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ABSTRACT

The hippocampus is critical for forming and stabilizing spatial memories. Within the classic
trisynaptic circuit inside the hippocampus, CAL is the output region of the hippocampus and
place cells in CA1 are considered to collectively support spatial representations. While the
contribution of unilateral or bilateral CA3 inputs to CA1 (Schaffer collateral pathway) have been
well characterized, less is known about how inputs from the left and right CA3 differentially
shape spatial representation in CA1. Most models of hippocampal function treat CA3 as a
unified region and overlook the possibility of hemispheric specialization within its projections.
Recent work has pointed to lateralized features of hippocampal circuitry primarily at the
molecular and behavioral levels, yet the functional relevance of this hemispheric asymmetry
among place cells in vivo remains poorly understood.

In this dissertation, | examine how left and right CA3 projections differentially contribute
to the development and stabilization of spatial representations in right CA1 (CA1R) during
learning. Using two-photon calcium imaging and optogenetic inhibition in head-fixed mice
navigating a virtual environment, | characterize how CA1R spatial maps evolve over experience
and how CAS3 inputs support this process across distinct phases of learning. I find that CA1R
maps emerge upon immediate novel exposure but are initially inaccurate. Over repeated laps,
spatial maps gradually improve and stabilize after ~10 laps (early-phase), with later laps marking
stability (late-phase). In the early phase, both CA3 inputs contribute to place field formation, but

right CA3 inputs predominantly drive high-amplitude, reliable fields that support the



development of accurate spatial representations. In the late phase, left CA3 inputs become more
prominent, supporting the maintenance of stable and reliable fields.

Complementary recordings of CA3 axonal activity within CALR further reveal this
dynamic hemispheric shift. Right CA3 axons exhibit elevated activity during the early phase,
consistent with a role in supporting novel experience encoding. As learning continues and the
environment becomes familiar, left CA3 axons show increased activity, aligning with their
involvement in maintaining stable representations. These findings reveal a dynamic, experience-
dependent shift in hemispheric contributions to spatial coding in CA1, moving from right-
dominant during early learning to left-dominant during later stabilization.

Taken together, these results suggest that CA3 inputs are functionally lateralized and that
their roles in spatial representation evolve across phases of learning. In Chapter 1, I introduce the
motivation for this work and review prior literature on hippocampal lateralization and
familiarization in novel environments. In Chapter 2, I describe the computational methods |
developed to detect and functionally analyze the activity of CA3 inputs with axonal resolution.
In Chapter 3, | present evidence for hemispheric differences in the dynamics and influence of
CA3 projections on CA1 spatial representations and how these differences switch between
learning and post-learning phases of experiences. This work provides new insight into how
dynamic lateralized hippocampal inputs support the evolution of spatial representations and lays

the foundation for future work on experience-dependent memory processing.



CHAPTER 1

INTRODUCTION
Learning and memory are essential functions of the brain. The ability to learn from experience
and retrieve information when needed is crucial for adaptive behavior and survival by avoiding
danger and maximizing rewards. Beyond just survival, in humans, this cognitive capacity is also
central to our sense of self, shaping our perception of the world and interaction with the
environment. When the brain’s memory systems are impaired in neurological disorders such as
Alzheimer’s disease (Masurkar 2018; Fjell et al. 2014), individuals experience cognitive deficits
associated with memory loss and troubles with everyday tasks. Gaining insights into how
memories are formed, consolidated, and retrieved is critical for comprehending brain functions
and serves as a foundational step to developing effective treatments to memory disorders.

Over decades of memory research, memory can be divided into short-term memory and
long-term memory (Norris 2017; Cowan 2008; Andersen et al. 2006). Short-term memory
transiently holds information relevant to the immediate tasks. The duration is estimated to be on
the order of seconds. Long-term memory involves the retention of information over extended
periods potentially indefinitely. Short-term memory can be transferred to long-term memory.
Long-term memory can be further divided into non-declarative memory and declarative memory.
Non-declarative memory is acquired and used unconsciously whereas declarative memory refers
to all memories that can be consciously recalled. Declarative memory depends on the

hippocampus and is the focus of this thesis.

1.1 What does the hippocampus do?
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The understanding that the hippocampus is required for the formation of new declarative
memory was only widely recognized after a series of studies of the patient H.M.. Patient H.M.
suffered from epilepsy and underwent surgical removal of bilateral medial temporal lobes that
included bilateral hippocampi (Scoville and Milner 1957) as the treatment. After the surgery,
H.M. had epilepsy under control but suffered from inability to form new declarative memories.
Interestingly, both procedural memory and declarative memory that existed well before his
surgery were undisturbed. The early descriptions of H.M. indicated the importance of the
hippocampus to forming new declarative memory and marked the beginning of the modern era
memory research (Squire 2009).

Inspired by the patient studies, researchers began recording from rat hippocampus to
investigate what memories looked like at the single cell level. They initially anticipated that
these cells would encode specific aspects of experience, such as visual or sensory details from
the environment (O’Keefe 2014). However, surprisingly, they discovered “place cells” that fired
consistently at specific locations of a given environment (O’Keefe and Dostrovsky 1971). These
cells provided the first physiological basis for spatial representation. Based on the finding, they
proposed that the function of the hippocampus is to provide an internal representation of space in
the brain through collection of place cells, termed cognitive map theory (Tolman 1948),
implying that spatial cognition is at the core of memory. The profound implications of this
theory, along with key findings from the parahippocampal formation, were later recognized with
a Nobel Prize “for their discoveries of cells that constitute a positioning system in the brain”.

Indeed, place cells are strongly modulated by space and cover the entire path as animals
traverse in environments (Dong, Madar, and Sheffield 2021; Krishnan et al. 2022; J. S. Lee et al.

2020). Furthermore, optogenetic excitation of place cells that represent reward locations can
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strongly bias reward-related behavior, even when they are activated at locations far from the
reward, providing evidence for a causal role of place cells in supporting spatial navigation and
memory (Robinson et al. 2020). Nevertheless, place cells encode not just spatial information, but
are also shown to be strongly modulated by time (MacDonald et al. 2011; Whittington et al.
2020), sensory cues like auditory tones and odor (Jeffery 2007; Moita et al. 2003; Best, White,
and Minai 2001), internal states (Krishnan et al. 2022; Flavell et al. 2022; Fenton 2024), novelty
(Kitanishi et al. 2015; Gomez-Océadiz et al. 2022; Lever et al. 2010; Larkin et al. 2014), rewards
(Krishnan et al. 2022; Nieh et al. 2021; J. S. Lee et al. 2020) etc. Beyond encoding specific
features of the physical space or supporting general spatial navigation, hippocampal neurons can
also form discrete firing fields in response to specific sound frequencies in a stationary non-
spatial auditory task (Aronov, Nevers, and Tank 2017). Interestingly, these “frequency fields”
also span the entire auditory task space, showing similar properties to place fields. These
findings suggest that the hippocampus employs common mechanisms to encode various task-
relevant variables, supporting cognitive processes beyond spatial navigation. Spatially tuned
place cells therefore may be an example of memory cells, reflecting a special case of memory
processes. Extending from just an internal representation of space, the hippocampus provides a
representation of episodic memories, reflecting the general experience of “where”, “what”, and
“when”. A growing body of research on hippocampal neural physiology supports the view that
the hippocampus provides an underlying scaffolding that binds the task-relevant and -irrelevant
information together to allow for memories to be sustained, updated, consolidated, and retrieved
as animals experience the world (Geva et al. 2023; Keinath, Mosser, and Brandon 2022; Ziv et
al. 2013; Klur et al. 2009; R. P. Kesner 2007; Nakazawa et al. 2002; Guo et al. 2024; Gava et al.

2021).



