strategy. Using 90% of the data from each session
to learn the reverse mapping, the reconstruction was then
evaluated on the remaining 10% the data. The final score
was then obtained by averaging across folds.



Journal of Computational Neuroscience (2023) 51:1-21

3.3 Intrinsic manifold dimensionality

Estimating the number of required dimensions of the under-
lying manifold is a crucial part of manifold learning (Altan
et al., 2021; Cunningham and Yu, 2014), as it helps one
to acquire a conceptual idea of how complex the neuronal
activity inside the manifold is. The intrinsic manifold dimen-
sionality accounts for the number of independent (latent)
variables necessary to describe the neural activity without
suffering significant information loss (Jazayeri & Ostojic,
2021). However, it is difficult to estimate the dimensional-
ity of neural manifolds, especially in the realistic condition
of a noisy, non-linear embedding. A recent review provides
a detailed evaluation of several dimensionality estimation
algorithms when applied to high-dimensional neural data
(Altan et al., 2021).

We acknowledge that any measure of dimensionality is
strongly influenced by the timescale of the neural activity
and by the size of the population recorded (Humpbhries,
2020), in this review we use the intrinsic dimensionality
measure to compare the topologies captured by the different
NML methods. To infer the manifold intrinsic dimensional-
ity we employ a method related to the correlation dimension
of a dataset (Grassberger and Procaccia, 1983). After apply-
ing NML to the original high-dimensional neural activity,
for any given point (i.e., neural state) in the low-dimensional
space, the number of neighboring neural states within a sur-
rounding sphere as a function of the sphere’s radius was cal-
culated. The slope of the number of neighboring data points
within a given radius on a log-log scale equals the expo-
nent k in the power law N(r) = cr*, where N is the number
of neighbors and r is the sphere radius. k then provides an
estimate of the intrinsic dimensionality of the neural activ-
ity. We fit the power law in the range between ~10 to 5000
neighbors or neural states, aiming to capture the relevant
temporal scale for each task and related manifold (Rubin
et al., 2019; Nieh et al., 2021). Note, in fact, that we have
selected a particular range for each dataset, also depending
on the number of time samples 7 available (details in respec-
tive figure captions).

3.4 Hippocampal neural manifolds

The hippocampus is well known to be involved in memory
formation and spatio-contextual representations (Scoville
& Milner, 1957; O’Keefe & Conway, 1978; Morris, 2006).
NML has been recently applied to hippocampal neural activ-
ity by several authors, suggesting that the rodent hippocam-
pal activity encodes various contextual, task-relevant vari-
ables, displaying more complex information processing than
spatial tuning alone (Rubin et al., 2019; Nieh et al., 2021).
Here, we re-analyze published data from a dataset compris-
ing two-photon calcium imaging of hippocampal CA1 place

cells, to which previously only MDS had been applied Go
et al. (2021), in order to compare manifolds extracted by
different algorithms. We examine how different NML meth-
ods characterize the dynamics of hippocampal CA1 neu-
rons along trajectories in low-dimensional manifolds as they
coordinate during the retrieval of spatial memories.

The data was recorded from a head-fixed mouse navigating
a circular track in a chamber floating on an air-pressurized
table under a two-photon microscope (Fig. 3a). The mouse
position (Fig. 3b) was simultaneously tracked using a mag-
netic tracker. The activity of 30 of 225 hippocampal CAl
cells recorded in the shown session is depicted in Fig. 3c. Of
the 225 cells, 92 were classified as place cells by Go et al.
(2021), and their normalized activity rate map, sorted accord-
ing to place preference, is shown in Fig. 3d. Employing the
activity of all 225 cells (both place and non-place selective),
both linear (Fig. 3e) and non-linear (Fig. 3f) NML methods,
revealed a cyclic pattern of transitions between network states
corresponding to different locations along the circular track.
The manifold formed by the dynamics of neural activity as the
mice explored the full track forms a complete representation
of the 2D structure of the track. We compared the algorithms
in terms of decoding performance (Fig. 3g), neural activity
reconstruction score (Fig. 3h) and intrinsic manifold dimen-
sionality (Fig. 3i). All algorithms performed similarly in terms
of the metrics considered, yielding almost the best possible
decoding performance with just one manifold dimension and
the best possible reconstruction similarity with two dimen-
sions. Moreover, all manifolds were found to have a similar
intrinsic dimensionality of around 2.

In this example, the behavioral complexity is approxi-
mately one dimensional (i.e., the mouse running in a sin-
gle direction along a circular track can be mapped onto the
single circular variable #) and all NML methods produce
embeddings which allow high decoding performance, with
each algorithm already reaching near-maximum perfor-
mance after incorporating only the first manifold dimension.
This suggests that if the behavioral complexity is low and
its information is broadly encoded within the neural popula-
tion, any NML algorithm will yield broadly similar results.
However, as we will see, this does not necessarily hold when
complexity of the behavioral task is increased. In terms of
the ability to capture the neural activity variance, the neural
activity reconstruction score suggests that the highly non-
linear tSNE and UMAP algorithms yield more informative
low-dimensional embeddings.

3.5 Motor cortical neural manifolds
NML and dimensionality reduction techniques have also been
applied to neural activity within motor and pre-motor cor-

tical areas, in particular to suggest that the high variability
observed in the single-neuron responses is disregarded when
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Fig.3 Mouse hippocampalCA1 manifolds during spatial memory
retrieval. Unless otherwise stated, panels adapted with permission
from Go et al. (2021). a Schematic of experimental setup: head-fixed
mouse navigates a floating circular track under a two-photon micro-
scope. Inset: Close-up view of head-fixed mouse on floating track.
b Spatial trajectories of the mouse, with 6 (color-coded) denoting
position on the track. ¢ Top: Position along the track (cm), Middle:
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activity rate map for 92 place cells, sorted by spatial tuning around
the track. e - f Linear vs non-linear manifold embeddings for all 225
cells (normalized). In each case the first three dimensions are visual-
ized. Insets for each: projections on pairs of components C1 and C2
(upper left), C2 and C3 (upper middle), C1 and C3 (upper right).
e Linear manifold embeddings (i) PCA, (ii) MDS, f non-linear mani-
fold embeddings (i) Isomap, (ii) LLE, (iii) LEM, (iv) t-SNE, and (v)
UMAP. (ii-v were not reproduced from Go et al. (2021). g-i Mani-
fold evaluation metrics: (see: g Decoding performance (as used in Go
et al. (2021)), h Neural activity reconstruction score, i Intrinsic mani-
fold dimensionality
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population dynamics are taken into account (Santhanam et al.,
2009; Churchland & Shenoy, 2007; Churchland et al., 2012;
Sussillo et al., 2015; Gallego et al., 2017). This approach has
been the foundation of the “computation through dynamics”
framework, which aims to characterize the neural popula-
tion dynamics as trajectories along manifolds (Vyas et al.,
2020). Rotational-like dynamics of motor cortex neural
activity have been observed both in human and non-human
primates (Churchland et al., 2012; Pandarinath et al., 2015),
with stability over long periods of time (Gallego et al., 2020).
Importantly, by furthering the understanding of neural popu-
lation dynamics and variability, crucial steps can be made in
improving performance of prosthetic devices that can be used
to further enable those with nervous-system disease or injury
in day-to-day tasks (Santhanam et al., 2009).

We applied NML to data from Yu et al. (2007) and
Chestek et al. (2007) recorded in the caudal premotor cor-
tex (PMd) and rostral primary motor cortex (M1) of rhe-
sus macaques during a radial arm goal-directed reaching
task (Fig. 4a). Neural data was collected for 800 successful
repeats, with 100 trials for each of the 8 reaching directions
(Fig. 4b). We used NML to analyze the neural activity dur-
ing the 100 ms time window before the onset of the reaching
movement and investigated its tuning with respect to the
reaching direction (Santhanam et al., 2009). The manifold
embeddings obtained using different NML methods, both
linear (Fig. 4e) and non-linear (Fig. 4f), revealed different
types of structures with data points clustering according to
the monkey’s target endpoint. All the NML algorithms tested
revealed lower-dimensional structures that discriminate
between each of the behavioral states along a single dimen-
sion. We used the pre-movement neural manifold to clas-
sify the behavior into one of eight different goal directions.
The two linear NML algorithms yielded the most behav-
iorally informative embedding, requiring only two dimen-
sions to achieve best performance (Fig. 4g). All algorithms
performed equally in terms of neural activity reconstruc-
tion similarity, with only one dimension being necessary to
reconstruct the original neural activity patterns (Fig. 4h).
The intrinsic dimensionality of the two linear embeddings,
on the other hand, was the highest (Fig. 4i). Non-linear NML
algorithms extracted lower-dimensional embedding at the
cost of encoding less behavioral information.

Increasingly, NML has been used to analyze neural cir-
cuits implicated in decision-making such as the prefrontal
cortex (PFC) (Kingsbury et al., 2019; Mante et al., 2013)
and the anterior cingulate cortex (ACC) (Rubin et al.,
2019). With these multi-function brain regions, neurons
are widely known for their mixed selectivity, often captur-
ing information relating to both stimuli features and deci-
sions (Kobak et al., 2016; Rigotti et al., 2013; Fusi et al.,
2016). This moves away from the notion of highly-tuned
single cells and gives rise to a dynamical, population-driven

code (Pouget et al., 2000) ideally suited to NML methods.
This was nicely demonstrated by Rubin et al. (2019), who
visualized and quantified how NML (in their case, LEM)
could be used to discriminate neural states arising from
different brain regions (ACC and hippocampal area CA1)
during identical tasks. The neural activity was recorded in
freely-behaving mice exploring a linear track and perform-
ing various behaviors such as drinking, running, turning,
and rearing (Figure 5a-c). Building on their findings, we
employed various alternative NML methods, both linear
(Fig. 5d) and non-linear (Fig. 5e), that revealed different
neural data structures, exhibiting clustering according to the
animals’ behavior, with PCA and LLE producing the least
clustered visualizations. Evaluation of NML behavior clas-
sification performance (Fig. 5f), reconstruction similarity
(Fig. 5g) and manifold intrinsic dimensionality (Figure 5i)
revealed that although there was high variability in perfor-
mance, non-linear algorithms generally out-performed the
linear ones. Notably, two non-linear NML algorithms t-SNE
and UMAP performed the best in terms of behavioral classi-
fication and ability to reconstruct the high-dimensional neu-
ral activity from the manifold embedding, with an intrinsic
dimensionality between 2 and 3, inferring that behavior is
the predominant type of information encoded by the ACC
network during this task.

3.6 Analysis of neural manifolds in neurological
disorders

NML potentially provides a valuable tool for understand-
ing the biology of different brain disorders. As an exam-
ple, NML can be used to characterize changes in neural
manifolds for spatial memory during the progression of
Alzheimer’s disease (AD). In AD, the hippocampus and
connected cortical structures are among the first areas to
show pathophysiology. Hippocampal-dependent cognitive
processes such as episodic memory are particularly and
prominently affected at the behavioral level. However, it is
not yet understood how the pathological markers of AD,
such as amyloid-beta plaques and neurofibrillary tangles,
lead to specific disruptions in the network-level information
processing functions underpinning memory function. While
single-cell properties are obviously affected, it is believed
that network properties relating to the coordination of infor-
mation throughout brain circuits involved in memory may be
particularly at risk (Palop & Mucke, 2016). Neural manifold
learning analysis methods may thus play a useful or even
crucial role in disentangling the effects of these network
alterations.

The formation of extracellular amyloid plaques causes
aberrant excitability in surrounding neurons (Busche et al.,
2008): cells close to amyloid plaques tend to become hyper-
active, whereas those further away from the plaques tend to
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Fig.4 Manifold analysis of motor cortical dynamicsduring a reach-
ing task. a Monkey reaching task experimental setup. b Arm trajec-
tories and target reaching angles - schematic and coloured trajecto-
ries adapted from Yu et al. (2007). c-d Neural data processing steps
(adapted from Santhanam et al. (2009)) ¢ Top: X,Y position of mon-
key arm over eight individual trials coloured according to (b). Bot-
tom: Corresponding raster plot of spike trains recorded simultane-
ously from 98 neural units, sampled every 1 ms. Units include both
well isolated single-neuron units (30% of all units), as well as multi-
neuron units. d Population activity vector yielding the instantaneous

become hypoactive (or relatively silent). This aberrant neu-
ronal excitability could potentially have a substantial effect
on the neural manifold, and conversely, the neural manifold
may provide a way to assess the overall impact of network
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firing rates of the same neural units in (c) for the 100 ms before the
monkey reached out its arm (separated and coloured by trial type/
arm direction as in c). e - f Linear vs non-linear manifold embed-
dings (normalized, only first three dimensions visualized). Insets:
projections on pairs of components, C1 and C2 (upper left), C2 and
C3 (upper middle), C1 and C3 (upper right). (e) Linear manifold
embeddings (i) PCA, (ii) MDS. f non-linear manifold embeddings
(i) Isomap, (ii) LLE, (iii) LEM, (iv) t-SNE, and (v) UMAP g-i Mani-
fold evaluation metrics g Decoding performance [F1 score], h Neural
activty reconstruction score [r], i Intrinsic manifold dimensionality

abnormalities. To demonstrate this, we simulated neural data
for the (Go et al., 2021) circular track experiment described
in Fig. 3) using parameters outlined by (Busche et al., 2008),
i.e., the percentages of hyperactive (a) and hyperactive cells
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Fig.5 Manifold analysis of prefrontalcortical dynamics during
behavior. a-¢ Schematic of experimental setup from Rubin et al.
(2019). The mouse navigates a linear track with rewards at both
ends. b Raster plot of the neural activity during multiple behaviors
(adapted from Rubin et al. (2019)): (1) drinking, (2) running, (3)
turning, and (4) rearing. ¢ Calcium event rate as the mouse runs to
the right (left panel) and to the left (right panel) of the linear track
(from Rubin et al. (2019)). d-e Linear vs non-linear manifold embed-

(p) in a given FOV, while conforming to previous studies
that observed more than 20% of neurons becoming hyper-
active (Busche et al., 2008; Busche & Konnerth, 2015)
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dings (normalized). In each case the first three dimensions are visu-
alized: Insets for each: projections on pairs of components: C1 and
C2 (upper left), C2 and C3 (upper middle), C1 and C3 (upper right).
d Linear manifold embeddings (i) PCA, (ii) MDS, e non-linear mani-
fold embeddings (i) Isomap, (ii) LLE, (iii) LEM, (iv) t-SNE, and (v)
UMAP. f-h Manifold evaluation metrics f Decoding performance
[r], g Reconstruction score [r], h Intrinsic manifold dimensionality

in transgenic AD mice. This yielded a population of hip-
pocampal CA1 cells (with 50% normal cells, 21% hyperac-
tive cells and 29% hypoactive cells). Hypersynchrony, which

@ Springer



14

Journal of Computational Neuroscience (2023) 51:1-21

has also been observed in AD (Palop & Mucke, 2016), was
not simulated for the purposes of this exercise, to maintain
simplicity. This disease model mimics the neural activity of
hippocampal CA1 cells of an AD mouse (e.g. a mouse over-
expressing amyloid precursor protein, (Oakley et al., 2006))
running on a circular track; we compare it with a simulated
control model representing a healthy wild-type litter-mate
(Fig. 6a, b). Using MDS and UMAP as exemplars (Fig. 6¢,
d, respectively), NML shows how the aberrant excitability
of neurons distorts the neural manifolds for spatial memory
in AD (bottom panel) with respect to the healthy control
model (top panel). While the topological structure remains
relatively intact, the boundaries of the set become fuzzier,
akin to adding noise to the system. To further evaluate this,
we examined manifold parameterization measures including
decoding performance, neural reconstruction similarity and
manifold intrinsic dimensionality for both NML approaches
(Fig. 6e-m). In both cases, the AD model’s manifold embed-
dings display worse performance than the control model,
although UMAP was able to recover a more behaviorally
informative and lower-dimensional embedding than MDS.

To investigate the effects of the proportions of aberrant
cells on the neural manifolds, we simulated the same mod-
els with varying percentages of normal, hyperactive («) and
hypoactive (f) cells. As expected, the hyperactivity of cells
close to amyloid plaques (which tends to add noise) distorts
the neural manifolds more than the hypoactive cells (which
is more akin to having a decreased number of neurons in
the manifold), resulting in less clustering of neural states
in the manifold space. This is consistent with their effects
on performance in terms of the given manifold measures
(Fig. 6f-g, i-j, I-m).

We suggest that on this basis, NML techniques exhibit
potential for helping to improve our understanding of net-
work-level disruption in disease phenotypes.

4 Discussion
4.1 Comparison of neural manifold algorithms

With the increase in the numbers of simultaneously recorded
neurons facilitated by emerging recording technologies, the
demand for methods that enable reliable and comprehen-
sively informative population-level analysis also increases.
Multivariate analyses of large neuronal population activity
thus require the use of more efficient computational mod-
els and algorithms that are geared towards finding the few-
est possible population-level features that best describe the
coordinated activity of such large neuronal populations.
These features must be interpretable and open to param-
eterization that enables inherent neural mechanisms to be
described (as discussed in the next section).
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In this review, we give insights into how NML facili-
tates accurate quantitative characterizations of the dynamics
of large neuronal populations in both healthy and disease
states. However, assessing exactly how reliable and informa-
tive NML methods are remains a challenge and is open to
interpretation. An ideal NML method must be able to adapt
to different datasets that span functionally different brain
regions, behavioral tasks, and number of neurons being ana-
lyzed, while considering different noise levels, timescales,
etc.

In many studies, linear NML methods (such as PCA and
classical MDS) have been preferred, and are widely used
throughout the literature because of computational simplic-
ity and clear interpretation. However, these methods have
not been sufficient when the geometry of the neural rep-
resentation is highly non-linear, which might for instance
be induced by high behavioral task complexity (Jazayeri &
Ostojic, 2021) (see Fig. 5). As shown in (Rubin et al., 2019),
low SNR can also affect the quality of some linear NML
embeddings. They compared PCA and LEM algorithms and
revealed that LEM required fewer neurons and lower firing
rates for accurate estimation of the internal structure. To
address the challenges of noisy data, many solutions have
been suggested, including the development of novel linear
algorithms, such as dPCA (Kobak et al., 2016), cvPCA
(Stringer et al., 2019), and mTDR (Aoi & Pillow, 2018).
These methods enable greater discrimination between
specific clusters of neural activity, but they do rely heav-
ily on neural responses acquired during multiple trials of
time-locked behavior. However, these may not always be
available, and whilst it is possible to tweak certain algorith-
mic parameters or fit them to manipulated forms of the data
(e.g. through time-warping), the end result is an increase in
computational complexity and possibly harder to interpret
results.

Conversely, non-linear methods, in general, trend towards
better generalization across datasets. This is particularly true
for UMAP and t-SNE (see Figs. 3, 4 and 5). To discriminate
clusters of neural activity, UMAP and t-SNE have been shown
to be the most powerful non-linear NML techniques. How-
ever, they might not always yield an embedding that is repre-
sentative of the true high-dimensional geometry. These issues
are particularly relevant for inherently very high-dimensional
data, such as genomics data (Chari et al., 2021). In fact, it
is debated whether a low number of latent dimensions are
enough to drive neural population activity and explain its vari-
ability across a range of circumstances such as brain region
and task (Chaudhuri et al., 2019; Rubin et al., 2019; Nieh
et al., 2021; Churchland et al., 2012; Gallego et al., 2020), or
if higher dimensionality are required (Stringer et al., 2019;
Humphries, 2020).

Finally, a key consideration when selecting any
NML method is whether its function is for neural data
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Fig.6 Changes in neural manifolds during neurodegenerative disease
states. a Example simulated calcium traces for a mouse traversing a
circular track (simulation of real experiment in Fig. 3). Top: 20 of
200 “normal” CAl place cells (magenta traces on top show mouse
trajectory). Bottom: 20 of 200 AD-affected place cells that fall into
three categories: Normal (black), Hyperactive (red) and Hypoactive
(blue). b Normalized activity rate maps for 200 healthy and 142 (out
of 200) AD hippocampal CAl place and hyperactive cells (respec-
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tively) sorted by location of maximal activity. ¢-d 3D projection in
the manifold space using (c) MDS and (d) UMAP for both healthy
control and AD simulated models. Inset: 2D projections onto pairs of
dimensions. e-m Evaluation metrics for MDS and UMAP, Control vs
AD and shown as a function of varying percentages of normal, hyper-
active (a) and hypoactive (f) cells. e-g Decoding performance [r].
h-j Reconstruction similarity [r]. k-m Intrinsic dimensionality
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visualization or for structural discovery and/or quanti-
fication. For instance, many of the non-linear algorithms
described above, such as UMAP, t-SNE have excellent capa-
bilities in visualizing high-dimensional data and provide an
interpretable global structure. Similarly, VAEs present them-
selves as great candidates for discriminating global clusters.
However, obtaining a favorable global structure can often
be at the expense of a loss to local structure (Chari et al.,
2021) and therefore can distort any downstream structural
quantification. To address these shortcomings one can use
algorithms that either provide a linear solution such as PCA-
based methods (Gardner et al., 2022) or that focus on local
structure such as LEM (Rubin et al., 2019). ANNs may add
further possibilities, with methods such as CEBRA tackling
model identifiability and generalization (Schneider et al.,
2022).

One message that can be taken away from our compari-
son of neural manifold approaches is that linear methods
do provide substantial insight over a wide range of problem
domains (often consistent with what is provided by non-
linear methods), and even in areas where they fail to cor-
rectly capture the low-dimensional topological structure of
the manifold, they can still provide insight verifiable through
decoding of behavior.

4.2 Parameterization of neural manifolds

A key issue for NML approaches is that after the neural man-
ifold has been determined, it normally needs to be analyzed
further to answer a given scientific question. This process,
known as parameterization, would ideally involve extraction
of the equations of the manifold itself, however, out of feasi-
bility may also be based on a more limited quantification of
manifold properties. Depending on the type of neural data at
hand and the scientific hypothesis to be tested, it’s important
to select the most suited and informative NML algorithm
and parameterization measures. One challenge that has to
be kept in mind is that the resulting manifolds, although
often visualized in two or three dimensions for convenience,
frequently involve many more dimensions (e.g. even a low-
dimensional neural manifold from a recording from many
hundreds of neurons might involve tens of dimensions), and
many approaches that may work well in two or three dimen-
sions do not necessarily scale straightforwardly to higher-
dimensional representations.

Where transitions in the dynamics of neural states are
observed over time, one approach that is useful is recurrence
analysis (Marwan et al., 2007; Wallot, 2019). Recurrence
analysis is a non-linear data analysis that is based on the
study of phase space trajectories, where a point or element
in phase space represents possibles states of the system. It is
a powerful tool in characterizing the behavior of a dynamical
system, especially when observing how states change over
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time. A recurrence plot measures and visualizes the recur-
rences of a trajectory of a system in phase space. Note that
although the recurrent plot is inherently two-dimensional,
recurrence analysis can describe dynamics in an arbitrary
dimensional space - a key feature of this technique. As the
respective phase spaces of two systems change, recurrence
plots allow quantification of their interaction and tell us
when similar states of the underlying system occur. The
time evolution of trajectories can be observed in the pat-
terns depicted in the recurrence plots, and these patterns are
associated with a specific behavior of the system, such as
cyclicity and similarity of the evolution of states at differ-
ent epochs. Different measures can be used to quantifying
such recurrences based on the structure of the recurrence
plot, including recurrence rate, determinism (predictibil-
ity), divergence, laminarity, and Shannon entropy (Webber
& Marwan, 2015; Wallot, 2019). These measures might be
especially useful when observing neuronal responses to
stimuli over repeated trials under different conditions (such
as healthy and diseased states).

Another way to compare neural manifolds under different
conditions is to directly quantify the similarity of trajectories
in the neural manifold space (Cleasby et al., 2019; Ding
et al., 2008; Alt, 2009). The most commonly used measures
of trajectory similarity are Fréchet distance (FD) (Fréchet,
1906; Besse et al., 2015), nearest neighbor distance (NND)
(Clark & Evans, 1954; Freeman et al., 2011), longest com-
mon subsequence (LCSS) (Vlachos, 2002), edit distance for
real sequences (EDR) (Chen & Ng, 2004; Chen et al., 2005)
and dynamic time warping (DTW) (Toohey, 2015; Long &
Nelson, 2013). Computing such measures may allow us to
characterize the differences (or similarities) among neural
manifolds obtained from different models. This type of
analysis may be especially useful when comparing models
in health and disease states across age groups, or when com-
paring neural manifold representations of the same model
across different environments and conditions.

Another useful measure is manifold trajectory tangling
(Russo et al., 2018). Tangling is a simple way of determining
whether a particular trajectory could have been generated by
a smooth dynamical flow field; under smooth dynamics, neu-
ral trajectories should not be tangled. Two neural states are
thus tangled if they are nearby but associated with different
trajectory directions. High tangling implies either that the
system must rely on external commands rather than inter-
nal dynamics, or that the system is flirting with instability
(Russo et al., 2018). Thus, tangling can be compared across
all times and/or conditions. It is especially useful when
characterizing neural dynamics over the course of learn-
ing or development. For example, it may be interesting to
examine whether neural circuits adopt network trajectories
that are increasingly less tangled when learning a new skill
and with increasing performance. Conversely, it may also
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be interesting to investigate whether pathological conditions
may be associated with increased tangling during learning.

In cases where we characterize task-specific responses,
e.g., during repetitive, trial-structured motor movements,
determining whether these neural responses are consistent
with the hypothesised computation is important. Hence,
the consistency in the geometry of the population response
and/or the time-evolving trajectory of activity in neural state
space (i.e., manifold space) must be examined. For such
task-specific trials, manifold trajectories are considered con-
sistent if the trajectory segments trace the same path and do
not diverge. One measure that can be used for such analy-
sis is manifold trajectory divergence (Russo et al., 2020).
In contrast to manifold trajectory tangling, which assesses
whether trajectories are consistent with a locally smooth
flow field, manifold trajectory divergence assesses whether
similar paths eventually separate, smoothly or otherwise. A
trajectory can have low tangling but high divergence, or vice
versa. Multiple features can contribute to divergence, includ-
ing ramping activity, cycle-specific responses, and differ-
ent subspaces on different cycles. Thus, manifold trajectory
divergence provides a useful summary of a computationally
relevant property, regardless of the specifics of how it was
achieved (Russo et al., 2020).

Lastly, topological data analysis (TDA), which comprises
methods such as persistent cohomology, aim to rigorously
characterize the topological structure of the data. These
methods are quite sensitive to noise levels and might not be
adequate to investigate functionally complex neural systems,
but they succeed in revealing the topology of simpler sys-
tems such as the head direction, grid cell systems and linear
track representation (Chaudhuri et al., 2019; Gardner et al.,
2022; Rubin et al., 2019). Similarly, Spline Parameterization
for Unsupervised Decoding (SPUD) is a powerful method
to characterise the manifold dynamics, which stems from
a rigorous analysis of the manifold topological structure
(Chaudhuri et al., 2019).

An increasing body of work using large-scale neural
recording technologies is pointing towards the viewpoint
that neural manifolds during spontaneous activity may
be relatively high dimensional (Avitan & Stringer, 2022)
[reviewed in], in comparison to the low-dimensional pic-
ture of spontaneous activity that had emerged from earlier
recording technologies such as single-unit extracellular elec-
trophysiology and functional magnetic resonance imaging.
This of course provokes the question: at what dimensional-
ity do neural manifold approaches cease to become useful?
Notably, the datasets we have used as illustrations in this
survey paper are (reflecting the field) intrinsically relatively
low-dimensional in nature, ranging from a mouse running
around a constrained environment to a monkey moving its
arm in a fixed set of trajectories. Free-ranging, real-world
behaviour is obviously higher dimensional in nature. Do

manifold approaches cease to become useful in such cases?
We would argue not, as long as the dimensionality of the
manifold is much lower than the dimensionality of the neural
recording (essentially determined by the number of cells
that can be recorded, and which can exceed 10,000 with
recently introduced technologies). Certainly two and three-
dimensional visualisations may fail to capture interesting
aspects of the data (which may in many cases be true already
for 10-dimensional datasets). However, as we have pointed
out in this section, there are many approaches for analysis of
the resulting manifolds, such as recurrence plots, trajectory
similarity measures, and manifold trajectory tangling, that
work for higher dimensional manifolds. How these proper-
ties relate back to the predictions made by computational
models of brain function is so far less clear. This area is ripe
for further theoretical work.

4.3 Is neural manifold learning useful
for understanding neurological disorders?

Neural manifold learning offers the prospect of aiding in
our understanding of circuit neuropathologies. For instance,
in mouse models of Alzheimer’s disease, amyloid or tau
pathologies result in changes in cortical circuitry, which
are particularly evident in the hippocampus and connected
structures. However, the effect of these pathologies on the
dynamics of neural circuits involved in spatial and working
memory at the network level are still not well understood.
By analyzing the changes in the geometry of population
responses and the time-evolving trajectory of activity of the
associated hippocampal-cortical circuits, we can compare
the neural manifolds recovered from groups of mice of dif-
ferent ages and/or with different health states. In particular,
we can use recurrence analysis to determine whether neu-
ral states recur upon presentation of the same stimuli over
repeated trials at different times across different ages of the
models. Neural manifold similarity, tangling and divergence
measures may also be computed to evaluate the differences
(or similarity) of movement trajectories in the neural mani-
fold space. Together, these measures can be used to compare
the manifold dynamics across different age groups in both
healthy and disease states.

In this review, we have demonstrated that neural manifold
learning methods provide a powerful toolbox for understand-
ing how populations of neurons coordinate in representing
behaviorally relevant information. While the cellular and
molecular pathologies underlying a variety of neurological
disorders such as Alzheimer’s Disease, Parkinson’s Disease
and Frontotemporal Dementia are at least beginning to be
well understood, how they translate into network dysfunc-
tion and thus, into cognitive and behavioral deficits is not.
Neural manifold learning techniques, in combination with
new experimental technologies allowing us to record the
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activity of many thousands of neurons simultaneously dur-
ing behavioral tasks, potentially may allow us to assay the
dynamics and Gestalt representations underlying cognition
and behavior at the level of entire neural circuits. This could
in turn lead to improved understanding of disease processes
and more sensitive tests of therapeutic effect.
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The study of social dominance interactions between animals offers a window onto the
decision-making involved in establishing dominance hierarchies and an opportunity to
examine changes in social behavior observed in certain neurogenetic disorders. Compet-
itive social interactions, such as in the widely used tube test, reflect this decision-
making. Previous studies have focused on the different patterns of behavior seen in the
dominant and submissive animal, neural correlates of effortful behavior believed to
mediate the outcome of such encounters, and interbrain correlations of neural activity.
Using a rigorous mutual information criterion, we now report that neural responses
recorded with endoscopic calcium imaging in the prelimbic zone of the medial prefron-
tal cortex show unique correlations to specific dominance-related behaviors. Interanimal
analyses revealed cell/behavior correlations that are primarily with an animal’s own
behavior or with the other animal’s behavior, or the coincident behavior of both ani-
mals (such as pushing by one and resisting by the other). The comparison of unique
and coincident cells helps to disentangle cell firing that reflects an animal’s own or the
other’s specific behavior from situations reflecting conjoint action. These correlates
point to a more cognitive rather than a solely behavioral dimension of social interac-
tions that needs to be considered in the design of neurobiological studies of social
behavior. These could prove useful in studies of disorders affecting social recognition
and social engagement, and the treatment of disorders of social interaction.

social dominance | tube test | endoscopic imaging | prefrontal cortex | rodents

The overarching aim of this work is to develop a better understanding of the neural
activity associated with social dominance interactions, including those that may be
altered in autism spectrum disorders (ASDs). Social interactions occur between pairs of
rodents taking part in a variety of social tests used in laboratory settings (1, 2), includ-
ing tests of relative access to food, resident—intruder tests, and the widely used “tube
test” of social dominance (3, 4). The latter takes the form of two animals being placed
into a Plexiglas tube, confronting each other during an interanimal encounter that is
resolved by one animal becoming the “winner” and the other animal the “loser.” Some-
times, this involves the behavioral conjunction of “pushing” by one and “resisting” by
the other, but diverse other behaviors are observed that reflect a more cognitive element
of decision-making, such as “withdrawal.” Extensive use of the tube test in group-living
male mice has revealed it to be a stable and reliable indicator of social dominance, cor-
relating well with other measures of dominance (2, 5). The present study is part of a
larger project to use this and other tests of phenotype in animal models of ASDs
because a prominent characteristic of this syndrome is social withdrawal. For example,
Saxena et al. (6) showed, using wild- type (WT) and Fragile-X mutant (Fmrl” ) rats,
that repeated testing over several sessions revealed a relative but not absolute social
dominance of WT animals over the mutants, with gene-related differences in interses-
sion stability. We also witnessed the development of inflexible behavioral habits that
enabled overcoming failures of social awareness in some encounters. These findings are
consistent with the socially withdrawn or otherwise aberrant behavior seen in humans
with ASD and in animal models of Fragile-X (7) and Rett syndrome (8, 9).

In this study, we examined neural correlates of social dominance interactions from a
cognitive perspective. It was guided by anatomical and physmloglcal data reveahng that
the frequency of excitatory postsynaptic currents, single-unit activity, or Ca® transients
in the prefrontal cortex or anterior cingulate gyrus are likely very important mediators of
dominance and known to be on the causal chain of brain network activity mediating
dominance and submissiveness (10). Behavior by both animals, such as pushing or resist-
ing, has been reported that is well correlated with changes in neural activity in the
prelimbic zone of the medial prefrontal cortex (PrL, mPFC) of mice (5, 11). We have
successfully identified behaviors such as moving forward, pushing, resisting, retreat,
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stillness, and withdrawal. Pushing and resisting may seem similar
(and are sometimes conflated) but can be readily distinguished
from the video record monitored on a frame-by-frame basis at
1/20 s by a skilled observer successfully identifying the initiating
animal. In rats, the typical duration of tube test interactions
varies from 5 s to 60 s. Encounters can be characterized as a
cycle of specific acts, followed by perception of the immediate
outcome of these actions by both animals. A dominant animal
cannot just unilaterally “decide” to be dominant—it may need
to push to find out how the other animal will react. Such inter-
actions fuel the interbrain correlations between two animals out-
lined by ref. 12. Accordingly, while a focus on overt behaviors
that can be scored from a video record is clearly objective, a
strictly “behaviorist” approach risks failing to provide unambigu-
ous insight into the underlying decision-making process(es)
involved in ascertaining social dominance. Studies of sociability
and social recognition memory also point to cognitive aspects of
social interaction (13).

A separate issue is that the standard single-animal approach to
examining the neural correlates of sensation, perception, and
action is to look only at the animal from which physiological
recordings are being taken (14-17). A social situation, however,
opens up the intriguing possibility that the activity in the brain
of one animal reflects a representation of the actions or intentions
of the other animal. It rapidly became apparent to us that, while
differences in single-cell or multiunit activity associated with such
dominance or submissive behaviors were observed, as reported
previously by Hu’s group (10), a neural correlate of pushing
behavior by one animal could sometimes be described as the neu-
ral correlate of resistance by the other animal. Our study was con-
ducted in the spirit of the interbrain approach, but our findings
open up a separate logical issue from the concept of interbrain
dynamics (12). Specifically, they include the possibility of identi-
fying whether cell firing in animal A during encounters with ani-
mal B is specifically responsive to the actions of animal A, or of
animal B, or of them both.

Results

The data take the form of Ca** imaging data, behavioral data,
and the analysis of mutual information between these. We
report here data from three pairs of group-living WT rats, and
three pairs of group-living FXS (Fmrl1-/y) rats (z = 12). These
are part of an ongoing study that will grow to much larger
groups of animals over several years, sufficient to make detailed
WT vs. FXS comparisons (not yet feasible). A total of 913 cells
were identified from 11 of these animals, of which five pairs
were analyzed in detail. We outline the protocol and histo-
chemical analyses, then turn to quantification of the behavior,
to the global AF/F measure, and, finally, using event processing
software, to the patterns of events across multiple individual
cells.

Fig. 1 A-C shows a cartoon of the placement of a microen-
doscope on the head of a hooded rat, representative viral
expression of GCamp6f in the prelimbic area of the prefrontal
cortex, and the approximate position of the gradient refractive-
index (GRIN) lens in one of the rats, and a typical camera
image during recording. Fig. 1.D shows successful expression of
GCamp6f in the PrL at cellular magnification (Fig. 1 D, Lef;
20x). NeuN and GADG7 expression (Fig. 1 D, Left Middle),
DAPI (Fig. 1 D, Right Middle), and exemplars of superposition
(Fig. 1 D, Right) show that virus expression was in excitatory
neurons (identified with NeuN and GAD67) without affecting
nuclear integrity (observed with DAPI). Fig. 1E shows the

20of 12 https://doi.org/10.1073/pnas.2107942119

protocols consisting of 50 encounters between the six pairs of
animals over 10 d of tube tests, each having five trials per day
(blue shading), of which alternate days (green, red) were subject
to Ca®* imaging between the animals of a pair. Fig. 1F shows
two animals in the Plexiglas tube (I m), one animal (green)
having the real camera and the other (red) having a dummy

camera, both protected within iHELMETS (18).

Behavioral Findings. Fig. 24 shows the timelines of all pairs of
animals in the tube test. In the cages of WT rats (Fig. 2 4,
Top), one pair of animals displayed consistently strong domi-
nance (H4093/H4094, dark and light green) while the other
two pairs showed a more varied pattern of moderate dominance
(dark and light orange); in the KO cages (Fig. 2 A, Bottom),
two pairs of animals showed strong dominance, and only one
pair showed a more moderate pattern (H4090/H4089). Differ-
ent genotypes were hereafter pooled, but distinct dominance
status retained.

Detailed frame-by-frame video analysis of the behaviors (Fig.
2B) revealed the behavioral profiles of the animals in each trial,
plotted in terms of numbers of specific behaviors per session
(averaged across 10 sessions), the relative duration of each type
of behavior, and the interanimal behavior correlations (Fig. 2 B
and C). The value of analysis at such fine temporal grain is that
it is possible for a skilled observer to see clearly which of two
animals initiates an encounter, that is, which animal first
engages in PUSH behavior and which responds by RESIST or
RETREAT behavior. Two of us (C.G. and G.M.) gained expe-
rience over 1,000 recorded trials of identifying these different
behaviors. Fig. 2B considers pooled pairs of strong or moderate
dominance pairs, with respect to both behavior frequency per
session and normalized duration. We hypothesized that the
“decision-making” in strong vs. moderate dominance pairs
might be different. Excluding STILLNESS, an ANOVA of the
frequency of occurrences in both strong and moderate pairs of
animals showed a significant effect (Huyinh Feldt; F = 5.05,
degree of freedom (df) 4/32, P = 0.003) but no significant dif-
ference between strong vs. moderate. For normalized duration,
nonparametric Kruskal-Wallis tests comparing winners and los-
ers showed that winners spent significantly longer time in
MOVE FORWARD but shorter in RETREAT and WITH-
DRAWAL in the strongly dominant/submissive pairs (ps <
0.05, 0.037, and 0.05, respectively). In the more moderate
dominance animals, only MOVE FORWARD showed a longer
duration for the winners (P < 0.05).