1.2 The anatomy of the hippocampus
The hippocampus is a cortical structure deep in the medial temporal lobe with a seahorse shape.
As part of the archicortex, the hippocampus is evolutionarily older than the neocortex and
conserved across animal species including mammals, birds, and reptiles, supporting memory
functions in all these animal groups (T. A. Allen and Fortin 2013; Andersen et al. 2006; West
1990). It has a very different anatomical structure from the neocortex. For instance, the
mammalian neocortex has multiple functional areas, each generally contains six layers of
neurons; the hippocampus is divided into two regions, the dentate gyrus (DG) and the cornus
ammonis (CA), each having only three layers of cells. CA can be further divided into CA3, CA2,
and CA1, which all are interconnected. In a classic textbook style illustration of hippocampal
circuit, the information in the hippocampus is predominately unidirectional through the
trisynaptic circuit. Although by contemporary standards the trisynaptic circuit is oversimplified
(Knierim 2015), it has been historically important and represents major pathways. The entorhinal
cortex (EC) is the main source of inputs to the hippocampus through the performant path to
synapse with the DG neurons. DG neurons project to CA3 and CA2 through mossy fibers. CA3
and CA2 project to CA1 through Schaffer collaterals. CA1 neurons as the output of the

hippocampus project to the subiculum and entorhinal cortex.
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Figure 1.1: Ilustration of trisynaptic circuit. (a) Depiction of major excitatory trisynaptic circuit
(EC-DG-CA3-CA1-EC). LPP: lateral perforant pathway, MPP: medial perforant pathway. (b)
Diagram of hippocampal network. Trisynaptic circuit in solid arrows. CA3 and CAL also receive
direct input from EC. The dentate granule cells also project to the mossy cells in the hilus and
hilar interneurons, which send excitatory and inhibitory projections, respectively, back to the
granule cells. TA: temporoammonic pathway. (Deng, Aimone, and Gage 2010)



The trisynaptic circuit is traditionally recognized for its major excitatory projections
within the hippocampus, serving as a fundamental pathway for the flow of information from the
dentate gyrus to CAL. However, this circuit is oversimplified and ignores interhemispheric
connections within the hippocampus. In particular, the CA3 region not only project massively to
bilateral CA1, it also projects to itself in the same or opposite hemisphere. In rat hippocampus, it
is estimated that between 30% and 75% of synapses are formed between pairs of CA3 pyramidal
neurons (X.-G. Li et al. 1994) and 0.92% of CA3 neurons within the population are synaptically
connected, a rate significantly higher than in a randomly connected network (Guzman et al.,
2016). Theorists propose that the robust autoassociative connectivity renders CA3 especially
well-suited for pattern completion, a computational process through which a complete memory
can be retrieved from partial or noisy inputs (Raymond P. Kesner and Rolls 2015; H. Lee,
GoodSmith, and Knierim 2020). For example, how we can still recognize the same park in the
context of different seasons with different sceneries. Inspired by the biological structure of CA3,
the Hopfield network provided a theoretical model for achieving pattern completion, and
Hopfield himself was later awarded the Nobel prize of physics in 2024 for this work.

The Hopfield network is at the foundation of today’s advancements in artificial
intelligence. In the context of hippocampal function, it provides a framework for understanding
how neural circuits, particularly in the CA3 region, can retrieve complete memory
representations from partial or degraded inputs. However, a key limitation of this model is its
restricted storage capacity—only a limited number of patterns can be stored before the network
begins to experience memory interference (H. Lee, GoodSmith, and Knierim 2020). This
includes issues such as newer memories overwriting older ones or the retrieval of incorrect,

overlapping patterns, a phenomenon known as catastrophic interference. To overcome this
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challenge, theorists have proposed that orthogonalization must occur prior to pattern completion
to enhance the fidelity of memory storage and retrieval. The DG is thought to carry out this
function through a process termed pattern separation, in which it transforms similar sensory
inputs from the EC into sparse and decorrelated activity patterns that are then relayed to CA3
(YYassa and Stark 2011; McNaughton and Nadel 1990; Cayco-Gajic and Silver 2019).
Experimental evidence from studies of DG granule cells has further supported the role of the DG
in facilitating pattern separation (Madar, Ewell, and Jones 2019; GoodSmith et al. 2019, 2017;
Kim et al. 2023; Leutgeb et al. 2007).

Within the trisynaptic circuit, DG is considered as the critical region for pattern
separation and CA3 for pattern completion, CA1 is the output region of hippocampus and thus
viewed as a key integrator and translator of information to the neocortex (H. Lee, GoodSmith,
and Knierim 2020). CA1 receives converging inputs from CA3 via the Schaffer collaterals and
from the entorhinal cortex via the temporoammonic pathway, allowing it to integrate signals
before transmitting them outward.

In addition to receiving strong excitatory inputs from CA3 and the entorhinal cortex, CA1l
also integrates inhibitory inputs from a diverse array of interneuron subtypes. These
interneurons, including parvalbumin-expressing (PV+) basket cells and somatostatin-positive
(SOM+) oriens-lacunosum moleculare (O-LM) cells, play critical roles in regulating excitatory
output and shaping experience-dependent learning through local circuit computations (Jeong and
Singer 2022; K. Allen and Monyer 2015; Pedrosa and Clopath 2020). Beyond these canonical
circuit elements, neuromodulatory inputs to CA1 also make essential contributions to spatial
representation and learning by modulating the excitability and synaptic plasticity of CAl

pyramidal neurons (Takeuchi et al. 2016; Duszkiewicz et al. 2019). These diverse inputs and
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their complex interactions enable CAL to perform functions that go beyond simple feedforward
integration. Instead, CA1 engages in dynamic internal processing, allowing for adaptive
computation and the refinement of spatial memory representations in response to experience
(Cohen, Bolstad, and Lee 2017; Geiller, Priestley, and Losonczy 2023; Bilash et al. 2023; Rolotti
et al. 2022; Adaikkan et al. 2024; Pedrosa and Clopath 2020).

To summarize, anatomically, information flows from the entorhinal cortex to DG
(perforant path), DG to CA3 (mossy fibers), CA3 to CAL (Schaffer collaterals), and finally from
CA1 back to the entorhinal cortex and other cortical areas, completing the hippocampal-cortical
loop. This organization underlies the hippocampus's ability to transform and relay episodic and

spatial information with high specificity and fidelity.

1.3 Hemispheric asymmetry in CA3-CA1 synapses

While the trisynaptic circuit provides a foundational framework for understanding hippocampal
information processing, it is oversimplified and does not account for significant hemispheric
differences in hippocampal structure and function. In particular, evidence reveals that CA3—-CAl
synapses exhibit marked hemispheric asymmetries in their molecular composition, synaptic
physiology, and functional contributions to memory (Shipton et al. 2014; Kohl et al. 2011,
Shinohara et al. 2008; Kawakami et al. 2003; EI-Gaby et al. 2016, 2021; Guan et al. 2021; Song
et al. 2020; Klur et al. 2009). These findings challenge the assumption of a uniform hippocampal
circuit and point to lateralized specializations that may play distinct roles in learning and
memory.

CAL can be divided into four layers: stratum oriens (s.0.), stratum pyramidale (s.p.),

stratum radiatum (s.r.), and stratum lacunosum moleculare (s.I.m.). Pyramidal cells in CA1 have
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cell bodies densely packed in the s.p. layer with basal dendrites extending into the s.0. and apical
dendrites into the s.r. and s.I.m.. The majority of excitatory inputs from bilateral CA3 synapses
with CALl in the s.0. and s.r.. Interestingly, tracing studies found that at the right dorsal CA1,
more of the right CA3 inputs innervate at s.r. as compared to more of the left CA3 inputs
innervate at s.0. (the ratio between left and right at s.r.: 1:2 and s.0.: 10:7) (Tao et al. 2021;
Shinohara et al. 2012). Such innervation patterns suggest different dendritic computation may

occur at the different layers (Ashby et al. 2021; Wright, Hedrick, and Komiyama 2025).
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Figure 1.2: Illustration of CA1 layers and circuitry. A. CA1 in relation to other subregions of
hippocampus. B. CA1 pyramidal neuron excitatory (triangle) and inhibitory (circle) inputs to
different parts of its apical dendrite in SR, SLM and basal dendrite in SO. Distal apical dendrite
receives direct input from entorhinal cortex (EC) and nucleus reuniens of thalamus (nRT).
Indirect EC input arrives at the proximal apical dendrite, via DG and CAS3, or at the basal
dendrite, from CA2. Each pathway can elicit inhibition in feedforward fashion. (Masurkar 2018)
In addition to differences in the laminar innervation patterns from the left and right CA3
to CAL, interestingly, studies also showed that the CA3-CA1 synapses differ in size, shape, and
glutamate receptor subunits depending on the laterality of CA3 hemispheric origin (Shinohara et

al. 2008; Kawakami et al. 2003). Specifically, CA1 spines receiving input from the left CA3—
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regardless of whether they are located in the left or right CA1l—are smaller in size (typically thin
spines) and exhibit higher expression of the NMDA receptor subunit GIuN2B (also known as
NR2B). In contrast, CA1 spines receiving input from the right CA3 tend to be larger (mushroom-
shaped spines), express higher levels of the AMPA receptor subunit GluA1, and have lower
levels of GIuN2B. GIuALl is an AMPA receptor subunit, crucial for fast excitatory
neurotransmission. GIuUN2B is a NMDA receptor subunit, known for supporting synaptic
plasticity. Notably, spines with richer GIuUN2B density have a greater capacity for long-term
potential (LTP) than those with lower GIUN2B density (Shipton and Paulsen 2014). These
findings suggest that while CA1 synapses receiving right CA3 input may support stronger
baseline transmission due to larger spine size and higher GluAl density, synapses receiving input
from the left CA3 may possess a greater potential for LTP.