In Fig. 2C, the correlation matrix shows the positive or nega-
tive correlations between specific behaviors of the winning ani-
mal in the series of paired encounters (rows) and those of the
losing animal (columns). The color white implies that this
combination of behaviors did not occur (generally, because one
of the behaviors, such as RETREAT, did not occur in strong
winners). RESIST behavior by a winning rat was strongly cor-
related with PUSH behavior by the losing animal, but, con-
versely, PUSH behavior by the winner correlated with both
RESIST and RETREAT by the loser. This asymmetry reflects
dominance. With respect to STILLNESS, there was a good but
not unique correlation between the two animals. When one
animal was STILL, it was likely that the other was also, but
there were occasions when the winner was still and the losing
animal showed WITHDRAWAL. WITHDRAWAL by the
loser was also more strongly correlated with both MOVE
FORWARD by the winner and, paradoxically, WITHDRAWAL
by the winner. These behavioral correlations guided facets of the
Ca®" imaging analysis that follows.

pnas.org
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Fig. 1. Calcium imaging in rats during social dominance interactions in the tube test. (A) Cartoon depicting detachable miniature endoscope (Inscopix) that
is placed daily into a head-mounted baseplate cemented to the skull. (B) Photomicrograph of viral expression of GCampé6f colocalized on a coronal section
from Paxinos and Watson brain atlas at the AP location of the prelimbic zone (PrL) of mPFC, together with superimposed image of typical location of a GRIN
lens. (C) Representative camera view of PrL neurons during a behavioral session (Scale bar, 100 ym. based on the size of the sensor provided by Inscopix
(1050x650pm equivalent to 1280x800pixels). (D) Higher-power images of GCamp6f expression in single cells (Left), Neu-N staining (Left Middle Top) and GAD-
67 (Left Middle Bottom), DAPI (Right Middle), and exemplar superpositions (Right). (Scale bar, 50 pm.) (F) Recordings were taken from the two animals on alter-
nate sessions in the tube test experiments consisting of five trials per session. With only one camera, recordings were taken from odd-numbered sessions
for one animal and even-numbered sessions for the other. (F) Two Lister-hooded male rats in the tube test, each wearing the iHELMET that serves to protect

the endoscopic from physical interaction with the other animal (18).

Mean Calcium Imaging Activity (AF/F) across All ROIs. Success-
ful stable recordings of Ca®* transients from individual cells were
secured (i.e., regions of interest [ROIs] showing multple rapid
increases in signal intensity of AF/F followed by slow decreases of
fluorescence to baseline), with successful longitudinal registration
gradually declining across successive sessions from >90% on suc-
cessive session to >60% comparing session 1 (S1) and S5 (Fig.
3A). As we have only one endoscope in the laboratory, recordings
were taken from one animal on even-numbered sessions but
from the other on odd-numbered sessions. Using the CalmAn

PNAS 2022 Vol.119 No.31 2107942119

constrained nonnegative matrix factorization—extended (CNMF-e)
(see Materials and Methods and Table 1 the total number of longi-
tudinally registered cells identified from the 11 animals was 913
(WT = 375; KO = 538).

The first step was to examine the neural activity of individual
cells using the AF/F measure (Fig. 3B) and the summated
mean across all cells in each animal, as in Kingsbury et al. (11),
for each 1/20-s time period of the recorded tube test sessions
(25 trials per rat; exemplar for one session of five trials in Fig.

3(0). These sessions typically lasted 100 s to 350 s of which a
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Fig. 2. Behavioral analysis. (A) Timeline across 10 sessions of the six pairs of animals—three WT and three FXS. Note the strong dominance in three pairs
of animals but a more varied and moderate pattern of dominance in the other three pairs. (B) Number of occurrences of behaviors per five trial sessions
over 10 sessions averaged for the three strongly dominant cages (Top, green) and the three more moderate dominance cages (Bottom, orange). Note pre-
dominance of periods of STILLNESS, that RETREAT and WITHDRAWAL were not seen in the strongly dominant animals, and that there was a more uniform
pattern across winners and losers in the case of moderate dominance. (C) Correlation matrix showing probability of behavior of animal A as a function of
the cooccurrence of different behaviors in animal B (and vice versa). Note high PUSH/RESIST correlations, and absence of RETREAT and WITHDRAWAL in

strongly dominant animals. Means +1 SEM.

large proportion was the intertrial interval when the animals
were outside the Plexiglas tube (white; data from these periods
was not analyzed). Time series plots of the within-tube normal-
ized cell activity (black line, normalized scale on the y axis) reveal
diverse patterns, including periods of quiescence, activity, and
activity bursts (Fig. 3C). The different behaviors observed are
color coded. The exemplar is a pair of rats (H4093 and H4094)
in which the imaged animal was the loser of this series of con-
tests. Trial 1 (T1) shows relative high activity and bouts of
RESIST/PUSH/RESIST by the eventual loser (Fig. 3 C, Top),
notably during two long PUSH periods by the winning competi-
tor (Fig. 3 G, Bottom). Later in the same trial, PUSH by the win-
ner is associated with RESIST/RETREAT and eventually
WITHDRAWAL by the loser, with clearly detectable changes in
the pattern of mean activity at any one time point. However,

4 of 12 https://doi.org/10.1073/pnas.2107942119

from T2 onward, it is quite striking how much time is spent by
the winning animal (Fig. 3 C Bortom) in STILLNESS (blue).
Two examples of the complexity of the pattern are as follows: 1)
In T4, the second period of PUSH by the imaged animal is
accompanied by a stable low value of AF/F until the competitor
starts to RESIST, whereupon the mean activity rises dramatically;
2) in T5, the winning animal is in STILLNESS, whereupon, at
320 s, it shows a dramatic rise in mean activity which coincides
with RESIST by the other animal and then subsides, with the
trial ending through WITHDRAWAL of the loser. Thus, careful
inspection reveals that perception of the social dimension was
apparent even in this normalized multicell activity.

Fig. 3D shows the normalized mean overall neural activity
(AF/F) for all successfully recorded animals. As in Fig. 2, the
strong winners/losers (green) are considered separately from the

pnas.org
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Fig. 3. Neural activity in identified regions of interest. (A) Mean Longitudinal registration of the animals across five sessions (S1 to S5, n = 11) and exemplar
of longitudinal registration of ROIs with respect to maximal fluorescence in individual animals within each session (Inscopix) across four sessions. ROIs are
hereafter referred to as “cells.” Note the decline of likelihood of longitudinal registration across multiple sessions (Scale bar, 100 pm.). (B) Neural activity (AF/F)
of an exemplar series of five individual cells showing the typical sharp rise time of luminance and slower decay time. These two parameters are conflated in any
computation of mean neural activity. (C) Mean neural activity on each of five trials of a daily session aligned to an animal's own behavior (H4093, Top) or to the
observed behavior of the other animal (H4094, Bottom). Note the striking peak during PUSH and RESIST” (respectively), and sometimes during STILLNESS, as out-
lined in the text. Respective behaviors are color coded beneath the two images. (D) Normalized mean neural activity (AF/F) averaged across all cells and each
of the five daily trials, categorized with respect to whether the animals were strongly dominant/clearly submissive or were displaying more moderate dominance
(n=11,ns =2, 3,3, and 3, respectively). A difference in mean neural activity is shown as a function of the strength of dominance. (£) Normalized mean neural
activity (AF/F) averaged across all winning and losing trials. Note that it confirms that the mean AF/F is related to the strength of the dominance status (n = 11).
(***P < 0.0001). Means +1 SEM.

moderate winners/losers. Mean activity is high in strong win-
ners (a stable normalized score of circa 0.4 through the session)
but much lower in the clear losers. Conversely, the mean activ-
ity patterns of the moderate subgroup (7 = 6) are more equiva-
lent with, if anything, the trend paradoxically showing losing
animals to have slightly higher mean activity. Inhomogeneity of

PNAS 2022 Vol.119 No.31 2107942119

variance precluded the use of an ANOVAR, so we used a non-
parametric test with the strong subgroup. These revealed that
the difference in mean activity between winners and losers
was highly significant in the case of strong dominance pairs
W 0.39; L = 0.20; Mann-Whitney U = 1, df 23,

P < 0.0001). The comparison of winners and losers in the

https://doi.org/10.1073/pnas.2107942119 5 of 12



moderate subgroup was not significant (W = 0.29; L = 0.33;
Mann-Whitney U = 85, df 28, P > 0.3). Fig. 3F plots the
normalized mean AF/F of individual animals considering win-
ning trials and losing trials separately. The mean AF/F on win-
ning trials was higher than on losing trials (paired samples # test
t=6.69, df = 130, P < 0.0001). The difference appears stron-
gest in the contrast between strong winners and losers.

Relationship of Cell Firing to Behavior. Using Online Active

Set method to Infer Spikes (OASIS) of AF/F signals, we inferred

A Identification of Ca?* events
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C Example of a unique Retreat cell
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time-stamped activity corresponding to the sharp rise in ampli-
tude that we hereafter consider as cell firing “events” (Fig. 44; see
Materials and Methods). Sessions were characterized by multiple
time-stamped events across trials from which we computed a
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shows the event train for an exemplar unique PUSH cell (overlaid
with corresponding behaviors during their time periods in dis-
tdnct colors), with T1 time-expanded (below) to illustrate the

B Example of a unique Push cell

T1
4 I| |
20s ‘
o AN
—

T2

T3 T4 T5

Move Forward | Retreat
Push Stillness
Resist Withdrawal

D % of cells

T5

Move Forward
Push
Resist

E Percent unique cells per behavior

304 @®Strong

O Moderate

G Reliability of the unique cells

Push bouts
0.6
2 o
8 S04
= Qe
] 8
o 2
El So2
g a
=1
0
12345 MF PResRetS W

Stillness
Withdrawal

MF P ResRet S W

Retreat

Mixed

Unique

F Rate of firing of the unique cells

057 .

0.4 °

"

0.31

L]
.
0.2
014 o % $ %
.
ol 12 [
MF P Res Ret

Firing rate (Events/Second)

H Unique cells: Firing rate vs. Reliability

Unique RESIST cells

% of reliability N
0 ~ o
[=} o (=]

n
@

[
MF P ResRet S W

Fig. 4. Identification of Ca®* events and their correlation with behavior. (A) Event identification software takes the smoothed AF/F time signal (Top, gray); it
identifies discrete events that cross a predefined threshold (Top, black dots) and time stamps these events (Bottom). (B) Exemplar of a unique PUSH cell
activity during one session (Top) and in one expanded trial (Bottom). All the behaviors are represented with different colors. Note that the activity of the cell
clearly overlaps with the PUSH behavior. (C) Exemplar of the distinct category of a unique RETREAT cell activity during one session (Top) and in one
expanded trial (Bottom). (D) Percentage of recorded cells classified as unique (26.6% =+ 3.1, n = 10) and mixed (2.4 % +0.9, n = 10). (E) Percentages of cells
classified as unique for one behavior. Note that the moderate animals (white dots) have more cells per behavior, except for STILLNESS (n = 10). (F) Rate of
firing of the unique cells. Note that, despite STILLNESS being the most frequent behavior and having the highest number of specific cells, its mean firing
rate is low. (G) Reliability of the unique cells inside a session. (H) Firing rate vs. reliability plots of the unique-RESIST cells across all the behaviors. Each
session was treated independently with cells pooled across sessions. Note that the values are clearly higher for the behavior that they are encoding, which
illustrates a complementary way of establishing the correct behavior classification of these cells (***P < 0.0001, n = 19). Means +1 SEM.
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close correlation between the activity of this cell and the act of
pushing. Similarly, Fig. 4C shows the event train for an exemplar
unique RETREAT cell throughout an exemplar five-trial session
with, again, a clear correlation between the cell activity and the
retreating behavior. Unique cells were observed in all six behavior
categories, although those for STILLNESS cannot be interpreted.
For each session, the MIS (bits) was computed between each cell
event train and the six behaviors—a cell was classified as a unique
behavior-specific cell if it superseded the 95th percentile of a
randomly generated MIS distribution of shuffled activity with
original behavior (SI Appendix, Fig. S1). This was computed
independently for all six behaviors, with cells classified as unique
for two behaviors in a single animal and categorized as “mixed
cells” (Fig. 4D). The total number of unique behavior-specific
cells was 262 at the 95% MIS criterion (26.6%) with 26 mixed

A Example of a Push-other cell

cells (2.4%). There were a further 571 nonspecific cells (57.2%),
the remainder being 13.9% coincident activity cells (Fig. 5; see
Materials and Methods). There was no relationship to the domi-
nance status of the animals (ANOVA F = 1.13, df 2/4, P =
0.41), or to the strength of this status (ANOVA F < 1). Fig. 4F
reveals the proportion of unique cells across the six behavior cate-
gories with a relationship to the strength of the dominant status
(ANOVA F = 9.27, df 5/10, P = 0.002). Fig. 4F shows the
mean rate of firing (circa 0.15 events per second; computed as
the number of events divided by the total time that unique
behaviors were occurring; not significantly different across behav-
iors, F < 1). Reliability was measured by examining whether the
activity of a unique cell occurred on all or subset of the behavioral
bouts of a single session (Fig. 4F). Across all unique cells, reliabil-
ity was relatively high (mean = 56.5%). With the identification
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only when the other animal pushes (Top). Note that the imaged animal (H4089) is the winner (W) in T2 and T4 and is the loser (L) in T1, T3, and T5, since this
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Table 1. Key resources

Reagent or Resource

Source

Identifier

Bacterial and virus strains
AAV1.CamKIl.GCaMP6f.WPRE.SV40

Deposited data
Excel files of data
Experimental models: organisms/strains
Rats (Male Long Evans-Fmr1em1/PWe)
referred in text as Fmr1 KO

Software and algorithms
IDPS

CNMF-e
OASIS
MATLAB
SPSS
Image)
Other
Inscopix Miniature Microscope system

(nVista)
Microinjection syringe pump

GRIN lens, baseplate

Addgene
https://www.addgene.org/100834/
#100834-AAV1

Laboratory

Breeders from
SAGE Labs, now https://
horizondiscovery.com/

https://www.inscopix.com/software-
analyzis#software_idps

https://github.com/zhoupc/CNMF_E

https://github.com/j-friedrich/OASIS

https://www.mathworks.com/products/
matlab.html

https://www.ibm.com/uk-en/products/
spss-statistics

NIH

https://imagej.nih.gov/ij/index.html

https://www.inscopix.com/nvista

https://www.wpiinc.com/var-8091-
microinjection-syringe-pump-with-
smartouch-controller

https://www.inscopix.com/lenses-viruses

Cat#100834-AAV1

Attached

In-house breading (The University of
Edinburgh) Identifier: FMR1-HRB

Version 1.5

Zhou et al. (28)

Friedrich et al. (29)

Version 2019b

Version 25

Version 53

nVista v3.0

Order code # UMP3T-1

Lens (1.0 mm x 9.0 mm)

Superbond (dental cement)

https://www.prestige-dental.co.uk/

Baseplate standard
superbond-universal-kit

product/super-bond-universal-kit/

iHELMET (3D printed parts)

https://www.sciencedirect.com/science/
article/pii/S0165027021000443

Saxena et al. (18).
.STL files are in the supplementary

for this
3D printer https://www.makerbot.com/3d-printers/ PLA printer
Normal donkey serum Sigma Aldrich D9663
Triton X-100 Sigma Aldrich T8787
Mouse Anti-GAD67 Sigma Aldrich MAB5406 clone 1G10.2
Guinea pig Anti-NeuN SYnaptic SYstems 266 004
Donkey anti-mouse Alexa 647 Thermo Fisher A-31571
Goat Anti-Guinea pig 1gG Abcam ab102370
Cy3-conjugated
Fluoroshield with DAPI Sigma Aldrich F6057

of unique cells being a key finding, we show the example of
unique RESIST cells with respect to both rate of firing and reli-
ability. Note that, even with an MIS score of >95%, there were
occasional events in those same cells during other behaviors, but
in all cases these were rare; the firing rate was significantly higher
for RESIST cells during resistance bouts compared to during
other behaviors (Kruskal-Wallis 2 < 0.0001). Moreover, the reli-
ability of the unique RESIST cells was circa 60%, whereas the
reliability of these same cells during other behaviors was low
(ANOVA F = 18.60, df = 5, P < 0.0001). Both results together
illustrate the accuracy of the cell classification based on MIS.

Up until now, we have referred to unique cells as being those
whose activity has an MIS score above the 95th percentile for a
specific behavior. Fig. 5 introduces a new distinction concerning
whether cells show a unique relationship to the animal’s own
behavior or to that of the other animal. The tube test is, of course,
a social situation; cell firing may be unique-own or unique-other.
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An exemplar of a unique-other cell is shown in Fig. 54. This cell
was recorded in one of the animals and fired only when the other
animal pushed and went on to win in T1. A time expansion of T1
(Fig. 5 A, Lefd) shows this cell firing when the other animal pushed
with the recorded loser sometimes resisting or retreating. This pair
of animals was classified as showing only moderate dominance,
with the recorded animal losing on T1, T3, and T5 but winning
on T2 and T4 (Fig. 5A). We interpret the event train for this cell
as one that uniquely encodes the other animal pushing. Fig. 5B
shows the proportion of the different subsets of unique and mixed
cells, but now including a further category called coincident cells,
excluded from Fig. 4D for clarity. These were a further 124 cells
(13.9%) that fired only when the behavior of animal A occurred
simultaneously with a behavior of animal B. As shown in Fig. 5C,
we did not observe any significant difference in the percentage of
cells in each category related to the strength of the dominance sta-
tus for either unique-own cells nor for unique-other cells (strength
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of status x category x behavior: ANOVA F < 1). However, domi-
nance status did interact significantly (status*category*behavior:
ANOVA F = 8.35, P = 0.002, df 5/10). The final measure calcu-
lated was intersession consistency of the two types of unique cells.
Whereas reliability refers to cell/behavior correlations within a ses-
sion, consistency is a measure of engagement across sessions with
respect to encoding of any behavior (orange) or of a specific behav-
ior such as PUSH, RESIST, or RETREAT. Fig. 5 D, Left gives
examples for seven cells from one animal (H4011). Cell 71 is an
example of high consistency across sessions (5/5) but in which the
specific behavior encoded changes from session to session. In con-
trast, C87 shows lower consistency with respect to encoding any
behavior (2/5 sessions). Fig. 5 D, Right shows the intersession con-
sistency which was circa 30% for the overall encoding (Enc,
orange) and 20% for the specific cells per behavior, both measures
being much lower than for reliability.

Discussion

There were two main findings. First, the mean cell activity
(AF/F) across all cells in PrL of the mPFC of individual ani-
mals reflected relative dominance, being higher in strongly
dominant and lower in highly submissive animals than in pairs
of animals displaying more-moderate and interchanging pat-
terns of dominance. Second, interanimal analyses revealed
exacting MIS-computed correlations between Ca* activity in
specific longitudinally registered regions of activity and specific
behaviors. Unique cells were identified that correlated with an
animal’s own behavior (unique-own) or the other animal’s behav-
ior (unique-other). Coincident cells were also observed reflecting
the joint behavior of the two animals competing in a tube test
contest. We also made observations of within-session reliability
and intersession consistency of the cell behavior correlations.

Detailed inspection of the data revealed that specific behav-
iors, such as pushing, resisting, and stillness, were frequent
(Fig. 2). Retreat and withdrawal were more frequent in losing
animals, but pushing was of a longer duration in very dominant
winners. Stillness was also very frequent, but it is unclear what
social engagement is happening during such periods. The focus
of our analysis was on identifying whether there was cell activ-
ity in PrL that was uniquely correlated with these or other
behavior categories, and the significance of the correlation
assessed using a rigorous MIS (Figs. 4 and 5). Our findings of
unique-own, unique-other, and coincident categories build on
this concept, including that their relative frequency is reported
and is surprisingly similar (Fig. 5B). That there are cells in
PrL that are uniquely correlated to a dominant animal’s own
pushing behavior is unsurprising given earlier observations
using tetrode recording (10). However, we also observed 3%
push-other cells that fired when the other animal was push-
ing (exemplar cell in Fig. 54), and a smaller but significant
number of RETREAT-other and withdraw-other cells (Fig.
5C). WITHDRAW -other cells are a particularly interesting cat-
egory, as they are seen in winning animals when they were not
engaged in any other behavior than stillness. The stationary
winning animal could have only observed the losing animal
withdraw. Our use of MIS scores above the 95th percentile cri-
terion for significance also enabled us to separately identify
coincident cells, namely, cells that fired only when one animal
executed behavior A while the other animal was doing behavior
B. The existence of these distinct categories supports our per-
spective that the activity of cells in PrL during social domi-
nance encounters reflects a cognitive rather than a purely
behavioral dimension of the situation.

PNAS 2022 Vol.119 No.31 2107942119

Whereas single-cell recording has classically been examined
in relation to the perception, location, actions, or decisions of
an animal from which recordings are being taken (14-17), a
social situation introduces the intriguing possibility that neural
activity in animal A is responding to some facet of the behavior
of animal B. With growing interest in social neuroscience, a
wider facet of our results is that they constitute data having the-
oretical and methodological implications. In studies in nonhu-
man primates, the discovery of “mirror neurons” introduced
the concept that activity in a motor area of the brain may be
responsive to a specific action of the agent from which the
recordings are being taken and to the same action undertaken
by a different agent (19). The representation of the actions by
others has also been observed in a study of social agency
between two monkeys (20). In certain game-playing situations
in which two monkeys cooperate in playing a game, patterns of
single-cell firing have been observed in STS that correlate with
acts of cooperation (21). Related to this, the concept of “theory
of mind,” having to do with interpreting the intentions and
actions of others, has also been intensively investigated in
human neuropsychology and cognitive science, and in relation
to ASDs (22).

Kingsbury et al. (11) were the first to report striking correla-
tions of activity between the two animals in a social dominance
situation, using the mean AF/F measure, leading to their statis-
tical concept of interanimal “neural dynamics.” Such correla-
tions might arise, as Kingsbury et al. themselves point out,
because both animals receive a common exogenous stimulus at
the same time (e.g., an auditory stimulus), but they conducted
relevant controls to rule out such a “common-cause” explana-
tion. They might also arise because the two animals are effort-
fully pushing against each other. We recognize and accept the
concept of “interbrain dynamics” (12), but their behavior anal-
yses did not appear to distinguish between pushing by one ani-
mal during resist by the other, because they used a common
behavioral category of push for both. As we did not have two
endoscopic cameras, we were unable to explore or extend their
central finding, but we did manage to disentangle some correla-
tions. For example, unique-own cells for pushing in dominant
animals from which imaging was being done could be distin-
guished from different cells that were active in one animal that
were also active during, for example, resist by the other animal
(our coincident cells). The mean AF/F activity of the two
brains would likely correlate very highly during this latter con-
dition. Kingsbury et al. did take the precaution (notably, in
their figure 7) of restricting their consideration to cases in
which one animal was motionless and the other animal did
something. This is suitably cautious but may not be the only
approach to disentangling cell firing related to self vs. other
with, for example, our distinction between unique-other and
coincident cells. An additional value of the behavior categoriza-
tion of individual cells is that it enabled us to ask about the
reliability of cell firing during an individual session, and the
consistency from session to session. Our data suggest that PFC
encoding is dynamic, with consistency low (circa 33% across
multiple sessions) and lower for specific behaviors.

We began this program of research to investigate possible
disorders in social dominance in rat models of ASDs, finding,
as expected, that both Fragile-X and SynGap mutant rats are
socially submissive but with dominance patterns influenced by
experience (6, 23). In secking to take this project to a neuro-
physiological level, we are now seeking to enlarge the cohort of
animals to be able to compare Ca®" signals in these different
lines with those of WT normal rats. This analysis will be
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complemented by studies in other social protocols such as
sociability and social memory, both of which are relevant to a
better understanding of the neurobiology of ASDs.

Materials and Methods

Contact for Reagents and Resources Sharing.
Further information and requests for resources and reagents should be directed
to and will be fulfilled by the lead contact, R.G.M.M. ( ).

Materials Availability. This study did not generate new unique reagents.

Data and Code Availability. The data are available at https://datashare.ed.ac.
uk/handle/10283/4373, and consists of Excel files corresponding to each panel
of each figure. The code to classify behaviorally tuned neurons is available at
https://github.com/rufusmitchellheggs/Behavioral-Tuned-Cells.

Experimental Model and Subject Details.

Rats. Adult (n = 12) male Long-Evans Fmr1®™™C hooded rats, hereafter
referred to as WT or Fmr1 KO, were used, aged 3 mo to 4 mo at the start of sur-
gery, weighing circa 350 g. The rats were housed in groups of two per cage,
with ad libitum food/water and a 12-h light/dark cycle. The Fmr1 KO rats were
generated by mating female heterozygous rats with male WT Long-Evans
hooded rats obtained from Sigma Advanced Genetic Engineering (SAGE) labora-
tories, now part of Horizon Discovery, and the offspring of the female Fmr1 het-
erozygotes crossed to WT Long-Evans hooded rats (Charles River Labs), thus
FMRP™. The WT rats were littermate matched. There were three WT cages with
n = 2 per cage, and three Fmr1 KO cages (ns = 2). All experiments were done
blind to genotype, with animals being given a colored spot on their fur (using
animal paint) and their cage number on their tail to identify them. The code was
retained by someone independent of the study.

Ethical and legal issues. All procedures related to animals, including surgical
procedures, involved a series of stages, each conducted under recovery anes-
thetic (isoflurane), according to the regulations of the Animals (Scientific Proce-
dures) Act 1986 and under the supervision of the named veterinary surgeons of
the University of Edinburgh.

Surgical Methods.

Virus injection. The animals were anesthetized using isoflurane (1 to 3%) and
mounted in a stereotaxic apparatus (Kopf). A hole was drilled in the skull, target-
ing the prelimbic (Prl) region of the mPFC at stereotaxic coordinates AP
—3.2 mm, ML 0.8 mm (unilateral infusion), and DV at both 3.7 and 4.2 mm.
The virus, AAV1.CamKI1.GCaMP6f.WPRE.SV40 (source: https://www.addgene.org)
diluted with saline to a final dilution of 1:5 (titer: 5.77 x 10'? GC/mL), was
infused using the 30G needle and a nanoinjector pump (previous virus dilution
studies were conducted to establish an optimal dilution for this brain region).
A volume of 250 nL per site was infused at the rate of 50 nl/min (5 mins). A
further delay of 5 min to allow the virus to diffuse was allowed before the needle
was retracted slowly. Beginning with an immediate postoperative injection of
rimadyl, the animals were allowed to recover for 2 wk, with postoperative
care undertaken to minimize the discomfort to the animal as per institu-
tional guidelines.

GRIN lens implantation. Three to four weeks after virus injection, the GRIN lens
was implanted at the same stereotaxic location. The animals were again anesthe-
tized and fixed in the stereotaxic apparatus. Using a trephine bur to do a very
small craniotomy above the virus injection site, followed by the creation of a
small track cut into the brain tissue overlying PrL by lowering a sterile blunt nee-
dle (18G) through the hole in the brain at the target site (DV 3.25 mm from skull
surface), we prepared for lowering the GRIN lens. When the needle reached its
target site, we paused for 5 min, and then the needle was retracted slowly; this
created a cavity which was almost the size of the lens (1-mm diameter). Using a
holder assembly, the GRIN lens was lowered into the brain slowly until it
reached a site 3.25 mm below the skull surface. Dental cement (Super Bond)
was used to secure the lens to the skull and four skull screws that had previously
been drilled into location as solid anchor points. The lens was then covered with
silicon to protect it until the final step of baseplate implantation.

Baseplate implantation. A period of ~3 wk after lens implantation is required
for the lens to become clear (clearance of implantation-associated gliosis). Using
anesthesia again, the baseplate containing a working endoscope was lowered so
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as to target the center of the GRIN lens. We followed Inscopix guidelines to lower
the baseplate until the circular border of the lens is seen, and then moved up
slightly until we saw cells and/or blood flow, whereupon, at this point, we used
dental cement to fix the baseplate. When the cement had dried and hardened,
the scope was removed gently by undoing the baseplate screw, leaving the base-
plate with the GRIN lens. The baseplate was then covered with the baseplate cover.
Protecting the endoscope. Due to the social nature of our behavioral task, we
find that the endoscope needs protection from the other animal to secure stable
Ca®* recordings. We used our three-dimensional (3D)-printed protector [called
iHELMET; see Saxena et al. (18)]. Briefly, an additional plastic baseplate surround
is secured permanently on the animal 1 d after the baseplate installation, care
being taken to align it with the baseplate in such a way that, when the endo-
scope is mounted and the iHELMET is placed, it protects the endoscope without
any direct contact with the endoscope. A cable clip on the helmet also prevents
any sharp movements of the cable from causing force on the camera to which it
is electrically connected.

Apparatus.

Behavior. The tube test assay was procedurally as in Saxena et al. (6). A 1-m
transparent Plexiglas tube, 7-cm internal diameter, served to connect two hold-
ing boxes (42 x 26 x 18 cm; Fig. 1D). In each box, bedding was placed from
the home cage of the animals to help reduce anxiety. The tube was large
enough for the rats to move freely, but to neither cross each other nor tum
around. The apparatus was modified from that of Saxena et al. (6) to include 1)
a long slit cut into the upper central part of the Plexiglas to permit lateral move-
ment of the head-mounted endoscope and attached cable along the axis of the
tube; and 2) a moveable wire-grill separator that permitted visual, auditory, and
olfactory interaction of the animals in the tube but limited somatosensory con-
tact, running on a smoothly running trolley such that the slightest movement
onto it from either animal would result in it moving effortlessly. A camera pro-
vided a direct view of the tube to record the trials using OBS recording software.
The entire apparatus was connected to custom-made Arduino-based hardware,
and we used its serial reader functionality for reading the button press (start/
stop times of the trials) into the computer.

Calcium imaging. The Inscopix data acquisition software and Inscopix nVista
imaging system (v3.0) associated with a GRIN lens are used to acquire calcium
imaging videos at 20 Hz (24, 25). The procedure for implanting the virus and
GRIN lens is described above. The endoscopic camera was mounted daily in
exactly the same place on a head-fixed baseplate and connected, via a power/
data cable, to a data receiver and then to relevant computers. Recordings were
stabilized and the camera was protected using the "{HELMET" (18). During each
trial, the experimenter was located in an antechamber separate from the animals
to limit human-animal interference.

Procedure. The training protocol consisted of habituation followed by tube test con-
tests between animals within each cage coupled to Ca?* imaging (Figs. 1£ and 24).
Habituation. One week prior to the start of the contests, small sections of the
Plexiglas tubing were placed inside each home cage, and the animals were han-
dled daily. The two animals per cage then received their color marking, and
were placed into the apparatus for 20 min. Both cage occupants were allowed to
run freely through the tubes for 5 min before being returned to the home cage.
Tube test contests. A tube test contest consisted of two rats being placed in the
holding boxes, one on each side. Both rats had an iHELMET (red or green) of
which one contained a working camera and the other a dummy camera. Record-
ings were taken from both rats on altemate sessions (1, 3, 5, etc. and 2, 4, 6,
etc.; we had only one endoscope). The rats then entered the tube and met in
the middle at the metal grid which acted as a barrier. The trial started when the
moveable barrier was unlocked. During the trial, the rats competed for domi-
nance, during which a variety of behaviors were observed (identified blind with
respect to genotype). Typically, the animals were together and relatively still for
a few seconds. Thereafter, either one rat pushed the subordinate out of the tube
(dominant) or the other rat withdrew of its own accord (subordinate), but various
other behaviors occurred during such encounters. MOVE FORWARD occurred
when either or both animals moved toward each other; PUSH occurred when
animal A pushed against the metal grid and caused it to move, often stopped by
animal B showing RESIST behavior. The roles of animals A and B in executing
PUSH and RESIST generally alternated, but not exactly in time with each other. If
animal A was showing PUSH behavior and animal B being pushed backward,
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this was called RETREAT (i.e., an enforced action); however, if animal B withdrew
of its own accord, this was classified as WITHDRAWAL (i.e., an unenforced action).
There were sometimes periods when neither animal moved or did much else;
these were classified as STILLNESS, but this could include sniffing, grooming, or
other activities that do not involve forward or backward motion. A trial was
defined as ending when the first rat retreated or withdrew into the holding box
from which it started. This rat was recorded as the "loser," and the other was
recorded as the "winner.” Each pair of rats underwent five trials each session,
alternating their starting positions from left or right, to obtain a secure measure
of dominance (5:0 wins/losses, 4:1 or 3:2). One session of each of 10 sessions
was completed each day. Randomization of the pair sequence and cage
sequence was applied so that both changed every session. Trial latency was
taken as the time (seconds) to complete one trial. All trials included both behav-
ioral observation and Ca®* imaging. Each animal had an iHELMET, but only one
animal had a real nVista, the other wore a “"dummy” camera (the camera is
expensive). The animal from which recordings were being taken altermated
across days. Video recordings were taken at the same time.

Data Analysis.

Behavioral labeling. The data analysis proceeded in stages. With respect to
behavior, the videos of all four animals were analyzed using BORIS software
(26), with the occurrence of six different categories of behavior examined on a
frame-by-frame basis and time stamped to 1/20-s resolution (the same as the
frame rate of the Inscopix camera). Thus, we knew when each behavior began
and ended to that temporal resolution.

Single-photon calcium imaging. For Ca>* recordings, the field of view was
preprocessed by first applying a low and high spatial band-pass filter (o0, =
0.0005 and opgn = 0.5), then motion correcting by aligning each frame to a
manually selected high-activity reference frame (both algorithms were used
within the Inscopix data processing software [IDPS, Inscopix (27)]. The subse-
quent preprocessed recordings were then exported as a tiff file, cell ROIs were
extracted, and their respective AF/F were computed using the CNMF-e python
API (28). Cells were longitudinally registered across multiple sessions by reading
the CNMF-e identified ROIs into the Inscopix IDPS environment and using their
internal registration algorithm to align ROIs across days. Finally, event detection
was computed using the OASIS package (29) (as found in CalmAn). Care was
taken to use individual animal noise thresholds (stable across sessions) to iden-
tify events. A low threshold risks assigning noise to “events,” whereas a high
threshold misses “events” (typically, we adapted the “s_min" parameter to be
between 0.2 and 0.3). We identified an appropriate threshold to optimize the
signal-to-noise ratio for each cell in each animal and maintained that threshold
across all longitudinally registered sessions (the threshold changing to 0.1 and
others at 0.4 in rare cases). Having identified Ca®* events, and time stamped
them, it was then possible to align the behavior and Ca®* time series exactly.
Visual inspection of output data was used to verify correct performance of the
cell identification and event detection algorithms.

Behaviorally tuned neurons. Each neural event train was convolved with a
Gaussian function (¢ = 12.5 ms, window width of 2 &) to obtain a time series
of instantaneous firing rates. The Kraskov MIS was then calculated independently
between each neuron and each behavior (30). Neurons were classified as encod-
ing a specific behavior during a session (i.e., five trials) if they met the following
criteria: 1) Calcium transient events were present in over 34% of the behavioral
occurrences, and 2) the cell achieved an MIS greater than chance. Chance-level
mutual information for a cell was determined by performing 2,000 shuffles of a
cell event train and calculating the mutual information between each shuffled
event train. The cell was considered as encoding a specific behavior cell if its MIS
exceeded the 95th percentile of the values for the shuffled data. Al the cells clas-
sified as encoding a specific behavior were verified with a visual inspection.
Behaviorally tuned neuron characteristics. For all behavioral encoding
neurons, the “reliability" was calculated as the percentage of within-session
behavioral occurrences that a neuron fired, and their “consistency” was calcu-
lated as the percentage of sessions in which the neuron was classified as
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Mice (Wiley, Hoboken, NJ, ed. 2, 2006).

3. G.Lindzey, H. Winston, M. Manosevitz, Social dominance in inbred mouse strains. Nature 191,
474-476(1961).
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encoding a specific behavior. The event rate was calculated as the number of
events divided by the duration of behavior (seconds) to yield events per sec-
ond-these were then averaged across behavioral occurrences and across
all sessions.

Terminology. We followed standard usage in Ca®* imaging studies for defin-
ing specific terms. When the camera displays a Ca®* transient, we refer to this
as an event, and events occur at a certain rate. Such transients happen in an ROI
on the screen image of the endoscope, and these ROIs are considered as cells.
Thus, events are cell firing. Longitudinal registration with respect to the x,y loca-
tion of the RO, identified via the stable physical location of ROIs in the camera
image (31), enables a single cell to be followed across days (Fig. 34). Events
may occur at a single cell only during specific behaviors in the tube test (self or
other or both), or during multiple behaviors, and thus their categorization was
into unique cells which show specific events only during one behavior, coinci-
dent cells (unique behaviors in one animal of a pair simultaneously with a
unique behavior in the other animal), mixed cells (any two behaviors in a single
animal), or nonspecific cells (three or more behaviors). We distinguished
unigue-own, unique-other, and coincident cells. We also measured rate of firing
(events per unit of time that a specific behavior was happening), and so could
measure separately the number of cells by behavior category and the rate of
events per category.

The citical feature of our correlational methodology was the principle of
"mutual information.”

Histology and Histochemistry. At the end of all recording, the animals were
perfused transcardially with cold PBS (phosphate buffer saline, P4417 Sigma
Aldrich) and fixed using 4% formaldehyde in PBS (prepared from Paraformade-
hyde, Sigma Aldrich 441244). After cryopreservation in 20% sucrose, coronal sec-
tions (60 pm thick) were cut on a cryostat and then visualized (endogenous
GCaMP and staining signal) using a Nikon ATR confocal microscope. In all ani-
mals, the lens was targeted correctly to PrL as identified from the Rat Brain Atlas.
For immunofluorescence staining, slices were permeabilized in PBS 10% NDS
(normal donkey serum, Sigma Aldrich D9663) 0.3% Triton X-100 (Sigma Aldrich
T8787) for 30 min, then incubated in PBS 10% NDS 0.1% Triton X-100 with
1:1,000 mouse Anti-GAD67 Antibody (Sigma Aldrich MAB5406 clone 1G10.2)
or 1:500 guinea pig Anti-NeuN (SYSY 266 004) overnight at room temperature.
The next day, three 10-min washes with PBS 0.1% Triton X-100 were performed,
then slices were incubated in PBS 0.1% Triton with 1:200 donkey anti-mouse
Alexa 647 (Thermo Fisher A-31571) or 1:200 goat anti-guinea pig Cy3 (Abcam
ab102370), After three washes in PBS, slices are mounted in Fluoroshield with
DAPI (Sigma Aldrich F6057). Confocal images were acquired with air objective
20x Plan Apo VC/NA 0.8, and the pinhole was set to 1.5 AU; 405-, 488-, 561-,
and 633-nm laser lines were used to acquire the DAPI, GCaMP, Cy3, and Alexa
647 channels, respectively. Image processing was done with ImageJ (NIH).

Quantification and Statistical Analysis. Standard statistical tests were used,
as data demanded, with the SPSS statistical package v25 used for these tests.
Statistical significance was defined with o < 0.05, with all F values and degrees
of freedom stated. Specifications were described in the respective results and fig-
ure legends. All of the bar graphs with error bar represent mean + SEM. Line
graphs with error bars represents mean + SEM.