Consistent with this hypothesis, electrophysiology studies demonstrated a hemispheric
asymmetry at CA3-CAL synapses on LTP capacity (Shipton et al. 2014; Kohl et al. 2011). In
particular, using high-frequency stimulation and spike-timing dependent plasticity protocols,
LTP was only inducible at CA1 synapses receiving input from the left CA3, but not from the
right CA3. These findings support the idea that LTP capacity at CA3—CAL synapses is
determined by the hemispheric origin of CA3 input. Moreover, the inability to induce LTP at
right CA3—-CAL1 synapses indicates that these synapses may already operate near a close to
saturation level of synaptic strength, potentially reflecting a trade-off between stable
transmission and plastic potential.

Interestingly, CA3-CAL synapses are initially rich in GIuN2B subunits at birth with no
hemispheric asymmetry observed (Shipton and Paulsen 2014; EI-Gaby, Shipton, and Paulsen

2015). During development, as the brain matures, a shift from GIuN2B to GIuN2A occurs at the

12



right CA3-CA1, whereas left CA3-CA1 synapses maintain a high GIuN2B density, preserving a
more "immature,” plastic state (EI-Gaby, Shipton, and Paulsen 2015). The exact mechanisms
driving this hemispheric divergence remain unknown. One hypothesis proposes that this
molecular asymmetry reflects a functional specialization, whereby right CA3—CAL synapses
support rapid, one-trial learning through preconfigured networks built during development and
left CA3—CAL synapses enable more flexible, plastic encoding of new information that can be

modified and integrated into existing representation (EI-Gaby, Shipton, and Paulsen 2015).

Behavioral studies have provided partial support for this theory of hemispheric specialization in
hippocampal function. In a long-term spatial learning task, mice were trained to locate a reward
in a'Y maze. Optogenetic inhibition of left CA3 during learning impaired task acquisition after
11 days of training, whereas right CA3 inhibition had no such effect, with mice displaying
behavioral performance comparable to controls (Shipton et al. 2014). A follow-up study further
localized this effect by selectively inhibiting left CA3 inputs to bilateral CA1, which produced
similar impairments in learning, thereby narrowing the critical site of action to the CA3-CA1
synapses (El-Gaby et al. 2016). Together, these findings highlight the essential role of left CA3
input during spatial learning and support the theory that repeated training allows the left
hippocampus, via synaptic plasticity mechanisms, to assume responsibility for spatial memory,

while right CA3 input becomes less necessary over time.

However, this theory has been challenged by findings from a separate behavioral study.
Consistent with the optogenetic results, pharmacological inactivation of the left hippocampus
during learning impaired performance in the Morris water maze (Klur et al. 2009). Contrary to

the proposed theory, however, inactivation of the right hippocampus during memory retrieval
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also resulted in performance deficits. This finding suggests that the right hippocampus is
necessary for recall, even in well-learned tasks. Based on the results, the authors proposed an
information transfer theory that posits a hemispheric specialization with a leftward bias for
memory encoding and a rightward bias for memory retrieval. According to this framework,
interhemispheric communication is critical for successful task performance, as both hemispheres
contribute at distinct stages of learning. However, evidence from a study using split-brain
mice—where interhemispheric communication was disrupted through lesions to the ventral
hippocampal commissure and corpus callosum, combined with monocular visual deprivation—
complicates this view. Despite the forced reliance on a unilateral hippocampus, these mice were
still capable of acquiring a spatial memory task with repeated training (Shinohara, Hosoya,
Yamasaki, et al., 2012), raising questions about the necessity of interhemispheric transfer for
spatial learning.

In summary, prior molecular and synaptic physiology studies have demonstrated clear
hemispheric asymmetries at CA3—-CA1 synapses, with distinct properties depending on the left
or right hemispheric origin of CA3 (Shipton et al. 2014; Kohl et al. 2011; Kawakami et al. 2003;
Shinohara et al. 2008, 2012). However, a unifying theory that integrates findings across
molecular, synaptic, and behavioral levels to fully explain these lateralized functions remains
elusive. Behaviorally, the left hippocampus has been consistently implicated during learning
over repeated training, while the role of the right hippocampus remains more ambiguous.
Addressing this gap will require more evidence from cellular and systems levels, especially in
vivo recording across different stages of learning. In particular, the hemispheric contributions of

CA3 on CALl place cells remain unclear. Such work will be essential for clarifying the dynamic
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and potentially complementary contributions of the left and right hippocampus in spatial memory

processing.

1.4 The process of familiarization in a novel environment
The initial exposure to a novel environment causes distinct neural dynamics in the hippocampus.
This brief period—often limited to the first few minutes of exploration—represents a critical
time window during which the impact of neural activity appears amplified with
disproportionately strong influence on the establishment of spatial representations (Cohen,
Bolstad, and Lee 2017; Ashby et al. 2021; Kitanishi et al. 2015; Larkin et al. 2014; Tamboli et al.
2024; Priestley et al. 2022; Madar et al. 2025; S. Li et al. 2003).

Familiarization to a novel environment unfolds rapidly and engages mechanisms of
incidental spatial learning. During this early phase in a novel environment, animals engage in
exploratory behavior, often measured as a change in motor activity (e.g. distance traveled,
rearing, etc.). Such behavior are believed to reflect a process of acquiring critical information
about their surroundings—including potential food sources and threats—and constructing an
internal representation of space, or “cognitive map” (Leussis and Bolivar 2006). As exposure
continues and the environment becomes more familiar, exploratory behavior gradually
diminishes.

Notably, during this early phase of exploration, CA1 exhibits a rapid surge in place field
formation and a gradual organization into a stable spatial code. Place fields can emerge as early
as the first lap through a novel environment (Dong, Madar, and Sheffield 2021), suggesting that
CAL1 neurons are capable of generating a spatial representation immediately upon exposure.

Collectively, these early-forming place cells may offer a first-pass spatial map that can guide
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downstream processing. As animals continue to explore the same environment, more place cells
are formed and integrated into a coherent spatial representation. Interestingly, the presynaptic
inputs driving place cell activity show increased amplitude during initial novel exploration, but
this elevation is not sustained after place fields emerge or the environment becomes familiar
(Cohen, Bolstad, and Lee 2017). Moreover, the spatial tuning of these inputs—initially
inhomogeneous across novel environments—gradually become increasingly similar in both
within and outside of the place fields. These observations highlight that the earliest moments to
novelty creates a unique window with amplified impact, enabling rapid and robust spatial
encoding.

This transformation may be orchestrated by interneuron dynamics. In the early phase of a
novel environment, reduced activity in dendritic-targeting SOM+ interneurons enhances
excitability in CA1 pyramidal dendrites, facilitating robust synaptic potentiation (Sheffield,
Adoff, and Dombeck 2017; Geiller et al. 2022). Dendritic spikes are prevalent during this period,
further promoting plasticity. As the environment becomes familiar, dendritic-targeting
interneuron activity gradually increases, dendritic spike prevalence decreases, and inhibitory
circuits develop inverse spatial tuning relative to excitatory place cells (Geiller et al. 2022). This
shift marks a transition into a more stabilized representational state.

Notably, in contrast to the reduced activity observed in dendrite-targeting interneurons,
soma-targeting (PV+) interneurons exhibit a transient increase in activity upon exposure to a
novel environment (Sheffield, Adoff, and Dombeck 2017). PV+ interneurons in CA1 provide
fast-spiking perisomatic inhibition that, in concert with excitatory signals, plays a critical role in
regulating coordinated network events such as sharp wave ripples (SWRs) and gamma

oscillations (Hall and Wang 2023; Colgin and Moser 2010; K. Allen and Monyer 2015;
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Schlingloff et al. 2014). These oscillations are proposed to play important roles in memory
consolidation and inter-region communication. Consistent with elevated PV+ interneuron
activity, CA1 exhibits an increased occurrence rate of SWRs during novel exploration (Larkin et
al. 2014). Furthermore, during the first two minutes of novel exposure, CAl pyramidal neurons
show enhanced phase-locked firing to slow gamma oscillations when compared to familiar
environments (Kitanishi et al. 2015). This enhanced phase locking is dependent on the AMPA
receptor subunit GluA1. Genetic disruption of GIuAl in CA1 impairs phase-locked firing to slow
gamma oscillations and alters place field properties, including increased field size and reduced
in-field firing rate during initial novel exposure. These findings suggest that GIluA1-dependent
synaptic plasticity facilitates phase-locked firing and enables the rapid development of spatially
tuned activity in CAL place cells during early learning. As discussed in chapter 1.3 on
hemispheric asymmetry, GIuA1 subunit has a higher expression level on CA1 dendritic spines
that innervate with right CA3, implicating a potentially greater role for right CA3—-CAL1 synapses
in the early stages of spatial learning.