Data Availability. Excel files and Python code have been deposited at https:/
datashare.ed.ac.uk/handle/10283/3888. The code to classify behaviorally tuned neu-
rons is available at https://github.com/rufusmitchellheggs/Behavioral-Tuned-Cells.
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A challenge in spatial memory is understanding how place cell firing contributes to
decision-making in navigation. A spatial recency task was created in which freely mov-
ing rats first became familiar with a spatial context over several days and thereafter were
required to encode and then selectively recall one of three specific locations within it
that was chosen to be rewarded that day. Calcium imaging was used to record from
more than 1,000 cells in area CA1 of the hippocampus of five rats during the explora-
tion, sample, and choice phases of the daily task. The key finding was that neural activ-
ity in the startbox rose steadily in the short period prior to entry to the arena and that
this selective population cell firing was predictive of the daily changing goal on correct
trials but not on trials in which the animals made errors. Single-cell and population
activity measures converged on the idea that prospective coding of neural activity can
be involved in navigational decision-making.

hippocampus | place cells | spatial navigation

A challenge in understanding spatial memory and spatial navigation is explaining how
the former contributes to the latter. It is generally accepted that place cells (PCs) in the
hippocampus constitute a “cognitive map” of the external space and that maps are used
for navigation (1, 2). An outstanding question is how these two aspects can be linked—
how information stored in the map can be accessed to guide choices about navigation.
Numerous neurobiological studies have shown that laboratory animals readily learn to
direct their spatial navigation accurately from one known place to another. This has
been observed in diverse tasks such as the Barnes Maze (3) and the watermaze (4), with
accurate navigation lost after hippocampal lesions. The cognitive map theory defines hip-
pocampal PCs as active only in a particular position in a specific environment. How
then can PCs corresponding to distal places A, B, or C contribute to appropriate naviga-
tion when the animal is starting his navigation from a remote start place S?

One solution might be to represent the animal’s location in vectorial terms with
respect to relevant landmarks or goals. This has found support in the discovery of
object vector cells in the rat entorhinal cortex (5) and goal-oriented vector fields of PCs
in the hippocampus of bats (6) and, recently, of rats (7). Modulation of in-place activ-
ity has been reported depending on future paths or goal locations (8-10). However,
this solution may not explain the decision-making aspect entailed in flexible choices,
such as the decision to go from place S to place A but not to other places. With respect
to decision-making, one suggestion is that occasional out-of-field neural activity might
be used. For example, the look-ahead activity of hippocampal CA3 PCs at decision
choice points has been reported in rats running in figure-of-8 mazes (11, 12). Activity
replay, a phenomenon first identified during sleep (13) or rest (14) after daytime expe-
rience, was later found to be involved in the out of-field reactivation of PCs during
awake navigation to a learned home-goal from random locations (15). Replay could
therefore be a possible way for the brain to selectively accesses spatial information
beyond the current location. It could sometimes reflect intended navigation and has
therefore been labeled as prospective replay. The role of replay during decision-making
has been actively debated in the literature, with different groups suggesting that
replayed events may reflect future paths (15, 16), paths to be avoided (17), new or
updated learning (18), or the remembering of past trajectories (19). Hence, we sought
to observe the neuronal signature of decision-making when rats learn and use newly
acquired information to navigate to distinct locations across different sessions.

Four key issues guided the experimental design. The first, following Pfeiffer and Fos-
ter (15), was to visually monitor enough cells simultaneously in an individual animal
because only a subset may participate in navigational planning. The second was to be
sure of recording from the same cells across days in order that firing on one day, when
the animal may learn to go to A, can be compared to that seen on another day when it
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encodes the new location that day and remembers to go to B or
C but not A. The widely used multiple single-cell tetrode
recording technique addresses the first issue with excellent tem-
poral resolution but is less suitable for the second because one
cannot be certain that a specific cell on day N is also recorded
on day N+1. Indeed, it is not uncommon for tetrodes to be
advanced slightly from day to day in search of additional cells.
The third issue was to devise a suitable behavioral task for the
navigation problem in which the animal must encode which of
the three distinct targets in a familiar spatial context is correct
on any day and direct its navigation appropriately to the most
recent correct location. The fourth issue is to ensure that the
chosen technique does not pose too heavy a constraint on the
behavioral protocol, with behavioral performance being mini-
mally influenced (20). The present study meets all four chal-
lenges. It uses an event arena in which rats are trained over
many days (28 or more) and thereby become familiar with the
testing context. They develop a stable spatial map whose PCs
can be repeatedly mapped during a daily 10-min exploration
phase. The target location of A, B, or C of the animal’s naviga-
tion from a start location S was varied from day to day. In
effect, the daily task is a spatial “recency” task in which one
location, but not the other two, is identified as the rewarded
target for that session. The study deploys calcium (Ca®*) imag-
ing, which has recently been used to monitor neuronal activity
during learning and neuronal reactivation (21, 22), as the
recording technique of choice. This provides high cell numbers
and ensures day-to-day reproducibility and stability, albeit at
the expense of temporal resolution. The Ca**-transients were
monitored using a gradient refractive-index (GRIN) lens
directed at area CA1 of the hippocampus in freely moving rats.
Using both single-cell and manifold population analyses of cell
firing, we reveal a solution to the navigation problem.

Results

Calcium Imaging in Rat CA1. To record from freely moving rats
performing the spatial memory/navigational task, we used min-
fature endoscopes (miniscopes) originally introduced by the
Schnitzer group (23, 24). Successful recordings in CA1 have so
far been performed in mice, but we sought to adapt the tech-
nique to rats and were successful in recording from hundreds of
cells per animal (in this study, 1,146 neurons from 6 animals,
mean = 191 + 43 SEM). A key step required in rat was to aspi-
rate beyond the fibers of the corpus callosum to invade also
some of the myelinated fibers of the alveus that would other-
wise limit the visibility of CA1 neurons from the GRIN lens
(Fig. 1A and SI Appendix, Fig. S1). This was achieved with care
resulting in minimal damage to stratum oriens. When the minis-
cope was fitted to its baseplate on each day (Fig. 1B), its view
through the GRIN lens that had been lowered during surgery to
the outer surface of the hippocampus allowed the imaging of
Ca®*-transients from pyramidal CAl neurons (Fig. 1C and
SI Appendix, Fig. S2). It proved possible to record stably from
large numbers of neurons simultaneously with high signal to
noise (SI Appendix, Fig. S2A). After the raw camera videos were
processed (Fig. 1 D, Lef), recordings were processed to identify
individual regions of interest (ROls; Materials and Methods)
with the CalmAn constrained nonnegative matrix factorization-
extended (CNMF-E) algorithm (Fig. 1 D, Righs). The Ca**
activity associated with individual ROIs, which likely corre-
sponded to single cells, could be readily distinguished (Fig. 1)
and monitored during distinct exploration, sample, and choice
phases of the daily behavioral task (see below). On the top rows
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of Fig. 1F, the correspondence between CNMF-E traces and the
fluorescence profile of the resulting ROIs expressed as AF/F can
be seen. Individual Ca®* events were detected from CNMF-E
traces (Fig. 1F). An ostensible virtue of Ca** imaging is the abil-
ity to monitor neurons across days by matching corresponding
ROIs and thus explore the consistency of cell firing and its
behavioral and spatial correlates across training sessions (24, 25).
We were able to obtain stable fields of view and record from the
same cells across periods of 4 sessions (Fig. 1G and SI Appendix,
Fig. S34) and for as long as 30+ days (S/ Appendix, Fig. S3B).
This stability is shown for two illustrative cells (nominally called
1 and 2 in Fig. 1 G, Middle) across sessions 18 to 21 of training.
Around 80% of neurons could be reliably found across sessions
(Fig. 1H). We confirmed that our recordings came from excit-
atory neurons expressing the calcium sensor GCaMP6f (26)
from the CamKII promoter. GCaMP6f expression overlapped
with the pan-neuronal marker NeuN but not with the inhibitory
neuron marker GADG67 (SI Appendix, Fig. S4). To our knowl-
edge, only one recent study (27) has been published using
single-photon calcium imaging in rac CAl. This confirmed the
presence of PCs, and our findings build on theirs as an applica-
tion of this technology to freely moving rats undertaking flexible
spatial choice behavior.

“Everyday Memory” Task. The concept of everyday memory
(28) is that a great deal of information is encoded incidentally
during daily life that is typically retained selectively for not
much more than a day. In our model of this phenomenon,
food-restricted rats were trained during a sample phase to
retrieve food pellets from a single sandwell in a square arena
whose location changed daily. There was no requirement to
learn, as it was not a trial requiring discrimination between two
choices, but the animals were rewarded at the daily location
that was encoded. This daily training was preceded each day by
an exploration phase of the entire arena in which the 3 possible
locations for this rewarded sandwell were initially empty (Fig.
1J). Access to the arena from a startbox (blue) was via an auto-
mated entry door. The exploration phase lasted 10 min during
recording sessions. The sample phase (6 trials) then began in
which the animals now found that one of the possible sandwell
locations had sand in it (green in Fig. 1)) that, were the animal
to dig, would reveal accessible food pellets. The food pellets are
large (0.5 g) such that the animals have a natural disposition to
carry them back to the startbox to eat. All animals quickly
returned to the startbox after retrieving each pellet one by one.
The other two possible sandwell locations were empty, with
food pellets in an underlying inaccessible compartment to
ensure uniform olfactory cues (29). After 45 min, the choice
phase (6 trials) began in which the animals were now con-
fronted by 3 identical-looking sandwells, of which only the one
used in the sample phase contained an accessible food reward
(win-stay). The animal’s path from the startbox around the
arena and among the sandwells was monitored on both sample
and choice trials. On the next session, one day later, the posi-
tion of the correct sandwell changed to a new location in a
quasi-random order. Over time, the probability that the ani-
mals would preferentially approach this sandwell during choice
trials improved (F = 2.88, df = 21, P = 0.034; Fig. I) such
that, by sessions 18 to 21 (shaded green; Fig. 1), the animals
reached an asymptote of performance of 90.6 + 3.5% correct
(mean + SEM, Student’s 7 test t = 11.61 relative to chance,
df =7, P < 0.0001; here and throughout the text, full statistics
information is reported in SI Appendix, Table S1; Fig. 1/, and
SI Appendix, Fig. S5). The time taken by the animal to reach
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Fig. 1. Miniscope calcium imaging in rat CA1. (A) Schematic of rat hippocampus CA1 area. The hippocampus is overlaid dorsally by alveolar fibers and cal-
losal fibers. GCaMP6f is expressed in CA1 pyramidal neurons (depicted in green). (B) The GRIN lens is implanted to reach the outer surface of CA1 and
cemented to the animal's skull. A baseplate is attached externally to allow the daily positioning of the miniscope and recordings from the same neurons
across multiple sessions. (C) Histological analysis confirmed the positioning of the GRIN lens as above stratum oriens of CA1. In green, own GCaMP6f fluo-
rescence; in blue, DAPI staining of nuclei. Scale bar, 250 pm. The dashed line indicates the position occupied by the GRIN lens. (D) FOV of rat CA1 seen as
recorded with the miniscope. The image displays the green fluorescence seen through the 535/50 filter from 475-nm illumination; note the occasional blood
vessels and some brighter or active cells in the frame. Scale bar, 100 pm. On the Right, projected AF/F of the video on the Left. After processing, the signal is
normalized in AF/F units, and maximum projection is shown to display active cells. () The CNMF-E algorithm was used to identify neurons. Representative
temporal traces for 12 cells of the animal in D; note that the beginning of the recording is shown. The corresponding cells are highlighted on the cell map
on the Left. (F) Event detection was performed with the OASIS algorithm from CNMF-E traces. The calculated AF/F profile of the applied mask is shown to
compare the data traces with the CNMF-E output. (G) Longitudinal registration across consecutive sessions (518 to 521). Superposition of the projected AF/F
recordings for the four sessions confirms the consistency of the FOV. In the Middle, the corresponding FOV is presented; scale bar, 100 pm. In the two Insets,
two representative cells are shown as they are identified in the four sessions. (H) Pairwise comparison of common cells between sessions. A large propor-
tion of cells is detected and identified across multiple sessions. Average + SEM, n = 6 animals. Note that the comparison of each session with itself is 1 by
definition. (/) Schematic of the behavioral task in the everyday arena. Each session is made of three phases, as follows: exploration in the arena (10 min),
sample phase (6 trials), and choice phase (6 trials). The text and Materials and Methods contain details. The startbox location from which the animal starts
and then returns to eat the rewards is depicted in light blue. Each session, the identity of the rewarded sandwell changes. Ca®* recordings are typically lon-
ger and are synchronized with the behavioral video with a transistor-transistor logic (TTL) pulse. (/) Behavioral performance increased over sessions, as ani-
mals committed fewer errors in identifying the correct sandwell during choice trials. Average + SEM. For each animal, the average number of errors in the
first three choice trials is expressed as performance that assumes a value of 0.5 at chance (Materials and Methods). The sessions highlighted in green are the
recorded sessions considered in this work. Session effect, P < 0.05, one-way ANOVA. Here and in all later instances, full statistical details are reported in S/
Appendix, Table S1. (K) Example trajectories of an animal performing in the choice phase at different stages of learning (502, S09, and S19). Note how trials
become more directed and fewer errors are committed.
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the sandwell that was most recently correct also declined across
sessions (SI Appendix, Fig. S5A). In the last 2 sessions, a probe
trial was performed in which the sandwells were covered with
sand but had no accessible food reward. The animals tended to
focus their digging for food preferentially on the correct sand-
well (correct-incorrect effect, P < 0.001, two-way ANOVA;
SI Appendix, Fig. S5C). It is important to note that the learning
curve of Fig. 1/is not gradual learning of the spatial map of the
arena and the 3 possible sandwell locations; such context learn-
ing is likely accomplished in the earliest sessions. Instead, it is
the acquisition of the principle of using memory recall to
approach the most recently rewarded location (spatial recency
memory). Fig. 1K plots the paths taken by a representative ani-
mal at different stages of learning (in this example, sessions 2,
9, and 19). As the animal became more proficient in the task,
more direct paths were taken and fewer errors were committed.
Thus, the behavioral task created an ideal daily neuronal
recording session in which there is a defined starting location,
three geometrically distinct targets, and the opportunity to fol-
low directed navigational paths from the start to the most
recently valued target and back home again. We therefore
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focused our attention on sessions 18 to 21 during which the
animals’ asymptotic performance in the task was recorded using
the miniscope.

Spatial Properties of Cells Recorded with Ca?* Imaging. The
next step was to conduct Ca®* imaging during all three phases
of the task (exploration, sample, and choice; Fig. 2). We con-
firmed observations from mouse experiments that miniscope
Ca®" imaging enables the visualization of place fields in the
event arena. They were observed in individual cells during all
phases of the session (Fig. 24). PCs have been identified in lin-
ear and multidimensional environments (30); we also consis-
tently observed many neurons displaying spatial selectivity
(81 Appendix, Fig. S6). Multiple factors including directed navi-
gation may induce global or rate remapping (31). To determine
if remapping was occurring between exploration and sample or
choice phases, the center of place fields identified in the explo-
ration phase were compared with the maximum activity during
sample and choice phases; there was no trend toward either
global or rate remapping, taking into account the lesser space
navigated during the training trials (Fig. 2B). Moreover, by

pnas.org



Downloaded from https://www.pnas.org by 86.129.205.154 on April 11,2023 from IP address 86.129.205.154.

pooling data across sessions 18 to 21, we were able to observe a
reasonably thorough mapping of the two-dimensional (2D)
space of the entire event (SI Appendix, Fig. S6C).

Miniscope Ca** imaging offers the opportunity to examine
stability between sessions (Fig. 2C). The quantification across
sessions 18 to 21 showed most place-field centers displayed a
spatial drift of 10 cm or less in the two arena axes (Fig. 2D and
SI Appendix, Fig. S7), with the activity monitored across four
separate exploration sessions of 10 min each. Thus, neurons
did not significantly change the position of their place field
over these four consecutive days. A neuron was considered a PC
if the following four criteria were met: 1) the neuron fired more
than three times during the exploration phase; 2) when comput-
ing the mutual information between its Ca** events and the
animal’s position, the correlation was greater than the 99th per-
centile of the spatial information calculated for the shuffled data-
set; 3) there was no evidence of spike burstsl and 4) a minimum
number of entries in the place field (Materials and Methods con-
tains details). With these criteria, about a third of active cells
were classified as PCs (29 + 5%; SI Appendix, Fig. S7D), which
is in line with previous reports in various environments by using
different recording techniques (23, 32-35). Overall, 59 + 8% of
cells was classified as a PC in at least one session, which is in
agreement with ref. 23 (SI Appendix, Fig. S7E). The majority of
PCs had one place field, which is in agreement with previous
reports (23, 36, 37) (SI Appendix, Fig. S7F). An exact number is
likely influenced by the extent of effective behavioral sampling
of the arena and the stringency of the classification criteria.

The next step was to examine whether spatial information in
the activity of recorded neurons was sufficient to correctly pre-
dict the animal position. Using the data from the 10-min daily
exploration phases (Fig. 2E and SI Appendix, Fig. S8), we
trained a decoder to predict the animal position when at one of
the three empty sandwell locations. Fig. 2 E, Right, shows that
the probability of decoding the correct location of the animal
(data) was significantly above chance performance (shuffle).
Thus, the decoder correctly predicted the location of the sand-
wells from the unit activity (i.e., that the animal was located
there; t values = 2.96, 4.56, and 3.01 for sandwell 1, 2, and 3,
respectively; data vs. shuffle, df 8, all P < 0.02). As expected,
most of the spatial information was contained in what were clas-
sified as PCs; with a decoder using only the activity from PCs,
the performance was similar to the performance using all cells
(all cells vs. PCs, df 8, P = 0.43, one-way ANOVA multiple
comparisons) and above chance (data vs. shuffle, P < 0.001 in
both cases, one-way ANOVA multiple comparisons; Fig. 2 E,
Center, in the second row). In comparing the performance of all
cells with those of defined PCs, we also observed a trend for
some residual spatial information to be contained in this other
subpopulation of cells. However, among this group of cells, only
some may be contributing to performance (other cell data vs.
shuffle, P = 0.083, one-way ANOVA multiple comparisons,
nonsignificant).

The next issue was to examine if neurons were reliably reacti-
vated by traversing analog portions of space during repeated out-
bound and then inbound trajectories between the startbox and
the rewarded sandwell during sample and choice trials. The pair-
wise cosine dissimilarity was computed between the frames in
accurately directed outbound paths of sample trials (i.e., the ani-
mal reached the rewarded sandwell first) and correct choice trials.
Dissimilarity was lower in time points of corresponding positions,
as presented in Fig. 2F The repeated pattern of low cosine dis-
similarity parallel to the diagonal indicates that as animals tra-
versed the same space, the activity of neurons in the sample and
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choice phases was also similar. This repetition can be observed by
expressing their distance with a multidimensional scaling (MDS)
manifold representation (Fig. 2G). Each point on the manifold
represents the neural population vector at a particular time point
of the outbound path, and the distance between points represents
the relative cosine dissimilarity. For both sample and choice trials,
the intrinsic dimensionality (38, 39), a measure of the number of
dimensions required to describe the neural activity, was on aver-
age 1.91 + 0.36 dimensions. Indeed, the first two components
contained most of the spatial information (Fig. 2 G, CI-C2 Inset;
SI Appendix, Fig. S9), while additional dimensions typically
included trial-to-trial variations such as whether a trial was correct
or incorrect (SI Appendix, Fig. S9A). The manifolds of the indi-
vidual trials displayed higher than chance correlation, especially
in the first two components (SI Appendix, Fig. S9D), indicating
that repeated traversals recruit similar activity along their length.
This likely represents, in part, the population of PCs along the
trajectory, but interestingly, the start of the manifold trials (the
last 10 s in the startbox) was close to the end-point in 2D space
(i.e., arrival at the rewarded sandwell), and the manifold assumes
a circular shape, especially in the C1-C2 plane (Fig. 1 G, Righs,
and S/ Appendix, Fig. S10). As the closer two points are to each
other in manifold space, the lower is their cosine dissimilarity;
these data point to the striking finding that the population neural
activity in the startbox is similar to that of the correct sandwell.