In parallel with changes in local inhibition and oscillatory events, during initial novel
exposure, neuromodulatory inputs from locus coeruleus (LC) in CA1 are rapidly elevated and
decline with experience (Heer and Sheffield 2024). LC inputs are considered to serve as a
novelty detector and drive novelty induced memory enhancement (Takeuchi et al. 2016). While
primarily associated with norepinephrine release, the LC also co-releases dopamine in the
hippocampus. Exposure to a novel environment promotes the induction of long-term potentiation
(LTP) at CAL synapses by lowering the threshold for LTP induction (S. Li et al. 2003). This
facilitation is dependent on dopamine D1/D5 receptor activation and is specific to novel, but not

familiar, environments—suggesting dopamine release from LC as a potential mechanism
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underlying novelty-facilitated learning. In addition, in CA3, LC input has been shown to be
essential for enabling rapid one-trial learning in a novel context (Wagatsuma et al. 2018).
Although the precise mechanisms through which LC activity facilitates place cell formation and
supports spatial learning remain unclear, these inputs represent another critical component of the
hippocampal response to novelty. By modulating excitability and plasticity during this early
phase, LC input likely works in concert with local inhibitory dynamics to establish the conditions
necessary for rapid spatial encoding (Pedrosa and Clopath 2020).

Moreover, behavioral timescale synaptic plasticity (BTSP) is most prominent early
during learning in a novel environment and declines with increasing familiarity (Madar et al.
2025; Priestley et al. 2022). BTSP is a non-Hebbian plasticity mechanism that enables drastic
modification in synaptic weights with single or a few trials and facilitates rapid place fields
formation (Bittner et al. 2017). In CA1, precisely timed convergent inputs from the entorhinal
cortex (EC) and CA3 can trigger dendritic plateau potentials, which in turn activate BTSP
mechanisms sufficient to induce the emergence of new place fields (Bittner et al. 2015). For
place fields that have already emerged, BTSP-like mechanisms can still exert powerful effects by
shifting the location and modulating the amplitude of their spatial firing (Madar et al. 2025;
Priestley et al. 2022). Thus, although BTSP-triggering events are relatively rare, they produce
highly impactful synaptic modifications. Altogether, the interplay of novelty-driven
neuromodulation, local inhibition dynamics, and BTSP may create a transient period of
heightened plasticity that supports the rapid encoding of novel spatial experiences. While much
of this work has focused on mechanisms within CA1, the upstream contributions from CA3 are
less well understood. In particular, how CA3 inputs help orchestrate the shift from early to late

phases of learning—and whether these inputs differ by hemisphere—remains an open question.
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To address this, my thesis investigates how left and right CA3 inputs differentially shape
experience-dependent CA1 spatial representations across distinct phases of memory formation.
Specifically, I used two-photon calcium imaging to record right CA1 place cell activity while
selectively inhibiting left or right CA3 inputs at key time points during and after learning: (1)
during the initial novel environment exploration, when behavioral measures indicate active
learning and CA1 representations are still forming and refining; and (2) after learning, when
exploration behavior plateaus and CA1 representations have stabilized. To gain further insight
into any hemispheric asymmetries from left and right CA3 to CAL, | also recorded CA3 axon
activity in CA1 to track how input dynamics from each hemisphere evolve over learning,
offering insight into their respective roles in modulating CA1 encoding. In Chapter 2, | will
describe the methods used to preprocess CA3 axon data in order to extract real physiological
signals, and in Chapter 3, I will present the findings. Together, this work reveals a differential

involvement of left and right CA3 inputs to CAL1 that switches during distinct stages of learning.
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CHAPTER 2

A PREPROCESSING TOOLBOX FOR 2-PHOTON SUBCELLULAR
CALCIUM IMAGING

ABSTRACT:

Recording the spiking activity from subcellular compartments of neurons such as axons and
dendrites during mouse behavior with 2-photon calcium imaging is increasingly common yet
remains challenging due to low signal-to-noise, inaccurate region-of-interest (ROI) identification,
movement artifacts, and difficulty in grouping ROIs from the same neuron. To address these
issues, we present a computationally efficient pre-processing pipeline for subcellular signal
detection, movement artifact identification, and ROl grouping. For subcellular signal detection,
we capture the frequency profile of calcium transient dynamics by applying Fast Fourier
Transform (FFT) on smoothed time-series calcium traces collected from axon ROIs. We then
apply band-pass filtering methods (e.g. 0.05 to 0.12 Hz) to select ROIs that contain frequencies
that match the power band of transients. To remove motion artifacts from z-plane movement, we
apply Principal Component Analysis on all calcium traces and use a Bottom-Up Segmentation
change-point detection model on the first principal component. After removing movement
artifacts, we further identify calcium transients from noise by analyzing their prominence and
duration. Finally, ROIs with high activity correlation are grouped using hierarchical or k-means
clustering. Using axon ROIs in the CA1 region, we confirm that both clustering methods
effectively determine the optimal number of clusters in pairwise correlation matrices, yielding

similar groupings to “ground truth” data. Our approach provides a guideline for standardizing the
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extraction of physiological signals from subcellular compartments during rodent behavior with 2-

photon calcium imaging.

Significance Statement

The SUBPREP pipeline is specifically designed to process calcium imaging data from axons,
dendrites, and other subcellular structures, which pose unique challenges due to their low signal-
to-noise ratios, susceptibility to movement artifacts, and complex morphologies. This pipeline
enables researchers to extract reliable physiological signals from noisy datasets, making it a
significant improvement over manual or neural network-based approaches. By addressing key
bottlenecks in subcellular imaging, this toolbox facilitates the standardization of preprocessing
workflows, which is critical for reproducibility and cross-study comparisons. These improvements
are especially timely as subcellular calcium imaging becomes increasingly common in
neuroscience research. SUBPREP’s potential for broad adoption, coupled with its ability to

uncover profound biological insights, makes it a valuable contribution to in vivo imaging.
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INTRODUCTION

Two-photon calcium imaging enables the recording of activity in subcellular neuronal
structures such as dendrites, spines, and axons during behavior. Recent studies have demonstrated
the feasibility of using this approach to investigate how specific sets of inputs transmit information
to particular regions and how this information is integrated at postsynaptic sites (Bilash et al.,
2023; Bowler & Losonczy, 2022; Cichon & Gan, 2015; Fay et al., 2024; Fenton, 2024; Garcia-
Garciaetal., 2024; Grienberger et al., 2022; Heer & Sheffield, 2024; Kaifosh et al., 2014; Kaufman
etal., 2020; Krishnan et al., 2022; Lovri¢ et al., 2014; Nikbakht et al., 2024; Pachitariu et al., 2017;
Paukert & Bergles, 2012). This methodology requires meticulous analysis of calcium signals from
these small structures, which are highly susceptible to movement artifacts and signal noise.
Additionally, the intricate morphology of axonal and dendritic structures complicates the
identification of segments belonging to the same neuron within the imaging plane. Addressing
these challenges is essential for accurately interpreting the data collected in these experiments,
which are increasingly being adopted by many laboratories. Standardizing the extraction of
subcellular calcium signals through a widely accessible processing pipeline would facilitate direct

comparisons across different studies.

Suite2P is the most popular software used for the initial identification of regions of interest
(ROI) within a field of view (FOV) (Pachitariu et al., 2017). Suite2P can also be used for the initial
identification of ROIs from a FOV containing subcellular structures. However, axon and dendritic
ROIs are relatively small and are therefore subject to more noise from movement artifacts than
somas and have fewer pixels to extract signals from. Additional steps are therefore required

following initial ROI identification by Suite2P to ensure ROIs contain real physiological signals
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that can then be analyzed. Various methods have been employed for the selection of active axon
ROls, such as manual labeling by visual inspection (Bilash et al., 2023) or using convolutional
neural network classifiers (Krishnan et al., 2022). Manual labeling by looking through time-series
movies for fluorescent axon or dendritic signals, while straightforward, is impractical for FOVs
with many ROIs and is prone to user bias. Neural network classifiers, though effective, require
extensive ground truth data for training, which is labor-intensive and computationally demanding,

as well as being limited to one particular dataset, thus not generalizable.

Dual-color imaging offers another approach to identifying active subcellular ROIs by using
a static fluorophore alongside an activity-dependent one (Cichon & Gan, 2015; Kaufman et al.,
2020). For instance, imaging calcium dynamics with GCaMP in a green channel and using
mCherry in a red channel can help distinguish real calcium signals from noise. However,
differences in fluorophore behavior and excitation/emission spectra means that subtracting the
static channel from the active channel may not remove all noise and can introduce new signal
artifacts. Employing dual lasers to optimize excitation could help with this but further complicates
the process and the addition of a second laser beam increases the probability of photo-damage to
the tissue being imaged (Podgorski & Ranganathan, 2016). This is not to say a static channel is
not useful, as it can help with motion correction of time-series FOVs in the X and Y axis and can
help identify periods when the FOV may shift in the Z-axis, but simultaneous 2-channel imaging

needs careful implementation and consideration.

Once subcellular ROIs are selected, identifying and correcting z-plane movement artifacts
is critical. Slight brain movements during behavior can cause significant changes in the imaged

structures, leading to false-positive calcium signals and this issue is amplified when imaging
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subcellular structures which are much smaller than somas (Robert et al., 2023). Methods such as
measuring pixel correlations within an ROI over time have been used to detect these artifacts, but
they are computationally intensive and heavily dependent on the initial ROI selection (Ratigan et

al., 2023; Rolotti et al., 2022).

Recording from small structures like thin axons also presents a low signal-to-noise ratio
(SNR) challenge due to the limited number of pixels available (Sheffield & Dombeck, 2015).
Identifying which subcellular ROIs belong to the same neuron can improve SNR by providing
more pixels for averaging. Further, because single axons and dendritic branches can come in and
out of the FOV, the same neural structure can be represented by disconnected ROIs that are far
apart in the FOV. If ROIs belonging to the same neuron are not grouped, they will be
overrepresented in the data and can confound results. However, resolving which ROIs are part of

the same structure remains an issue.

We present a preprocessing pipeline for identifying subcellular ROIs with real
physiological signals, removing motion artifacts, and grouping ROIs belonging to the same
neuron. We apply Fast Fourier Transform (FFT) on smoothed calcium traces to identify the
frequency band of transients, followed by band-pass filtering to select ROIs matching the power
band of transients. Principal Component Analysis (PCA) and Bottom-Up Segmentation change
point detection are then used to remove motion artifacts. Transient peak detection based on
prominence and duration identifies real calcium transients. Finally, we employ hierarchical or k-
means clustering to group correlated ROIs, and validate this approach with “ground truth” axon

clusters. Our method provides a guideline for analyzing axonal and dendritic activity using two-
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photon calcium imaging, aiding in the standardization of physiological signal extraction from

subcellular structures during behavior.

METHODS

Ethics statement

All surgical and experimental procedures were approved Institutional Animal Care and Use
Committee (IACUC) guidelines (protocol number: 72508). The IACUC consists of 8 scientists, 3

veterinarians, one non-scientist, and 2 public members.

Experimental model and subject details

We used 10-20 week old C57BL/6-Tg(Grik4-cre)G32-4Stl/J mice (23-33 g). Mice were
individually housed in a reverse 12-hour light/dark cycle and behavioral experiments were
conducted during the animal’s dark cycle. Example animals for illustration purposes were one

female and one male.

Injection protocol

Mice were anesthetized and I.P. injected with 0.5ml of saline and 0.5ml of meloxicam. A
small craniotomy was made over the right hippocampus CA3 region (2.0mm lateral, 1.7mm caudal
respectively of Bregma). An axon-targeted genetically-encoded calcium indicator, AAV9-axon-
GCaMP6s-P2A-mRuby3 (pAAV-hSynapsinl-axon-GCaMP6s-P2A-mRuby3 was a gift from Lin
Tian  Addgene  viral prep #  112005-AAV9Y; http://n2t.net/addgene:112005;
RRID:Addgene_112005) was injected (~50 nL at a depth of 1.9 mm below the surface of the dura)

using a beveled glass micropipette. Right after the viral injection, the site was covered with dental
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cement (Metabond, Parkell Corporation) and a metal head plate (Atlas Tool and Die Works). After
~4-8 weeks, water scheduling (0.8-1ml per day) began. One week after the start of water
scheduling, mice went through a hippocampal cannula implantation surgery over the right CAl
region (1.7mm lateral, -2.3mm caudal of Bregma). During the surgery, a head plate and head ring
were attached to the cannula window for head-fixation and to house the microscope objective and
block out ambient light. Post-surgery, mice had ad lib water, until a week later when they returned
to water scheduling. Expression of axon-GCaMP6s in CA3 axons reached a steady state ~6-12

weeks after the virus was injected, as monitored through 2P imaging.

Two-photon imaging

Imaging was done using a laser scanning two-photon microscope (Neurolabware). Using
a 8 kHz resonant scanner, images were collected at a frame rate of 15.49 Hz with unidirectional
scanning through a 16x/0.8 NA/3 mm WD water immersion objective (MRP07220, Nikon). axon-
GCaMP6s was excited at 920 nm with a femtosecond-pulsed laser (Insight DS+ Dual, Spectra-
Physics) and emitted fluorescence was collected using two GaAsP PMTs (H11706, Hamamatsu).
The average power of the laser measured after the objective ranged between 60—100 mW, and was
kept constant across days of imaging. Time-series images were collected through Scanbox
(Neurolabware) and a PicoScope Oscilloscope was used to synchronize frame acquisition timing

with behavior.

Image processing and ROl identification

Time-series images were preprocessed using Suite2p (Pachitariu, M., et al. , 2017).

Movement artifacts in the X and Y-axis were corrected using rigid and non-rigid transformations
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based on the red mRuby channel. Regions of interest (ROIs) were also defined in the green channel
using Suite2p. All identified ROIs were fed into SUBPREP for subsequent ROI selection. Raw

fluorescence traces from ROIs were first smoothed using a Savitzky-Golay filter.

2 photon imaging

cre-dependent
GCaMPé6s

CA3-cre animal

Fig. 1 Imaging CA3 axons in CA1

Left: Schematic representation of CA3 axonal imaging in CA1 Stratum Oriens. Right: Example
CAL field of view containing CA3 axons. Image is the max projection from 5000 frames.
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Fig. 2: Example time-series fluorescent traces from CA3 axons in CA1 before and after smoothing
A. Example raw fluorescent time-series trace from an ROI identified by Suite2P.

B. The same trace after smoothing using the Savitzky-Golay filter.

RESULTS

Frequency-based approach for transient identification and subcellular ROI selection

In selecting subcellular ROIs that contain real calcium transients, we developed a
frequency-based ROI selection pipeline. The key idea underlying our selection procedure was that
the rise-to-peak and decay phase of real transients have unique frequency domains. In particular,
the rise of the transient occurs within a faster frequency band than the decay of the transient.
Therefore, we designed a filter that captures both the rise and the decay of transients. To determine
the key frequencies for the rise and the decay, we calculated the frequency bands using example
ROIs with clearly visible transients and high SNR and compared them to the frequency bands from
all ROIs. Because the vast majority of ROIs from Suite2P (85-95%, depending on the dataset)
contain only noise, example ROIs with clear transients returned higher power in the frequency
bands that reflect the rise and decay of transients compared to the mean of all ROIs. The frequency
band with elevated power from example ROIs with clear transients became our frequency band of
interest. If the filtered signal from an ROI returned high power in our frequency band of interest,
the ROI was selected as “likely to contain transients.” By contrast, if the filtered signal did not
contain sufficient power (see below) in our frequency of interest, the ROI was marked as “not
likely to contain transients.” Note that the specific frequency band containing real transients will

depend on which calcium indicator is being imaged (e.g., GCaMP6s versus GCaMP8f) and which
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subcellular structures are being imaged (e.g., axons versus dendrites). The key frequency band will

therefore need to be determined for each user depending on the specifics of the dataset.

To quantify the power within the key frequency band among all subcellular ROIs, we
applied a band-pass filter using the key frequency range on smoothed time-series calcium traces
using the filtfilt function in Python. We utilized a third-order Butterworth filter, a type of infinite
impulse response filter known for its maximally flat frequency response within the passband. By
selecting this filter design, we ensured effective attenuation of frequencies outside the passband
while minimizing phase distortion within the passband. First, a low-pass filter with a cutoff
frequency of 0.13 Hz (or the higher bound of key frequency bands from example ROIs) was
applied to the green channel signal to remove high-frequency noise. Then, a high-pass filter with
a cutoff frequency of 0.03 Hz (or the lower bound of key frequency bands from example ROIs)
was applied to remove low-frequency noise (e.g., Z-plane drift). The filtfilt function employed a
zero-phase digital filtering technique, which applied the filter forward and then backward to
eliminate phase distortion, resulting in a zero-phase delay. Our procedure ensured that the filtered
signal retained its temporal integrity. By using filtfilt, the signal was effectively band-pass
filtered—removing both high-frequency noise and low-frequency drift—while preserving the

original signal’s phase and shape.