Neuronal Activity in the Startbox Is Predictive of Spatial
Decision-Making. We have seen that, over sessions 18 to 21,
the animals chose the sandwell to approach upon leaving the
startbox in choice tests at around 90% correct. The manifold
results presented above prompted us to gather further insight
into this initial part of the trial and, in particular, the last 10 s
in the startbox before leaving. Note that the animal has full
agency about when to leave after the door had opened. Fig. 34
shows that mean event rate rose steadily during this 10-s
period. A decoder was then trained on the activity in the start-
box in 2-s time windows (Fig. 3B) to see if it would correctly
classify to which sandwell the animal was headed during choice
trials. The prediction accuracy rose to >80% as the moment of
entrance into the arena approached and was significantly higher
than chance when compared to shuffled data that were, as
expected for 3 sandwells, around 33% (Fig. 3C, breakdown of
individual animals is presented in S/ Appendix, Fig. S11). The
decoder correctly identified the sandwell to which the animal
was heading before leaving the startbox on trials when the ani-
mal chose correctly but poorly when the animals’ choices were
incorrect (i.e., they searched at a nonrewarded sandwell first in
that trial). This prediction was highly significant for correct tri-
als (ANOVA, F = 43.84, df 3/14, P < 0.0001).

Interestingly, the prediction was not significant for incorrect
trials (P = 0.46 to shuffled data, one-way ANOVA multiple
comparisons). Decoding performance remained poor when we
reclassified the incorrect trials as leading to the appropriate sand-
well (but a sandwell that was nonrewarded on that session) (P <
0.0001 compared to correct trials, 2= 0.49 compared to incor-
rect trials, one-way ANOVA multiple comparisons). Together,
these data indicate that startbox neural activity is not anticipat-
ing a different sandwell during incorrect choices but rather is
not discerning between possible choices at all; the resulting out-
come is perhaps a casual behavioral choice. However, if random,
this choice may sometimes lead to the correct sandwells, and
indeed, we noticed a small proportion of correct choice trials
where decoding performance was poorer (Fig. 3C). A trend for
better decoding performance on correct trials as a function of
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for incorrect trials. ns = 0.3033 paired t test.
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the number of cells active in the startbox was observed, but over-
all performance was higher than 65% (SI Appendix, Fig. S12).
Interestingly, a lower but significant performance was observed
in later sample trials when the animal went to the appropriate
sandwell directly, indicating that even a small number of prior
exposures may be sufficient to drive memory encoding and a
coherent representation during retrieval (SI Appendix, Fig. S13 A
and B). This is unlikely to simply reflect the direction the ani-
mals were facing because we could not predict the animals™ goal
from the orientation of their head (87 Appendix, Fig. S14).

A high proportion of the cells active in the startbox was reac-
tivated when the animal was in the arena (t = 5.98, df 4, P =
0.0039, paired Student’s # test compared to cells active in the
startbox only; S/ Appendix, Fig. S15 A and B). In particular,
startbox events were significantly more likely to map to the por-
tion of the arena occupied during sample and choice phases,
reflecting the paths taken to and from one of the three sand-
wells (t = 3.459, df = 4, P = 0.026, paired Student’s # test;
SI Appendix, Fig. S15 Cand D). Moreover, the majority of start-
box cells (64 + 12.5%, mean = SEM) represented the animals’
outbound paths (with ~22% PCs). Conversely, only 3.6 + 0.2%
(mean + SEM) were active during the inbounds path (of which
~6.5% were PCs) but 39 + 6% (mean + SEM) were active in
both inbound and outbound paths (SI Appendix, Fig. S16). To
determine the information content at each time point during the
10 s before leaving the startbox, the locations of place fields in
the arena were plotted for the subset of cells active in the startbox
during this time window (displayed in Fig. 3D is the time win-
dow from —5.2 s through to —1.6 s). Fig. 3D shows exemplar
activity patterns at different time points before the animal left the
startbox on an individual trial at specific time points. This was a
trial in which the animal went to sandwell 3. The initial activity
corresponds to the correct sandwell and the trajectory leading to
it and then a momentary change of anticipation switching to
sandwell 2 (at —3.2 s) followed by a return to the commitment
to approach sandwell 3. Note that the rat was in the startbox
throughout this period (87 Appendix, Fig. S14F). This exemplar
pattern was quite common across different animals and sandwells,
and we therefore refer to this phenomenon as “prospective
coding,” as the temporal resolution of calcium imaging is
insufficient to use the term replay (Discussion). In Fig. 3E and
SI Appendix, Figs. S17 and S18, further examples are displayed
showing that different patterns of prospective coding occur over
time, corresponding to the correct sandwell location or correct
trajectory (in green) but also of the other two sandwells (black).

The direction to which startbox cells were pointing was quan-
tified as the average angle between the spatial location of the cell
events during exploration and the door of the startbox (Fig. 3F).
As expected, the distribution of startbox directions corresponded
to the angles of the directions to the three sandwells (Fig. 3 F
Inses). This distribution changed between sessions due to the use
of different rewarded sandwells in a random but counterbal-
anced order (Kolmogorov-Smirnov comparisons between sand-
wells 1, 2, and 3: all D values are >0.19 with all P values of
<0.0001). In particular, the distribution peaked toward the
angle corresponding to the correct sandwell of that session (Fig.
3F and SI Appendix, Fig. $19). The number of prospective cod-
ing events in the startbox was strikingly higher on correct than
incorrect trials (Fig. 3 G and H; paired Student’s 7 test, repeated
measures, t = 5.41, df = 4, P = 0.0077). Note that the number
of prospective coding events associated with the other sandwells
was not zero—consistent with the pattern jumping around dur-
ing the startbox decision-making period. On incorrect trials, the
number of prospective coding events was similar for the correct

PNAS 2022 Vol.119 No.44 2212152119

and incorrect sandwells (paired Student’s ¢ test, repeated meas-
ures, t = 1.239, df = 3, P = 0.3023). On average, prospective
coding events corresponding to the recall of the correct sandwell
in the startbox were longer and recruited a larger number of cells
than those of the incorrect locations (paired Student’s ¢ test,
repeated measures, t = 4.372 df = 4, P = 0.0119) (S Appendix,
Fig. $20 A and B). Furthermore, the number of events for the
correct sandwell was relatively constant on all 6 trials in the
choice phase (87 Appendix, Fig. $20C). However, this was mark-
edly different for sample trials during which the animal has to
encode the new daily location, for which the first three trials are
closer to chance, while the last three show more frequent pro-
spective coding of the correct sandwell (S7 Appendix, Fig. S200).

Discussion

There are four main findings. First, calcium imaging of large
numbers of cells in freely navigating rats in an open arena has
confirmed years of electrophysiological data showing that PCs
and other cells with spatial selectivity can be observed, with no
global remapping of place field locations observed between
exploration, sample, and choice phases. Second, neural activity
in the startbox increases during the waiting period before a trial
starts with population coding activity preferentially correlating
with any correct target or path to which the animal is about to
run. Third, startbox activity is not predictive of the goal on tri-
als when the animal performs incorrectly. Fourth, population
coding of cell activity reveals that the activity in this time
period prospectively codes the trajectories to possible goal loca-
tions, with the correct goal location being overrepresented.
These data collectively reveal that neuronal activity correspond-
ing to possible destinations or the paths to them is reactivated
in the time period before a decision is made, which is a pattern
of neural activity that could inform decision-making by display-
ing alternative scenarios.

These observations were possible through the successful optical
recording with miniscopes in the CA1 hippocampal region of rats
performing a complex, naturalistic navigational task in a large
environment. The application of this technique to the rat required
the careful aspiration of a very small strip of myelinated alvear
fibers overlying the hippocampus, as well as those of the corpus
callosum (as used in the mouse; SI Appendix, Supplementary
Discussion), in such a manner as to leave stratum oriens undam-
aged (Fig. 1). In this way, there was minimal damage to the hip-
pocampus itself, CAl cell imaging was feasible, and we realized
successful, reliable recordings over many days with stable regions
of interest. Rats typically exhibit a wider range of behaviors and
are better suited for demanding neuroscience protocols such as
those employed in the study of spatial and episodic memory
(40—42). Compared to electrophysiology, calcium imaging allows
the identification of neurons across different sessions and for pro-
longed periods of time (23), although at the expense of time reso-
lution and sensitivity. Ref. 37 also provides a detailed comparison
of data from the rat and mouse, and our joint introduction of the
technique to one of the most studied areas of the brain in one of
the main model organisms is particularly important.

Our first finding confirms that this technique is effective in
the detection of PCs in the rat. With our criteria (Materials and
Methods; 99% mutual information), a third of cells were classi-
fied as PCs, with the remaining population of cells also exhibit-
ing some degree of spatial selectivity (Fig. 2E). Different reports
estimate PCs to range from 20% (43) to 35% (35) to 80% (32),
although the number is markedly influenced by task factors,
which are the criteria used to define PCs and which cells can be
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included in population encoding. Our results are broadly in line
with reports on rat hippocampus using electrophysiology in 2D
environments, despite certain parameters (such as rate of firing)
being different in optical recording. Shifts between environments
(2, 44, 45) or prominent changes in environmental cues (46) are
known to induce global, partial, or rate remapping of PCs.
Here, we did not observe global remapping between exploration,
sample, and choice trials, although we cannot exclude some level
of rate remapping in the firing rate of PCs between the different
phases. Indeed, in related experiments, it has been reported that
even the introduction of barriers in a well-known environment
can allow stable place fields to be maintained (16). With recep-
tive fields stable across days, this greatly expanded the neuronal
dataset with which to assess navigational trials and train a
decoder. In our experiment, place fields remained largely stable
across days (Fig. 2 Cand D) as also reported in ref. 27. This sta-
bility is likely to be due to the animals’ extensive training in the
same arena. While large day-to-day variability has been reported
between early epochs of an environment (23), correlation in the
neural representation between sessions increased as the animals
became acquainted with the environment upon repeated presen-
tations (25).

Second, before the animals take any action to move toward
one of the sandwells, neural activity increases in frequency such
that, by the time animal chooses to leave the startbox, there is
enough information in population measures of activity to cor-
rectly predict the animal’s destination, at least for correct trials
(Fig. 3 Band O). Interestingly, similar measures on the first or
second sample trial, before the animals had fully encoded which
is the correct location that day, were poorer, but activity there-
after assumed a predictive pattern (S/ Appendix, Fig. S200).
Thus, spatial recency within a well learned context can be
encoded and accessed remarkably fast, which is reflected also in
the reduced number of behavioral errors after the initial sample
trials (Fig. 1/ and S7 Appendix, Fig. S5). In at least a fraction of
cells (65 + 3%), the information contained in the startbox neuro-
nal activity reflects spatial information about one of the sandwell
locations or the outbound trajectory to reach it (S Appendisx,
Figs. S15 and S16 and Fig. 3 D-H). These observations are
consistent with a report by Komorowski et al. (47) that showed
that PCs may become engaged by the task on which animals
are trained such as the spatial recency task here .

Third, we observed that startbox activity was different on
behaviorally incorrect trials. The relatively higher representation
of the correct sandwells likely reflects a focus on the imminent
destination (Fig. 3 E-G). At the beginning of incorrect trials, and
in early sample trials, the proportions of prospective coding
events for the correct and incorrect sandwells were statistically
indistinguishable (Fig. 3H). This finding is consistent with the
results obtained using the decoder (Fig. 3C) where neither the
correct nor the actual destination could be decoded from the neu-
ral activity in the startbox on incorrect trials.

Fourth, population coding enabled the analysis of activity
patterns using state-of-the-art, multidimensional manifolds to
represent neural population activity in multidimensional spaces.
It was observed that two dimensions were sufficient to capture
most of the variance of the cosine dissimilarity in the neural
activity recorded in the animals’ trajectories to the sandwell. A
striking observation was that, on the outbound path of correct
choice trials, these visualizations assumed a circular appearance
suggesting a relationship between the population firing in the
startbox and at the correct sandwell. This was confirmed by
observing the spatial content contained in the activity of the
population of cells active in the startbox. Such representation
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cannot be measured using only single cells and reflects a poten-
tial strength of calcium imaging. Compared to electrophysiol-
ogy, calcium imaging allows the identification of large numbers
of neurons across different sessions and for prolonged periods
of time (23, 24), although at the expense of time resolution
and sensitivity. While replay has been traditionally recorded by
means of electrophysiology because of its good temporal resolu-
tion, there have been reports of replay with calcium imaging
(21, 22). Although it is likely that replay detected with electro-
physiology and cell reactivation detected in this work represent
the same biological phenomenon, we deemed it prudent to
refer to our finding as prospective coding.

These observations of spatially predictive activity collectively
support findings that suggest that prospective coding could be
used to guide future behavior (48, 49). While some authors
have proposed this, other reports have argued that replay may
rather reflect past memory, as past trajectories seem to be over-
represented in reward-switch tasks (19). Here, we find that pro-
spective coding not only maps onto future, correct trajectories
but also includes momentary mapping onto the other sandwells
during decision-making in the startbox (Fig. 3 D-H). Our pro-
posal is that such activity can sometimes serve to anticipate pos-
sible scenarios during decision-making. Accordingly, different
outcomes may be weighed during decision-making to guide
correct goal-directed behavior.

The behavioral task used, now referred to as everyday mem-
ory, has the defining characteristic of the episodic encoding of
information (e.g., during nondiscrimination sample trials) that
can be accessed for a period but is typically forgotten quickly—a
common everyday experience. By session 18, the animals were
completely familiar with the spatial context and likely had a con-
solidated representation in long-term memory of the environ-
ment. Their task was to update each day which area of space
mattered—spatial recency. The free choice and the flexibility of
this task are extra factors to encourage the animal to think about
the desired destination. When the choice is more forced by the
configuration of the task, as in the case of radial mazes (19), the
replay of past trajectories may be preferred to avoid choosing a
wrong arm that precludes access to the rewards by not allowing
rerouting, in analogy to what has been reported in experiments
with fear conditioning (17). Indeed, the data by Gillespie et al.
(19) show that, after repeated trials, the representation of the
rewarded arm increases. Our data therefore support a role for
prospective coding to inform decision-making rather than only
guide future behavior, as also theoretically suggested by others
(50, 51). Prospective coding by hippocampal CAl cells may
hence prioritize paths that are most immediately relevant for
on-going behavior (52). This would also explain how prospec-
tive coding can even construct mental scenarios that have never
actually been experienced (11). It has been reported that differ-
ential activity along common paths can reflect a future choice
(8, 9). However, most cells we identified in the startbox were
also active in the arena at some poing; it is possible that the dif-
ferent configuration of our behavioral setup does not promote
differential firing because there are no obliged common tracks
reaching the various sandwells. Indeed, cells only active in the
startbox were a smaller proportion of the total (S Appendix,
Fig. S15A4), and their activity may be differentially regulated by
the animal’s destination (9). An alternative possibility is that
via the prospective coding of different trajectories, the brain is
performing evidence accumulation until some threshold is
reached, possibly with conjunctive coding by other brain
regions, e.g., in anticipation of a reward (53). Indeed, Fig. 3E
suggests that as the decision point approaches, the number of
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prospective coding events for the correct sandwell increase.
Future work will elucidate this aspect.

There are limitations to our observations. One is that, due to
technical reasons, it is difficult to reconstruct sequences of
recorded neurons or to ascertain their ordered activity below
the frame-rate detection of 20 Hz. Accordingly, we use the neu-
tral term of content of neural activity rather than considering
them as sequences. One additional caveat is sensitivity, such
that realistically isolated action potentials are not detected by
GCamp6f. This likely results in an underestimation of the
number of prospective coding events and of the number of cells
involved. Nonetheless, we find that a third of cells active in the
startbox at the beginning of trials are common in any other trial
(ST Appendix, Fig. S13 C-E). This should affect all activity in
an equal manner, so we doubt it introduces significant bias to
our analysis; if anything, our results provide a conservative esti-
mate of the frequency of such prospective coding events.

In conclusion, we have presented an application of miniscope
imaging of the rat CA1 to the study of decision-making in spatial
navigation. This offered the possibility of comparing the neuronal
activity across multiple sessions in which animals encode the
most recent rewarded location and engage in memory prospective
coding to go to it. Before any action is taken to navigate toward
one of the possible destinations, the activity corresponding to
three possible locations or trajectories is prospectively coded by
hippocampal neurons. Our results suggest that such coding may
be used by the animals to recall alternative destinations and, pos-
sibly, to evaluate their suitability. Our data provide information
regarding the role of prospective coding during remembering/
action planning. Future directions will further clarify how the
animals use this information to plan and simulate possible paths
and how the choice is made from these possibilities. Furthermore,
it will be interesting to test how allocentric or egocentric spatial
features of the task influences prospective coding.

Materials and Methods

Animal Subjects. Lister-Hooded rats (n = 8) were 2 to 3 mo old at the start of
the experiments. Animals were purchased from Charles River and group housed
until surgery; after surgery, animals were housed in single cages. During the
behavioral task, they were food deprived to 85 to 90% of the free-feeding weight
against a growth curve, with free access to water, on a 12:12-h light-dark cycle
with training in the light phase. Care of the animals complied with the UK Ani-
mals (Scientific Procedures) Act conducted under a Project License (PPL
P7AA53C3F). Two animals were excluded from the recordings due to insufficient
quality of the field of view (FOV; low number of detected cells). One further ani-
mal (H0487) could only be recorded in sessions 18 and 19 due to technical
issues and was excluded from the analysis on prospective coding because we
could not compare the three possible destinations.

Immunohistochemistry. At the end of the experiments, the animals were
anesthetized with 200 mg/mL pentobarbital and perfused transcardially with
cold PBS (phosphate buffer saline; P4417 Sigma Aldrich) and 4% formaldehyde
in PBS (Sigma Aldrich 441244). Heads were postfixed for 24 h in formaldehyde,
and then the brains were extracted and postfixed overnight. They were trans-
ferred in 20% sucrose PBS and cut with a cryostat (Bright Instruments). After
being washed in PBS, slices were permeabilized in PBS supplemented with 10%
NDS (normal donkey serum; Sigma Aldrich D9663) and 0.1% Triton X-100
(Sigma Aldrich T8787) for 30 min, and then incubated in PBS supplemented
with 10% NDS 0.1%, Triton X-100, mouse anti-GAD67 antibody (Sigma Aldrich
MAB5406 clone 1G10.2) 1:1,000, and guinea pig Anti-NeuN (SYSY 266 004)
1:500 overnight at room temperature. The next day, three washes with PBS with
0.1% Triton X-100 were performed, and then slices were incubated in PBS with
0.1% Triton, 1:200 donkey anti-mouse Alexa 647 (Thermo Fisher A-31571) and
1:200 anti-guinea pig Alexa 555. After three washes in PBS, the slices were
mounted in Fluoroshield with DAPI (Sigma Aldrich F6057).
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Microscopy. Multichannel images were acquired using a Nikon A1R Ti:E
inverted confocal microscope with 1AU pinhole dimension, using a 40x Plan
Apo/numerical aperture (NA) 1.25 oil objective (histological staining) or 10x
Plan Flour/NA 0.3 (GCaMP&f/DAPI acquisition). Sequential acquisition of the
four channels was performed with the laser lines DAPI 402 nm, GCaMP6f
488 nm, NeuN/Alexa555 562 nm, GAD67/Alexab47 639 nm, and 450/50; and
with 525/50 and 595/50 filter cubes. Histological sections stained with DAPI
were images with a Leica DMR upright microscope with Retiga 2000R camera
using an epifluorescence mercury lamp and PL FLUOTAR 10x/0.30 and PL
FLUOTAR 20x/0.50 objectives.