Once the signal had been band-pass filtered, the power within the frequency band of
interest (e.g., 0.03 Hz to 0.13 Hz) was calculated. We then calculated the normalized power of the
signal, such that the power of interest was divided by the total power of the signal. An advantage
of using normalized power is that the range is bounded (0 to 1), which enabled comparisons across

different traces and animals, while absolute power is unbounded and depends on the signal length.
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If the power within this frequency band exceeded a predefined threshold (e.g., 0.3 of the
normalized power), the ROI was defined as containing transients and was selected. A higher
threshold (e.g., 0.5) returned fewer ROIs but with higher SNR. This approach enabled the
identification and isolation of signals with significant activity within the specified frequency range,

facilitating the extraction of ROIs with transient-like patterns.

Fig. 3 shows two example ROIs from our dataset. The green ROl in Fig. 3A had a relatively
low power in the frequency band of interest shown in Fig. 3B (0.182), suggesting this ROI is
unlikely to contain transients. Contrarily, the black axon in Fig. 3A, which shows clear and obvious
transients, had a higher power in the frequency range of interest (Fig. 3B, black; 0.454). Applying
this approach to all ROIs from an example mouse, the distribution of the normalized power is
shown in Fig. 3C. The ROIs selected as “likely to contain transient” were the ones with power
above 0.3 (red dotted line) on the right side of the histogram that were kept for the next steps of
the analysis, and the ROIs marked as “not likely to have transient” were shown on the left of the

dotted line that were not used in the remainder of the analysis pipeline.
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Fig. 3 Frequency band-based axon ROI selection.
A. Examples of selected (black) and discarded (green) ROIs in time domain after smoothing.

B. Same ROIs (first row in A.) in frequency domain. The x-axis displays the frequency of the FFT
transformation, and the y-axis displays the normalized power. Note, the black ROl has a higher
power in the frequency band of interest (shaded in blue) and lower power in the noise frequency
(shaded in gray) while the discarded ROI is the opposite.

C. The distribution of normalized band power within the frequency band of interest (0.03-0.13 Hz)
for all example ROIs from a single FOV. The ROIs with lower power in the frequency band interest
(below 0.3; dashed line) were discarded, and the ROIs with higher power in the band of interest
(above 0.3) were selected.
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Time series anomaly detection for motion artifact identification

The previous step focuses on identifying transient-like patterns in our ROIs. However, the
remaining ROIs might still contain traces that suffer from motion artifacts. X- and Y-axis
movement are easily dealt with by motion correction algorithms like Suite2P. However, Z-axis
movements may remain and are difficult to detect and remove. Typically, when a FOV moves
along the Z-axis, many, if not all, ROls are affected simultaneously. The effect of movement could
be different in each ROl within the FOV (e.g. an ROI could drift in or out of the Z-plane). However,
all affected ROIs would show synchronous abrupt changes (either an increase or decrease in signal)
in fluorescence during a Z-axis shift. Thus, Z-axis shifts could be detected across the population
of ROIs within a FOV by a sudden increase in coactivity strength and variance between ROIls. The

goal here is to identify and remove periods of Z-axis shifts.

To achieve this, the first step is to z-score transform all ROI time-series traces to make
them comparable. Real calcium transients should be stereotyped (as described above) and their
occurrence should vary in time between ROIls, but z-axis shifts should cause synchronous signals
that vary in terms of their shape (e.g. upwards or downwards). The distinct dynamics of real
transients versus z-axis-induced signals, and the prediction that z-axis shifts will contribute to the
largest variance in the moments shifting occurs compared to the rest of the time, should allow us
to detect shifts using Principal Component Analysis (PCA) (Fig. 4A). We used the first principal

component, which captures the largest variances in the data.
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A Selected ROIs PCA 1st component

B Example 1

C Example 2

D Selected ROIs PCA 1st component, red channel
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Fig. 4 Identification of movement artifacts in time-series traces

A. First principal component on z-scored ROI activities. All selected ROI activities were first
standardized to z-score and then dimension reduced to the first component of PCA. Bottom-Up
algorithm was used to segment and detect anomalies (identified anomaly period shaded in red).

B & C. Identified periods for potential movement artifacts were super-imposed on individual ROI
activities for visual inspection. Two example selected ROI standardized activities are plotted and
red shaded indicate potential periods of movement artifacts. All activities during the red shaded
time period can then be ignored or removed from further data analysis. Note that the two example
cells had activities in different directions but synchronous in time.
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D. Identified time periods for movement artifacts on red channel as further verification.

After applying PCA on z-scored ROI traces, we used a Bottom-up algorithm to segment
and identify the time periods where a likely shift occurred (Truong et al., 2020). Specifically,
Bottom-up works by separating the time series data into a large number of very small segments of
equal length and merging similar segments iteratively to bigger segments until met by a stopping
criterion (Keogh et al., 2001). It is especially suitable for signals that contain complex and non-
linear patterns with outliers and potentially multiple level shift changes, calculated by the
algorithm. Using this method, we could detect shifts in the level of the baseline signal while
filtering out noise and outliers. Each level shift change detected by the algorithm in the signal

reflects a potential z movement shift artifact in the FOV (Fig. 4A).

The bottom-up segmentation algorithm requires the number of change points it will detect
to be input by the user. Using a larger number will lead to more periods detected by the algorithm
and potentially more false positives and verse versa when using a smaller number. Fig.4A shows
an example first PC which we visually inspected for potential Z-shifts. We used n=4 as the input
for the bottom-up segmentation algorithm, which accordingly identified 2 periods of potential Z-
shift. The user input at this stage requires consideration of neural dynamics of the imaged
population. For instance, synchronous activity among large populations of ROIs can cause a level
shift change in the first PC space. For regions of brain that have highly correlated activity, a static
red fluorophore is needed to distinguish between movement artifact and synchronous activity. Our
dataset was recorded from hippocampal CA3 axons during a spatial navigation task. While it is
possible for groups of axons to be co-active, especially near to the rewards in the hippocampus

(Dupret et al., 2010; Dragoi & Buzséki, 2006), the synchronous activity is unlikely to sustain for
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a long time (beyond a second or two). Thus, any prolonged level shift change in the PC space is
highly likely to be driven by z-axis shift. Using a large number of n as input to the algorithm and
then validating the results by measuring the duration of level-shift change reduces the possibility

of having false positives.

In addition, a static red fluorophore could help to distinguish between population co-
activity and z-axis shifts. The same z-score standardization and PCA can be applied to the red
channel. Fig. 4D shows the PCA from the red channel from the same ROIs used in Fig. 4A. The
red channel shows the same periods of elevated activity in the PC space identified in the green
channel, confirming they are most likely caused by z-axis shifts. We can further validate the shifts

using individual ROI activities (described below).

After finding periods of potential movement artifacts using PCA and Bottom-up algorithm,
to visually confirm the validity of results, we underwent another manual visual inspection of the
time-series traces from individual ROIs with labeled potential movement artifacts (Fig. 4B and
C). The two example ROIs illustrate that the movement artifact identified using the PCA method
could be caused by z shifts from individual ROIs to be in the negative (Fig. 4B) or positive (Fig.
4C) direction, but the activities were synchronized during the labeled period, thus fitting our model
of z-axis-induced signals. Multiple ROIs showing synchronized level shift in activity during the
labeled period confirmed our findings of z-axis shift timing from PCA and Bottom-up algorithm.
The frames during z-axis shifts can then be discarded across all ROIs within the FOV.
Alternatively, if the FOV has shifted to a new Z-plane for a long time, our algorithm also allows

for splitting the dataset into new sets of ROIs defined at the two planes to minimize data loss.

Baseline correction and peak detection
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To remove slow drifts in fluorescence caused by bleaching and scale the F signal to
baseline, slow time scale changes in the fluorescence traces were removed by examining the
distribution of fluorescence in a ~20 second interval around each sample time point and subtracting
the 8% percentile value. The resulting baseline corrected AF/F time-series traces were used to
identify significant calcium transients. The initial steps in our pre-processing pipeline already
detected ROIs with likely transients and removed motion artifacts. The following step was to
further identify real transients from potential noise. To do this, peaks in the trace with a minimum
amplitude of 0.12 AF/F, duration of 0.5 s, and prominence of 0.1 AF/F were identified. These

regions we selected as “real” calcium transients and were included in the subsequent analysis.
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Fig. 5 Baseline correction and peak detection
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All ROI activities were scaled to baseline to create AF/F traces. Baseline corrected AF/F traces
across time were generated using sliding window of ~20 seconds and the 8% percentile value
within the sliding window was subtracted from each timepoint. Across the baseline corrected AF/F
traces, peaks were calculated using minimum height, distance, and prominence values. Of all
potential peaks, only detected peaks (black) were kept and all other activities (green) were forced
to 0.
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Clustering of the selected ROls

Due to the density, coverage, and highly branched nature of axons and dendrites that can
move in and out of the 2-photon imaging plane, multiple independent ROIs within a FOV could
belong to the same cell. As a result, ROIs belonging to the same cell should have highly similar
patterns of activity. Previously, one of the biggest challenges for axon clustering is a lack of ground
truth labels to evaluate the performance of the clustering method. Failure to group axons or
dendrites that branch from the same cell leads to overrepresentation of a single cell’s activity.
Conversely, incorrect grouping of independent ROIs leads to loss of data and brings in artificially
generated noise. In this section, we aim to compare two different clustering algorithms to combine

axons and their corresponding performances when compared to ground truth labels.

Assuming that a high zero-phase cross-correlation between two ROIls reflects co-
activation, we first performed a maximum correlation analysis across all ROIs over the entire time
series (correlation matrix shape #ROlIs x #ROls). If the maximum correlation between a certain
ROI with all the remaining ROIs exceeded a specific threshold (r = 0.8, see below for details), the
ROI was likely to be part of a larger cluster of ROIs that belonged to the same axon. By contrast,
if the maximum correlation between an ROI with all other ROIs was low, then the ROI was not

likely to part of the same axon.

For the rest of the ROIs that could originate from the same axon, we calculated the pairwise
correlation between ROIs and compared two different clustering methods, namely k-means and
hierarchical clustering. To test whether the clustering methods were doing a good job, we
compared their ROI clustering results to “ground truth data”, i.e. ROI groupings that were highly

likely from the same axon. To obtain ground truth data in our experimental setup, animals ran
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through two different virtual reality environments while imaging hippocampal CA3 axons in the
CAL. A feature of hippocampal cellular activity is their spatial firing and their ability to remap
their spatial firing fields upon exposure to a novel environment, meaning that while it is possible
for distinct place cells to have similar spatial firing within one environment, it is highly unlikely
for them to also fire in a similar pattern in more than one environment (Fenton, 2024). Thus, if the
pairwise correlation between ROIs was consistently above 0.7 across two distinct environments,

we considered those pairs to belong in the same axon group. This served as our “ground truth data

in which our clustering methods could be compared.

We evaluated the similarity between the ground truth data and our assigned clusters using
two different metrics: the Adjusted Mutual Information (AMI) score and the Silhouette score.
While the AMI score measured the similarity between the true cluster labels (i.e., > 0.7 correlations
between two ROlIs in both of our virtual environments) and the labels assigned by the clustering
algorithm (e.g., k-means or hierarchical clustering), adjusting for chance, the Silhouette score
evaluated the quality of the clusters themselves without the need for ground truth labels. The AMI
score ranged from 0 to 1, where a score of 1 indicated perfect agreement between true and predicted
cluster labels. The Silhouette score ranged from -1 to 1, with higher values indicating better
clustering results. This metric assessed the separation of clusters based solely on the clustering
output produced by clustering algorithms. Specifically, a high Silhouette score indicates clear
separation between cluster groups, that objects within a cluster were close to each other and far
away from objects in other clusters. A high performance in either metric suggests that the
clustering results were reliable, and the number of clusters that maximize these metrics represents
the best-fit grouping assignments for the remaining ROIs. Because not every axon dataset will

have ground truth labels to calculate AMI, we compared the consistency between AMI and
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Silhouette scores to test if Silhouette score is sufficient to lead to a similar clustering result without

the need for ground truth data.

To estimate the number of clusters, K number of clusters was examined from 2 to 50% the
of the selected ROIs. For both example mice, Silhouette scores and AMI scores converged
(contained a maximum number that represent best performance) and reached optimal K for
clustering (see Fig. 6A, left panel). In addition, both performance metrics (AMI and Silhouette)
returned a similar number K, which suggests that hierarchical clustering was efficient with or

without true labels of clusters.

In addition to hierarchical clustering, the k-means algorithm can also be used to identify
clusters of high correlations between pairs of ROIs. Like hierarchical clustering, k-means uses the
full correlation matrix between all pairs of ROIs as input (citation needed here). Our main goal
was to identify the optimal number of clusters, k, that best explains the covariance structure of the
ROIs. We applied the k-means algorithm with a predefined number of clusters, ranging from 2 to
half the number of ROIs (n). The algorithm partitions the samples into k clusters based on
similarity, iteratively assigning each sample to the nearest cluster centroid and updating centroids
to minimize the within-cluster sum of squares. This process continues until convergence, resulting
in clusters where correlations between ROIs are maximized within each cluster and minimized
between clusters. Notably, the optimal number of clusters identified by k-means closely matched
the results from hierarchical clustering. Therefore, we conclude that both methods reliably estimate

optimal clustering.
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Fig. 6 Comparison of clustering methods used for grouping ROIs.

A. Clustering performance metrics with hierarchical clustering and K-means clustering. The left
panel shows that hierarchical clustering converged to a similar optimal number of clusters (peak
pointed by the arrows) for both performance metrics, Silhouette scores and AMI. The right panel
showed that K-means clustering converged to a similar optimal number of clusters for both
performance metrics, Silhouette scores and AMI.

B. Example grouping from hierarchical clustering transposed to original FOV. Left: each color
represents an individual ROI in the group. Right: all ROIs in the same group highlighted in yellow
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C. Same grouping from “ground truth” data.

Summary of the SUBPREP

A sample paradigm of our SUBPREP pipeline is displayed in Fig. 7, with all the significant
steps and an example ROI on the right side of the flowchart. The first step, pre-processing, was
applied to all ROIs and the goal was to smooth the data across time. After pre-processing, the ROIs
with higher power in the key frequency band for transients were selected with band-pass filtering
methods (0.03 to 0.13 Hz). Then, to identify movement artifacts, we standardized and used PCA
to reduce the dimensions in the population activity. We used a Bottom-up algorithm to identify
anomalies in signal of the reduced PC space. We confirmed the results by imposing the labeled
movement artifact periods onto individual ROIs and visually inspected their activity. Confirmed
periods of movement artifact were removed from all ROls in the FOV. The remaining ROI signals,
highly likely to contain transients from stable FOVs, were identified by thresholding signal
prominence which allowed detection of transient peaks. Lastly, to identify the potential clustering
of the ROIs belonging to the same axon, we performed two methods, hierarchical clustering and
k-means clustering. Both methods were effective in identifying the optimal number of clusters in
the pairwise ROI correlation matrices and resulted in similar grouping compared to the ground

truth labels.
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DISCUSSION

In this study, we developed and validated a computationally efficient preprocessing
pipeline for subcellular signal detection, movement artifact identification, and ROI grouping in
two-photon calcium imaging data. Our approach addresses several key challenges associated with
analyzing subcellular structures, such as low signal-to-noise ratio (SNR), movement artifacts, and
difficulty in grouping subcellular ROIs from the same neuron. Through the application of
frequency-based filtering, Principal Component Analysis (PCA) and level change detection for
motion artifact identification, and clustering algorithms for ROI grouping, our pipeline provides a

robust framework for extracting physiological signals from subcellular structures during behavior.

Suite2P and SIMA, designed for detecting somatic activity, provide robust frameworks for
initial subcellular data processing (Pachitariu et al., 2017; Kaifosh et al., 2014), but additional steps
are required as subcellular datasets are inherently noisy and sensitive to Z-plane movements
because of their small size relative to somas. Our processing pipeline offers a systematic approach
to sub-select ROIs from the initial pool identified by Suite2P by leveraging the unique frequency
domains of calcium transient dynamics. By employing Fast Fourier Transform (FFT) and band-
pass filtering, we were able to isolate ROIs likely to contain true calcium transients, allowing
accurate signal detection in noisy subcellular datasets. Other methods have been used for this step,
such as manual ROI selection and convolutional neural network (CNN)-based approaches, but
these are either labor-intensive and prone to bias, or require extensive ground truth data for training
(Dupret et al., 2010; Dragoi & Buzsaki, 2006; Soltanian-Zadeh et al., 2019). A second, “‘static”,
fluorescence channel has often been used to subtract noise from an “active” channel, usually from

GCaMP signals, but this can introduce artifacts as noise is not perfectly mirrored across channels.
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For instance, PMTs are a source of noise and separate PMTs are used for 2 channel imaging (Chen
etal., 2013), and the fluorophores themselves are distinct sources of noise. Our approach offers an
unbiased and computationally cheap method for subcellular ROI identification that does not
require dual-color imaging, thereby simplifying experimental design and reducing potential

artifacts from channel subtraction.