Surgical Procedures. Surgical procedures were performed under sterile condi-
tions and according to best practice. Animals were maintained under 3 to 2% iso-
flurane (Covertus absisO1) reversible anesthesia and 0.5 mL rimadyl (Zoetis)
administered as an analgesic at the beginning of each surgery. In the first surgery,
1 plL of AAV1.CaMKIL.GCaMP&fWPRE.SVA0 (UPenn Vector Core, then Addgene
100834-AAV1) diluted with sterile PBS (Sigma-Aldrich) to a final concentration of
5.7 10" vg/mL was injected in the CA1 region of each hemisphere (stereotaxic
coordinates from bregma AP (Antero-Posterior) 3.6, ML (Medio-Lateral) + 2.2, DV
(Dorso-Ventral) 2.2 from dura) at 100 nL/min using an automated injection pump
and a Hamilton syringe equipped with a Nanofil needle (World Precision Instru-
ments). The GRIN lens was implanted 7 to 10 d after the first surgery. In the sec-
ond surgery, three surgical screws were implanted in the skull (Screws and More,
DIN 84 A2 M1 x 3). A circular craniotomy was performed with a trephine for
microdrill (Fine Science Tools 18004-18) at AP 3.8, ML 2.4. A cylindrical volume
of cortical tissue was then aspirated manually with a sterile blunt needle in the
27G to 30G range. Constant irrigation with cold saline is performed during aspi-
ration to prevent swelling and clean blood. A small portion of alveolar (antero-
posterior) and callosal (coronal) fibers was then removed with the same blunt
needle with mild aspiration to expose but leave undamaged the outer surface
of the hippocampus (corresponding to CA1 stratum oriens). Cold saline irriga-
tion and soaked sterile gelatin sponge (we successfully used Pfizer Gelfoam or
Delta Surgical [Newcastle Under Lyme] Gelita-Spon GS-110) were used to keep
the hole clean until complete stop of the bleeding. A 1-mm-wide, 9-mm-long
GRIN lens (Inscopix) was then lowered with a 5-degree angle in position AP
3.8, ML 2.4, DV 1.9 from dura (the dura is measured before the aspiration).
Two stainless-steel rods (0.09-mm diameter; CrazyWire UK) are attached to side
of the GRIN lens with superglue before implantation, with around 3 mm of
rods protruding from the surface of the GRIN lens. A thin layer of surgical sili-
cone (KWIK-SIL, World Precision Instruments) was applied to the sides of GRIN
lens to prevent cement to enter in contact with the brain tissue. The GRIN lens
was cemented in place with Super Bond dental cement (Prestige Dental) to
cover the skull and included the skull screws.

Calcium Recordings. The Inscopix nVista system was used to perform calcium
imaging experiments. At least 3 weeks after the GRIN lens implantations, the
animals were anesthetized temporarily and the FOV checked with the Inscopix
miniscope. The baseplate support for the miniscope was scored with a scalpel
blade to provide better attachment with SuperBond cement. With the miniscope,
the optimal position for the baseplate ahove the skull was determined by look-
ing for the FOV containing neurons. Some brighter neurons are usually seen
along with capillaries, and some neural activity could be sometimes detected by
very briefly lowering the anesthesia depth to 0.5 to 1% isoflurane before raising
it again. The baseplate was then cemented in place with SuperBond using the
pre-existing layer of cement. Scoring the previous cement surface with a scalpel
blade is recommended to ensure optimal adhesion. After the cement had hard-
ened, the miniscope could be removed with the baseplate now anchored to the
animal skull. A small piece of duct tape can be used to prevent dirt and dust to
enter the cavity between the baseplate and the lens while not recording.

When recording, the miniscope is positioned on the baseplate and secured
with a miniature screw attached to the baseplate, taking care that the animal
movement does not displace the miniscope from the correct position. Proper
handling of the animals is fundamental in our experience, and extensive habitu-
ation is required so that the miniscope can be attached to the animals' head
without the need to completely immobilize them or use anesthesia. Rather, a
mild restraint of the animal's head at jaw level, without causing distress, is often
enough to enable the positioning of the miniscope. The miniscope cable was
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connected to a commutator on the ceiling that enables full animal rotation. The
commutator was connected to the nVista imaging system (v 3.0) that controls
the miniscope functioning and stores the recorded data. Because we were
recording from a large 2D area (1 to 2 m wide), the cable should be long
enough to allow easy access to the whole arena. To prevent the cable being
uncomfortable, elastic wires were used to connect the two extremities of the
cable. On the first day of recording, the exact FOV was chosen by fine tuning the
eFocus parameter on the miniscope that controls the focus of the internal lens.

Ca®* recordings were collected at 20 Hz for a 1,061 x 800-pixel FOV using
the Inscopix nVista imaging system (v3.0) and synchronized with the camera
behavior via an electronic signal in one of the GPIO channels timestamping the
time of a small light-emitting diode (LED) light in the camera FOV at the begin-
ning and end of the recording. The camera has a pixel size of 0.82 pm.

Apparatus. All experiments were conducted using a modified event arena (29)
that was 1-m x 1-m square. The walls (40 cm high) are transparent, and the
floor is composed of 20-cm x 20-cm removable white tiles (for regular cleaning
purposes). Three Plexiglas sandwells (6-cm diameter, 4-cm depth) that contained
the hidden reward pellets were placed in one or a subset of the panels with
holes. To mask the smell of the food, the sandwells were filled with clean rodent
bedding material. Each sandwell had a spherical plastic bowl that enabled
rewarded sandwells to contain one or more reward pellets (BioServ F0171)
(0.5 g). Nonrewarded sandwells contained an equal number of reward pellets
in a space underneath, thereby serving as inaccessible food. These plastic
bowls had holes ensuring that the rewarded and nonrewarded sandwells con-
tained the same number of reward pellets at approximately the same depth in
the sand and thus should exude the same smell. Extensive randomizing and
counterbalancing were also arranged to minimize olfactory artifacts, as follows:
1) the sandwells used in the encoding trial were not used for the recall trial of
the same session; 2) all sandwells were used as rewarded or nonrewarded
sandwell across days; and 2) the arena floor was regularly wiped with a 70%
alcohol-impregnated towel between sessions, and before recall and probe tri-
als. Animals entered the arena from a single startbox located nominally in the
south. Two intramaze cues were positioned inside the arena on the west and
east walls, namely, a multicolor toy and a clean yellow mustard dispenser,
respectively. Two prominent extramaze cues were present outside the arena.

Habituation. Rats were first taught to dig for food in sandwells inside their
home cages. In a first habituation session in the arena, the rats were permitted
to explore the arena with two intra-arena cues and surrounding extra-arena cues
for 10 min. They were also habituated to being put in a startbox and given a
0.5-g food pellet to eat. When the pellet was eaten (typically around 30 s), the
rats were allowed 10 min access to the arena. On the second and third habitua-
tion, one 0.5-g pellet was placed on top of the sandwell; rats collected the pellet
and took it back to the startbox; rats were then allowed to retrieve other food pel-
lets buried close to the surface of the sandwell. If rats had difficulties in retriev-
ing the hidden food pellets, they were helped by exposing one further pellet in
front of them.

Behavior. Rats were trained in a modified form of the event arena task (29). In
this task, animals leam to retrieve food pellets from one of the three sandwells
in the everyday arena, whose position changes from one session to the next
(sandwell 1, 2, or 3). The task is divided in three parts. During exploration. ani-
mals explore the arena for 10 min without any reward present and the sandwells
are empty. During encoding (sample phase) one sandwell chosen at random is
rewarded and contains 0.5-g food pellets. Animals are trained to retrieve six pel-
lets from the sandwell, entering the arena from the startbox after the door
opens, retrieve one pellet from the sandwell, and return to the startbox to con-
sume it. During the choice trial, all sandwells were filled with bedding and
appeared identical on the outside. The correct sandwell had pellets in the acces-
sible bowl, while the other sandwells had their equal number of pellets in the
nonaccessible compartment. The choice trial was performed 30 min after the
end of the sample trial. During the choice phase, the animals retrieved six pel-
lets, returning to the startbox to eat each one. A 0.5 s, a 2,300-Hz tone was
played 5 s before the door opened.
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Data Analysis.

Behavior performance. For each trial, latency and the number of errors were
quantified. Latency is the time that occurred between the moment that the ani-
mal leaves the starthox to when it starts digging at the correct sandwell. The
number of errors is the number of incorrect sandwells the animal dug at before
reaching the correct sandwell, and in this experiment, we can assume values 0
(the correct sandwell is the first choice) or 1 or 2 (the animal dug at all sandwells
before reaching the correct one). The performance was defined as

Performance = 1 — L, [1
nmax

where n is the number of errors. Hence, if the animal performs at chance it
results in Performance = 0.5, as shown in Eq. 2.

B(n) = ZmlP(ni) = 0(Ya) +1(/2) +2('/a) =1 (2]

single-photon calcium imaging. For each subsequent Ca?* recording, the
Inscopix data processing software (IDPS; Inscopix v1.6) environment was used to
denoise the recording by applying a low and high filter spatial bandpass (o 1o, =
0.0005 and o higy = 0.5). IDPS was then used to correct motion artifacts by
using a rigid motion correction algorithm (54, 55). Preprocessed recordings
were then imported into the CNMF-E python application programming inter-
face (API) (56), their cell ROIs identified and their respective calcium transients
computed as the change in fluorescence over baseline fluorescence as AF/F =
(F — Fo)/Fo, where Fq is the mean fluoresce over the trace. All ROIs and their
respective traces were manually inspected, with any duplicates or artifacts dis-
carded. Neural events were then computed from the calcium traces using the
Online Active Set method to Infer Spikes (OASIS) package (57, 58). For each
animal, calcium traces were manually assessed for levels of noise and a unique
noise threshold applied (typically an “s_min" parameter of between 0.2 and
0.3 was used). Longitudinal registration was performed in the IDPS. Individual
recordings from the same sessions were first aligned generating one dataset
for each session (S18 to S21) and then the four datasets were aligned
together. Correct alignment was verified by screening a random subset of an
individual set from the correspondence table generated by the system.
Animal positional tracking. Behavioral recordings of the task are performed
with a camera placed on the ceiling (black and white, 20 fps). A small LED light
outside the arena was used for the alignment and switched on briefly while an
electrical signal was sent to one of the nVista GPIO channels. The ON time can
be easily detected by a change in intensity in the corresponding pixels. Rat posi-
tional trajectories were tracked using the Python image recognition deep convo-
lutional neural network Deeplabcut (DLC) (59).

Training dataset. A training set of 180 distinct frames of the animals in the
arena in all stages (60 frames from 3 rats) were extracted based on k-means
derived quantization. This involved downsampling the video and modeling indi-
vidual frames as vectors and then randomly selecting frames from different clus-
ters. Each frame in the dataset was then manually labeled using the point
between the animal’s ears as reference.

Network training. A 50-layer deep pretrained convolutional neural network
(ResNet-50) was then refined by training it for 500,000 iterations on the training
dataset and evaluated using the mean average Euclidean error between
manually labeled frames and those predicted by DLC. Accuracy was also
manually checked and corrected by referring to a DLC-labeled video. The
position of the animal is translated using one corer of the arena as the refer-
ence origin.

PC identification. Spatial tuning was inferred using custom Python scripts. For
each neuron, the Kraskov Spatial Information (SI) was calculated between the
binarized event train and the vector of the animals binned spatial activity
(obtained by binning the arena into 4- x 4-cm spatial bins). A neuron was classi-
fied as a PC if it met the following criteria: 1) the neuron had at least three
events during the imaging stage, 2) the animal traversed bins in which the neu-
ron was active at least three times, 3) a neural event occurred in at least 20% of
traversals, and 4) the neurons' Sl exceeded the 99th percentile of a distribution
of Sl for 5,000 shuffled neural event trains.

Place fields. A neuron's place field was defined by calculating its rate map and nor-
malizing by the animal's occupancy map and then selecting all contiguous bins that
surrounded the place field center (i.e., the bin with maximum activity). Place field
size was then calculated as the number of 4-cm bins squared in the place field.
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Decoders. A Gaussian naive Bayes (GNB) python algorithm from Sckit-learn was
used for sandwell classification using neural activity first within the arena and
subsequently from within the startbox. In both cases, neural event trains were
convolved with a Gaussian kernel (6 = 200 ms, window width of 4c) to obtain
a time series of instantaneous event rates.

Ssandwell classification arena. For sandwell classification within the arena, sand-
well regions were first defined as the area within a 5-cm radius of the well center.
All exploration sessions were concatenated and sandwell activity isolated to produce
an N x T matrix of instantaneous event rates (X), where N is the number of neu-
rons that are active across all sessions and at least one sandwell and T is the
amount of time the animal spent in the sandwell. Then X was labeled with the ani-
mal's corresponding sandwell (y) at each point in time. The number of observations
for each sandwell class was balanced by downsampling the number of samples for
each well to that of the least visited and repeated 10 times to enable random sam-
pling of the sandwell activity. Finally, a 10fold cross-validation strategy was con-
ducted with a 70:30 train: test split. For each training set, GNB assumes that the
class-conditional densities, P (x; | y), are normally distributed (as shown in Eq. 3,
with p, and o, the mean population vector and stanard deviation for class y,
respectively). Finally, the Maximum A Posteriori estimation (as shown in Eq. 4) was
used for each sample, yielding a predicted sandwell for each point in time:

1 (6 —m)°
227 exp(‘T ' Bl

y = agmax P() T, P(xi | y). 4

SB classification of sandwell. Using correct sample and choice trials, a GNB
decoder was trained to identify the animal's prospective sandwells (the sandwell
that the animal was about to visit). For each trial (six sample, six choice), the startbox
activity was isolated as the 10-s period before the animal left the startbox and
entered the arena. Trial activity was merged into a single matrix (Trial X N X Tsg)
and temporally split into 5 x 2-s windows, starting with a delay of —10 to —8
(t = —10 to —8) and finishing at -2 to 0, where 0 is the point at which
the animal left the startbox and entered the arena. For each 2s window (Trial x N x
Tsgc), @ GNB decoder was run using a 10-fold cross validation strategy using a
70:30 train: test split. Correct trials were subsequently compared to incorrect trials
using the temporal window of T =—2 (the time during which the animal was most
likely to be looking out into the arena) and a 1,000-fold cross-validation strategy.
Performance was evaluated by calculating the fraction of correctly predicted
sandwells based on the actual label. Furthermore, the F1-score was calculated
from the precision (the number of true positive results divided by the number of
all positive results) and recall (the number of true positive results divided by the
number of all samples that should have been identified as positive); see Eq. 4.

P(i|y) =

and

(precision x recall)

Fl=2x (precision + recall)

[5]
Finally, for each training set, a comparable control was computed. This was
achieved by training the GNB using X labeled with shuffled sandwell classes.
Decoder performance was then tested on the same test sets as described above,
generating a performance or F1-score expected at chance level (~33%).

Cosine distance. For each animal, all neurons that were active in the outbound
trajectory of correct sample or choice trials were collated into the data structure
(trial X N X Toubound corect) and their neural event trains convolved with a Gaussian
kemel (6 = 200 ms, window width of 45) to obtain a time series of instantaneous
event rates. The cosine distance adjacency matrix D¢ € T X T was subsequently
computed by treating each point in time as neural population vector (x;) with
dimension N and calculating its cosine distance from all other time points within
and across all trials (as shown in Eq. 5).

DC(Xir X/'+n) =1

_ Xi Xin 16l
‘XI”XH»/I‘

mps. Dimensionality reduction or neural manifold leaming takes a high dimen-

sion neural activity matrix, X € N x T, and transforms it into the low dimension

mapping ¥ € kx T (where k < N). Classical MDS is a linear dimensionality

reduction algorithm based on based on the MATLAB cmdscale function applied
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to the previously computed cosine distance matrix Dc € T X T to yield the lower
dimension embedding ¥ € k x T. This is computed through the minimization
of a strain parameter that aims to preserve the relative cosine distances of D¢ in
the manifold embedding Y. In parallel to this, an eigen-decomposition of the
distance matrix D¢ is performed, with the resultant eigenvalues (or dimensions)
sorted according to how much of the variance they explained with the top three
dimensions selected for visualization.

Event rate. For correct and incorrect sample and choice trials, neurons that were
active in the 10-s period before the animal left the startbox up until 2 s into the
arena were isolated and the event rate over time calculated. Event rate was calcu-
lated as the number of events per seconds.

Fraction of cell firing inside trajectory. The arena was first binned into 4- x
4-cm spatial bins. A "trajectory mask” was then constructed using sample
and choice trials, selecting bins that the animal traversed when leaving
from the startbox to each of the three sandwells and back. The trajectory
mask was then applied to all sessions and stages with any spatial activity
outside the trajectory mask considered to be part of the “arena mask" (note,
only bins that were visited were not included in the analysis). The fraction
off cells firing inside the trajectory was subsequently calculated as the frac-
tion of times a cell fired in the trajectory mask vs. the arena mask, normal-
ized by the animal's bin occupancy.

Angle of cell firing. For each trial of sample and choice, we selected the cells
active in the 10 s before leaving the startbox. We calculated the angle of cell fir-
ing O as the average angle between the startbox door and the events recorded
in the arena. Following convention in circular statistics, the origin was in the
nominal east direction and positive angles were calculated anticlockwise so that
a cell firing on the wall on the right of the door of the startbox has 6 = 0°. The
distribution was calculated for the cells active in the startbox in trials where the
correct sandwell was 1, 2, or 3.

Cell trajectory classification. For each trial of sample and choice, we selected
the cells active in the 10 s before leaving the startbox. For each cell, we plotted
the event positions of the neuron activity in the arena as recorded in the pretrain-
ing, sample, and choice phases. Each instance of prospective coding (cell, time)
was classified as one of the sandwells if the event position was located either on
the sandwell or in the trajectory between the startbox and the sandwell. In a
minority of instances where pretraining events differed from the sample/choice
(4.9%), mainly because of additional events outside the possible trajectories, only
the sample and choice events were considered. Where the events mapped onto
an area that did not correspond to any of the sandwells, the prospective coding
event was classified as other (3.9%) and were not taken into account in the final
calculations. The fraction of prospective coding for the correct sandwell was calcu-
lated as Neorrect(Ncorrect-HMincoret) Where n is the number of prospective coding
occurrences. Compound prospective coding events was considered if multiple
cells represented the same sandwell (either as goal or trajectory) and were part of
consecutive prospective coding events (<100 ms), i.e., two prospective coding
events were considered to be part of the same compound event if they were hap-
pening on the same time frame or the following one after binning at 100 ms.
Clustering into compound prospective coding events was linearly additive; if cod-
ing events occurred at t, t+100ms, or t+200ms, a single compound prospective
coding event of length = 3 was considered.

Software. Confocal and microscope images were open and processed with Fiji/
ImageJ v2.1 (NIH); linear transformation of brightness and contrast was applied
uniformly and equally to all compared images or channels. Calcium video process-
ing was performed as described above using IDPS v1.6 and publically available or
custom Python code. Statistical analysis was performed with GraphPad Prism v7.

Note. While this manuscript was in preparation, an independent report of cal-
cium imaging in rats running along a linear track was published (27). This report
showed that a high proportion of cells can be PCs in such an apparatus. Our
study confirms this finding by using a rigorous mutual information criterion to
identify PCs and goes on to deploy this imaging technology to gather insight
into hippocampal function during decision-making.

Spatial recency within a well-leamed context can be encoded and accessed
remarkably fast. These observations complement those in another report, which
was published while this manuscript was in preparation, to the effect that hippo-
campal representations can emerge after only a limited number of trials (48).
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Data, Materials, and Software Availability. All study data are included
in the article and/or S/ Appendix. The data are available at https:/
datashare.ed.ac.uk/handle/10283/4760. The software used for data analy-
sis is available at https://github.com/rufusmitchellheggs/Neural-Predictive-Spatial-
Coding (60).
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Chapter 5

Appendix

5.1 Keggin-type polyoxometalates as Cu(ll) chelators
in the context of Alzheimer’s disease

Prior to my PhD, | worked as a research assistant at the Laboratoire de Chimie
de Coordination (LCC) - Centre Nationale de la Researche Scientifique (CNRS) -
Toulouse, France. | researched the in-vitro interaction of a chemical agent with A3
plaques (one of the key hallmarks of AD). Progressing to my PhD, this early work was
put forward for publication and | was invited to review my updated work. The details
of the paper are outlined below.

A key pillar of AD research is the study of the formation of A plagues and how
they induce neurotoxicity. First, amyloid precursor protein (APP) breaks down into A3
monomers which go on to aggregate into toxic oligomers and eventually senile A
plaques. Importantly, A plaques possess metal binding residues that often coordin-
ate metal ions such as Copper (Cu), Zinc (Zn) and Iron (Fe). Not only do these metal
ions aid the assembly of AB plaques, but in the presence of oligomers, they have
been linked to the production of reactive oxygen species (ROS) and downstream
neurotoxicity (Das et al., 2021). Therefore, targeting these metal ions may present a
candidate for diminishing the negative impact of A plaques.

The (Atrian-Blasco et al., 2022) study explores how in-vitro A plaques can be tar-
geted and reduced by removing metal ions such as Cu(ll) that are involved in AB
aggregation and ROS generation. Specifically, the paper aimed to analyse the effect-
iveness of a class of compounds called Keggin-type polyoxometalate (POM) chelators
in the presence of A plagues in-vivo. To achieve this, two candidate POMS were
investigated on their ability to bind free Cu(ll) ions and Cu(ll) ions in the presence of
AB40 and AB 16 sub-types. By studying their UV-vis and absorption spectra, the study
discovered that both POMs were able to successfully remove Cu(ll) from AB peptides.
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This in turn was found to guide A peptides into more stable mature fibrils. This study
adds to the understanding of the role of metal coordination in A3 aggregation and
highlights its importance when developing novel therapies. The chelating capacity
of POMS, coupled with the fact that they are non-toxic and can pass the blood-
brain barrier thus presents them as a potential drug candidate for metal-targeted
AD therapy. Furthermore, with the pursuit of effective therapies still underway, it is
paramount that additional angles of treatment are explored.

Personal contribution: In this study, my contribution required that | leverage my back-
ground in Biochemistry to run wet-lab protocols. These included preparing in-vitro A3
assays in the presence of POMS and running UV-vis spectroscopy and absorption
experiments at distinct time points to define their effectiveness. | also contributed to
the analysis of the results and reviewed the main text.
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Two Keggin polyoxometalates were used as new copper ligands to
counteract the effects of Cu'(Amyloid-p) interaction. Their ability to
remove Cu'" from Cu''(Amyloid-p), to stop Cu''(Amyloid-p) induced
formation of reactive oxygen species and to restore apo-like self-
assembly of Cu'"(Amyloid-p) was shown.

Alzheimer’s disease (AD) is a debilitating and devastating
mental disorder and the most widespread kind of dementia.
Due to the aging of the population and the lack of curative
treatments, the number of AD patients will increase dramati-
cally in the near future, putting the health care system under an
incredibly huge pressure.’ This underlines the need for alter-
natives to the current therapeutic options. AD is characterized
by the presence of extra-cellular deposits of highly ordered
supra-molecular assemblies of the Amyloid-B (AB) peptide, the
so-called senile or amyloid plaques in specific regions of the
brain. The AB peptide indeed belongs to the amyloid-forming
peptide family that also includes amylin and o-synuclein,
involved in Type II diabetes and Parkinson’s diseases
respectively.” The main forms of Ap peptides are made of 39
to 43 amino acid residues, with the 40 amino-acids sequence
being the most studied. Apart from the N-terminal hydrophilic
part (up to the 16 residues), the peptide is mainly hydrophobic
with the LVVF moiety and the C-terminal sequence involved in
its self-assembly. This process known as aggregation finally
leads to the formation of highly stable B-sheets rich structures
(amyloids) that gather into the senile plaques.® The 16 residues
N-terminal sequence contains several metal binding residues
(mainly histidine and carboxylate-containing residues) involved
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Keggin-type polyoxometalates as Cu(i) chelators
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in the coordination of d-block ions, mainly Copper and Zinc.?
Based on that ability and the abnormally high level of Cu, Zn
and Fe found in the senile plaques, and in line with many
in vitro studies that have shown a role of metal ions in the
modulation of AP self-assembly, metal ions are regarded as
biologically relevant partner of amyloid formation and related
toxicity.>® Cu-bound to AP can catalyze the production of
reactive oxygen species (ROS) and thus may contribute to the
overall oxidative stress observed in the disease.®
Polyoxometalates (POMs) are oxoclusters of early transition
metal ions that have found applications in various fields from
catalysis to material science. They result from the polycondensation
in acidic media of oxoanions such as WO,>", templated or not by p-
oxoanions (PO,*~, SiO,"", etc.). Controlled basic degradation of
complete POMs can lead to lacunary POMs, which are very efficient
all-inorganic ligands. Among the proposed biochemical and medi-
cal applications of POMs, ™ their interactions with peptides and
proteins have been gaining interest over the last years.'”'* For
example, Prusiner and co-workers have studied the ability of
different POMs, mainly Keggin-type (Scheme 1), to promote the
aggregation of the toxic form of the prion protein.'? The modulating
activity of the POMs relies on their electrostatic interactions with the
positively charged amino acids of the protein, while their size may
also play a role."* While it has been proposed that various types of
POMs could modulate AP aggregation via electrostatic
interaction,"™® Qu et al. reported that transition metal substituted
POMs (MS-POMs) were even more efficient, presumably via

Scheme 1 K*7, K,® and Ku® structures (M" is a d-metal dication,
w = water molecule).

Chem. Commun., 2022, 58, 2367-2370 | 2367
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additional coordination bond between metal ion and the histidine
residues of AB."”” While POMs, including MS-POMs, were used to
tune AP self-assembly, there is no report on the use of POMs as
chelating agents (in the context of AD), although giant POMs were
shown to alter Cu"(AB) and Zn"(AB) aggregation due to multiple
weak electrostatic interactions with the metal ions.'®

Up to now, no lacunary POM has been studied for its ability
to remove Cu" bound to AB and to prevent resulting effects with
respect to AP aggregation and Cu(AB)-induced ROS production
and thus to act as a classical chelator but with the extra ability
to modify AP aggregation on its own. This is the core of the
present communication, where we present a detailed study of
the influence of K,[0-SiW;,0,0] (K,o[K]-10H,0) and its mono-
lacunary derivative Kg[o-SiW;4030] (Kgo[K/]-18H,0) on Cu and
Cu(AB)-induced ROS production and on aggregation of Ap (with
or without Cu"). This first study may open new routes of
research with POMs as efficient chelating agents in the AD
context.

K* and K,*  (Scheme 1) are composed of a central Si(tv)
surrounded by four atoms of oxygen, which connect the central
Si to twelve (K*7) or eleven (K,®7) W(VI) cations each in an
octahedral WO, environment. Since K*~ is known to generate
K, at pH > 4,'® we probed this transformation under our
working conditions. Evolution of the O to W charge transfer
bands around 240 nm in a pH 6.9 HEPES buffer shows that this
conversion takes place over 90 minutes (Fig. S1A, ESIT) while
K,®" is stable (Fig. S1B, ESI{) in line with reported aqueous
solution stability properties.’® In the presence of Cu(m), the
formation of the [0-SiW;;050Cu(OH,)]®” (Kco® ) anion from
K"~ or K,®7, respectively takes about one hour or is instanta-
neous as attested by the kinetic monitoring of the appearance
of a new band at 253 nm corresponding to the generation of the
MS-POM (Fig. S1, ESL,} panels C and D). Coordination of Cu" to
the POM anion is also confirmed by a broad and weak d-d band
with maximum at 865 nm (¢ = 40 M~' ecm ') and an EPR
spectrum characteristic of a Cu™ ion lying in a Dy, geometry
surrounded by five oxygen atoms from the POM and a water
molecule (Fig. 1A and C), in line with literature.”®

Once the ability of K*~ and K,*~ to coordinate Cu(n) was
checked, their ability to retrieve Cu(u) bound to Ap was studied.
The evolution of the characteristic d-d band of the Cu(Ap)
complex at 625 nm was followed by UV-vis spectroscopy after
the addition of either K,*~ or K*~ (Fig. 1, panels A and B). The
observed full disappearance of the Cu(A) signature indicates
that both POMs can completely remove Cu(u) from the peptide
to form the Kc,® . While the removal has a time of half
completion of 40 minutes with K*~, it is instantaneous with
K,*". This was also observed by EPR, where K*~ completely
removes Cu" from AB after a 3 hours incubation time while the
EPR spectrum measured just after addition of K,*~ to a Cu(Ap)
solution shows already signatures of the K,° as a largely
predominant species (Fig. 1, panel C).

The thorough inspection of the UV-Vis but mainly the EPR
spectrum of the complex formed by the addition of K*~ or K,*~
to Cu(Ap) slightly differs from that of the in situ generated
Kco®~ (without AB). An additional small peak at 335 mT is
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Fig. 1 (A) UV-Vis spectra of Cu' + K,® (a, dark green) and Cu(AB) + K,®~
-(c, green), (B) Kinetic monitoring of Cu(AB) + K%~ (f, black) starting
spectrum and (d, green) last spectrum, once the reaction is completed.
Spectrum measured at 5 (brown), 20 (red), 40 (dark orange), 70 (light
brown), 110 (dark brown) and 170 minutes (light green, d) after the addition
of K*~ to Cu(AB). Conditions: [ABse] = [K*"] = 500 pM, [Cu"] = 450 pM,
[HEPES] = 100 mM pH 6.9, / = 1 cm, under stirring, T = 25 °C. (C) EPR
spectra of: Cu(AB) (f, black); Cu(AB) + K* at to (e, grey) and t (d, light
green); Cu(Ap) + K,®~ (c, green, at t, or t), Culi) + 4 equiv. (AB) + 1 equiv.
K/B (b, turquoise) and Cu(n) + K% (a, dark green). Spectra at to were taken
just after the addition of K, or K* to the Cu(Ap) solution, and after 1 day
of incubation for t. Conditions: [ABse] = [K,2~ or K*7] = 200 puM, [*°Cu"] =
180 pM, [HEPES] = 100 mM pH 6.9, 10% glycerol as cryoprotectant. v =
9.47 GHz, T = 120 K, microwave power = 20 mW, modulation amplitude =
0.5mT.

indeed detected (Fig. 1, panel C, blue vertical line). Linear
combinations of the EPR spectra of Cu(AB) and Kc¢,"~, which
could mirror the incomplete removal of Cu" from AP by the
POMs, failed to reproduce this EPR signal thus pointing
strongly toward the formation of a ternary species. We propose
that this species corresponds to a complex between K¢,®~ and
AB, where AB may bind the Cu" ion on its sixth labile position.
This is confirmed by the increase of the relative intensity of the
peak induced by the presence of higher ratio of AB versus Kc,®~
(Fig. 1, panel C). This proposition is in line with the lability of
the water molecule bound to the MS-POMs,”" and with reported
interaction of Cu" in MS-POM with the imidazole from histi-
dine side-chains of AB peptides.*”

Since K* and K,*~ can bind Cu"out from the AP peptide,
their ability to stop the Cu(AB)-induced ROS production was
assayed, using a well-established ascorbate (Asc) consumption
experiment that mirrors the production of ROS.>* Briefly, under
aerobic conditions, Asc fuels the incomplete reduction of
dioxygen and thus the formation of ROS. The Asc consumption
is catalysed by the presence of Cu" or Cu"(Ap) leading to the
decrease of the absorbance at 265 nm (corresponding to Asc,
£=14500 M~ cm™ ). Two experiments were performed, either
starting from the +II redox state and including a short incuba-
tion with the POM (ca. 60 s) or with the POM added in the
course of Asc consumption (when absorbance equals 1), thus in
presence of both Cu' and Cu" ions. K,* can prevent the Asc

This journal is © The Royal Society of Chemistry 2022
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Fig. 2 Absorption (measured at 265 nm) monitoring of the effect K,®
(panel A) and K*~ (panel B) on Cu" and Cu"(Ap)-induced Asc consumption.
(A) dotted lines: data with Cu'" (green) and Cu"(AB) (blue) incubated first
with K,®~ during 60 s; plain lines: data with K,®~ added when Abs is at ca. 1
(indicated by arrows), during Asc consumption. Before POM addition the
curves corresponds to Asc consumption by Cu'" and Cu"(Ap). (B) Dotted
lines: data with Cu" (purple) and Cu"(AB) (pink) incubated first with K*~
during 60 s; plain lines: data with K%~ added when Abs is at ca. 1, during
Asc consumption. [ABse] = [K,2~, K*7] = 10 uM, [Cu"] = 9 uM, [HEPES] =
100 MM pH 69,/ =1cm, T=25°C.

consumption, both starting from Cu" and Cu"(AB) or when
added in the course of the experiment. There is indeed no
decrease in the Asc UV band in presence of K,*~ (Fig. 2, panel Ajw.
In contrast, K*~ is active only if incubated before Asc addi-
tion (Fig. 2, panel B), in line with the longer time required to
form K¢,°® ™.

In addition to its participation to oxidative stress, Cu" also affects
the aggregation path of the AB peptide.”® The self-assembly of A is
a very complex and multi-step mechanism, which can be viewed as
a nucleation-elongation supramolecular assembly, in which sec-
ondary nucleation by formed amyloids takes a predominant
part.>**® The low molecular weight intermediates present during
the aggregation are currently regarded as the most toxic species
(compared to the starting monomer and the final fibrils) and Cu"
has been proposed to promote their formation.?® To monitor AR
aggregation, the thioflavin-T (ThT) fluorescence screening assay was
used,”” and the morphology of the aggregates formed was observed
after 6 days using transmission electronic microscopy (TEM). Note
that as recently pointed out, due to the intrinsic auto-catalytic nature
of the aggregation process, the reproducibility of aggregation experi-
ments is fairly weak.® To secure robust results, we have thus
repeated several times the aggregation assays and have changed
several environmental parameters, mainly to avoid the so-called
“batch-dependent” effect. The results are described based on the
data shown in Fig. 3 that are representative of the trends observed in
all the experiments, and the range of values of the key kinetic
parameters of the 3 mathematically-analysed experiments are given
in Table S1 (ESIf) (see also Fig. S2, ESIT for an illustration of the
fitting). The aggregation curves for the apo-AB peptide§ show the
expected sigmoidal shape (Fig. 3, black line) characteristic of
amyloids formation,**® with the time evolution of the fluorescence
intensity being described by
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Fig. 3 Selection of representative ThT curves of the AB;_40 peptide (A) or
the Cu(AB4o) complex (B) in absence or presence of POMs. Panel A: apo-
ABao (black), ABao + 1 equiv. K~ (pink), AB.o + 1 equiv. K,®~(green). Panel B:
Cu(AB4o) (blue) formed at 0.9 equiv. of Cu(i), Cu(AB4o) + 1 equiv. K4 (light
green), Cu(AB4o) + 1 equiv. K2 (light pink) and apo-ABao (black) for direct
comparison. Conditions: [ABsol = 20 uM, [K,2~ or K*7] = 0 or 20 M,
[Cu(n] = 0 or 18 pM, [ThT] = 10 uM, [EDTA] = 0.1 uM, [HEPES] = 50 mM,
pH 6.9, T = 37 °C. The pH, controlled after the completion of the
aggregation process, remains at 6.9 for all conditions. All the curves
corresponding to this experiment (noted N°1), are given in the ESIt along
with simulated curves.

t,, is the time necessary to reach half of AF, the variation of ThT
fluorescence intensity; & is the growth rate mirroring the formation
of fibrils. Overall, in presence of K,*~ or K*~, the maximum of
fluorescence intensity is increased by about 2 to 3-fold and the ¢, is
increased by about 10 to 20% compared to Af (Fig. 3, panel A). The
important increase in the final fluorescence reflects the formation of
more fibrils and/or the formation of more ordered fibrils inducing a
higher enhancement of the ThT fluorescence. No statistically-
meaningful differences were observed between K,*~ or K* in line
with the quite rapid evolution of K*~ to K,*~ compared to the time
scale of the aggregation (Table S1, ESIT). By TEM (Fig. S3, ESIt), the
pictures show long and twisted A fibrils in absence of POM; while
in presence of POM, more abundant and longer fibrils are observed.
In presence of Cu", the aggregation curve shows a two-step path
where the ThT fluorescence increases during the first five hours
followed by a second ill-defined and smooth sigmoid-like increase.
The resulting fluorescence is weaker than in absence of Cu" by
about 15%. This kinetic profile is reminiscent of published data on
Cu" modulation of AB aggregation,* and mirrors the formation of
less-ordered aggregates. In presence of K,*~ or K*~, the kinetic of
the ThT fluorescence is dramatically changed with curves that
resemble those obtained upon addition of K,* or K*~ on the apo
AB (Fig. 3, panel B). In the TEM pictures, in presence of Cu", the AR
fibrils are shorter, thicker and less abundant than with the apo-
peptide, but in presence of POM very long and thin fibrils are
recovered. This indicates that the in situ generated Keoo™ has a
similar effect on AB aggregation than its apo counterparts, K>~ or
K", id est redirecting the AP aggregation towards more fibrillar
species. Deeper inspection of the ThT fluorescence curves reveals
that the t,, value of the Cu(AB) aggregation in presence of K,*~ or
K*~ is increased by about 20% (Table S1, ESIt) compared to those of
AP in presence of K,®~ or K*". Hence, the in situ generated Keoo™
has a slightly increased ability to delay AP self-assembly effect
compared K,*~ (or K**). This may be linked to the difference in
the net charge and/or in the possibility to form coordination bond
between Ke,*~ (but not K, nor K*~) and some of the amino-acid
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side chains of the AB peptide. Under our working conditions, K,*"/
K* and Kc,*~ interact with AB promoting the formation of highly
ordered fibrils. This is different to previous data on other POMs and
MS-POMs, which were shown to reduce ThT intensity by 40 to 80%
depending on the substituted cations.">"” The origin of such
discrepancy has to be understood but will require an in-depth
investigation of the modes of interaction of POM with AB peptide
(currently under investigation) that is beyond the scope of the
present communication, while the exact nature of the POM and
different working conditions may be part of the explanation. The
enhancement of amyloid formation is however highly reminiscent
to what has been observed for linear polyphosphates, a biological
polyanion.”® The most remarkable effect of the studied POMs on
Cu" modulated AP aggregation is their double mode of action.
Indeed they (i) remove Cu" from AB preventing the formation of ill-
defined Cu(Ap) aggregates, regarded as the most deleterious with
respect to AD,*® and (ii) then the in situ generated K¢,®~ reshapes
the aggregation kinetic and species towards a better defined
sigmoidal process and the formation of mature fibrils, respectively.
Most of the ligands reported in the literature can restore apo-
aggregation if they are able to retrieve Cu" from AB,*! but have no
additional effect.

In summary, our results provide new insights on the use of
POM s in the context of AD. Their ability to coordinate Cu" out
of the AB was first assessed: K,/*~ is readily effective, while K*~
needs first to lose one WO** unit to form K,®~. Once the K¢,*~
has formed, a redox inert and stable complex is obtained. Both
POMs induce the formation of more-ordered AP aggregates
(higher B-sheet contents) including in the presence of Cu'.
Hence the two POMs studied here fulfil criteria to be appro-
priate Cu" chelators in the context of AD. Indeed preventing
Cu" interaction with AB is of interest for metal-based therapy
against AD, as this prevents the formation of toxic oligomers
and the deleterious production of ROS. In fact, the POMs
studied “kill two birds with one stone” since they not only stop
Cu(AB) ROS production but also redirect aggregation towards
mature fibrils regardless of the presence of Cu. Previous studies
have shown that POMs do not produce toxicity and are capable
of passing the blood-brain barrier.'” Therefore, K*~ and K,*~
could be promising drug candidates. The effects of POMs with
different shape/size both on prevention of Cu"- and Cu'"(AB)-
induced ROS and on the modulation of AP assembly are
currently under study in our group.
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Notes and references

§ The shorter AB, peptide has been used as a valuable model for Cu(u)
binding to the full length AB4, or AB,, peptides for the experiments
studying the coordination and the ROS production. The longer A4
peptide has been used for the experiments involving aggregation. No
differences between the short and full-length AR peptides have been
observed for their binding Cu(u) coordination, binding affinity or ROS
production.’
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