Accurately identifying periods of Z-plane shifts is always important but is amplified when
imaging subcellular ROIs versus somas because axons and dendrites are relatively small and have
elaborate structures that can be found in and out of the imaging plane in complex branching
patterns (Chen et al., 2013). A small movement in Z can result in a distinct set of subcellular ROls
being imaged. After identifying ROIs with potential transients, our pipeline effectively identifies
Z-plane movement artifacts by utilizing PCA and a Bottom-Up Segmentation algorithm to detect
artifacts based on the first principal component. This allows for the analysis of data collected from
a stable imaging plane by excluding time points collected from different planes. Additionally, if a
prolonged Z-shift to a new imaging plane occurs, the new Z-plane can be identified and used for
data analysis of a distinct set of subcellular ROIs during this period. This limits data loss from
technically challenging subcellular imaging experiments. Importantly, our pipeline is able to detect
and remove (or separately analyze) only abrupt shifts of the entire Z-plane. It is not designed to
deal with within field movement artefacts or rhythmic movements caused by breathing or the
animal’s heart rate. Indeed, a stable baseline FOV is a requirement in order to detect rare and

abrupt changes across the entire FOV.

Despite the strengths of our approach, several limitations remain. For instance, our

method's reliance on frequency-based filtering requires careful consideration of the smoothing
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filters applied prior to FFT, as these can impact the key frequency band of real transients and thus
the selection of ROIs. Additionally, while our PCA-based motion artifact identification effectively
detects Z-plane shifts, it still requires user input to define the number of change points, which
introduces potential bias. Automating this process or developing more sophisticated algorithms to
reduce user dependency could further improve the robustness of the pipeline. Furthermore, an
appropriate selection of frequency bands is needed to best extract the signal of interest in calcium

imaging data.

Our toolbox could work with or without existing calcium imaging software such as
Suite2P. Despite that SUBPREP did not require Suite2P to function, we believe that future work
should integrate our SUBPREP toolbox into Suite2P. This would provide multiple benefits for the
user. One benefit would be that the user interface and real-time visual displays in Suite2P could
be utilized for SUBPREP to show the user which ROIs in the FOV contain real transients or which
segments of the time-series movies have potential motion artifacts. It would also streamline
analysis allowing one software package that can be used for cellular and subcellular preprocessing.
Other future work should focus on expanding the validation of our approach across different brain
regions and experimental conditions will be crucial for generalizing its applicability. To further
reduce high-frequency noise sources such as PMT shot noise and electrical artifacts, future
iterations of our pipeline could incorporate state-of-the-art denoising algorithms (e.g.,
Deeplnterpolation; Lecoq et al., 2021) applied to motion-corrected image stacks prior to
fluorescence signal extraction. While our current approach relies on motion correction and low-
pass filtering to suppress such noise, the application of deep learning-based denoising methods has
the potential to significantly reshape the power spectrum and improve the fidelity of neural activity

signals.
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SUBPREP offers a standardized approach for analyzing axonal and dendritic activity by
simplifying the process of ROI selection, artifact removal, and ROI grouping, providing a practical
and effective solution to several key challenges in the field of sub-cellular imaging. We hope our
publicly available processing pipeline, SUBPREP, is used by the field to help standardize the
extraction of physiological signals from subcellular structures, enabling more accurate and
reproducible studies of subcellular activity across labs. This would lead to more robust insights
into the mechanisms of information transmission and integration in the brain, ultimately advancing

our understanding of neural circuitry and its role in behavior.

DATA AVAILABILITY

Raw imaging data is large and not feasible for upload to an online repository but is available
upon request to the lead contact. Processed source data for all figures and associated statistical

analysis are provided will be provided in the final version of the paper.

CODE AVAILABILITY

SUBPREP software used for subcellular data analysis is available on github

https://github.com/angijiang/subprep
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CHAPTER 3
A LEARNING-DEPENDENT SHIFT IN CA3 INPUT DOMINANCE FROM
LEFT TO RIGHT DETERMINES THE EVOLUTION OF CA1 SPATIAL

MAPS

3.1 Abstract

CA1 place fields underlie spatial maps supporting memory, yet how bilateral CA3 inputs shape
these maps during learning remains unclear. Using two-photon calcium imaging and optogenetic
inhibition in head-fixed mice navigating a virtual track, we examine left and right CA3
projections to right CA1 (CA1Rr) as they learn about a novel environment. CA1r spatial maps are
initially inaccurate but gradually improve and stabilize after ~10 laps (early-phase), with later
laps marking stability (late-phase). In the early-phase, both CA3 inputs drive CA1r field
emergence, but right CA3 inputs predominantly drive high-amplitude, reliable fields that
contribute to developing maps. Later, left CA3 inputs predominantly maintain reliable fields and
stable CA1r maps. Axonal recordings reveal heightened right CA3 activity early, shifting to
increased left CA3 activity later. These findings demonstrate a shift from right-to-left CA3 input
dominance that mediates the progression from early map development during learning to later

stabilization in CA1r.

Introduction
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The hippocampus is essential for spatial and episodic memory, with dorsal CA1 place cells
forming the neural basis of a spatial representation (Eichenbaum et al. 1999; Robinson et al.
2020). These neurons fire at specific locations within an environment, collectively generating a
cognitive map of space (O’Keefe and Dostrovsky 1971). Understanding how these
representations emerge and evolve over time is critical for uncovering the neural mechanisms

underlying memory formation, retrieval, and updating.

Familiarization to a novel environment is a form of incidental spatial learning that occurs
within a few minutes of exploration (Leussis and Bolivar 2006; Wilkinson et al. 2006; Bevins,
Koznarova, and Armiger 2001). During this period, CA1 exhibits an elevated increase in place
field formation (Dong, Madar, and Sheffield 2021), and at the population level, neural activity
gradually evolves into a spatially structured state that is relatively stable (Berners-Lee et al.
2022; Cohen, Bolstad, and Lee 2017; Chiu et al. 2023; Zemla et al. 2022). Associated with this
period, dendritic-targeting interneurons in CA1 show reduced activity that enhances dendritic
spike prevalence that can boost synaptic potentiation (Sheffield, Adoff, and Dombeck 2017;
Geiller et al. 2022). Over the next few minutes and trials as animals become more familiar with
their environment, interneuron activity gradually increases, dendritic spike frequency declines,
and inhibitory circuits develop inverse spatial tuning relative to place cells (Sheffield, Adoff, and
Dombeck 2017; Geiller et al. 2022). Moreover, behavioral timescale synaptic plasticity (BTSP)
(Bittner et al. 2017, 2015)—facilitating rapid place field formation and shifting of place fields—
is highest during the initial moments in a novel environment but gradually diminishes with
familiarity (Madar et al. 2025; Priestley et al. 2022). Together, these observations support two

distinct phases in CA1 during exploration of a novel environment: an early phase of spatial
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representation formation and refinement, followed by a late phase of stabilized representations.

But how inputs into CA1 contribute to these early and late phases is not clear.

Bilateral CA3 provides the primary excitatory input to CA1 and is essential for spatial
learning (R. P. Kesner 2007; Nakazawa et al. 2002; X.-G. Li et al. 1994). Left and right CA3
inputs form synapses that exhibit molecular and physiological differences that may influence
their functional contributions (Shipton et al. 2014; Kohl et al. 2011; Shinohara et al. 2008; El-
Gaby et al. 2016, 2021; Song et al. 2020; Kawakami et al. 2003; Jordan 2020). Synapses from
Left CA3 inputs onto bilateral CA1 pyramidal cells contain more GIluN2B-enriched NMDARs,
which facilitate synaptic potentiation, whereas right CA3 synapses have a higher density of
AMPARS, supporting stronger baseline transmission (Shinohara et al. 2008; Kawakami et al.
2003). Electrophysiological studies suggest that long-term potentiation (LTP) is induced only at
left CA3-CAL synapses, while right CA3-CA1 synapses do not undergo LTP (Shipton et al.
2014; Kohl et al. 2011). Behaviorally, inhibiting left CA3 disrupts long-term spatial memory,
whereas right CA3 inhibition has minimal effects (Shipton et al. 2014; EI-Gaby et al. 2016; Kohl
et al. 2011). These findings suggest that left and right CA3 inputs may differentially contribute to

CA1 spatial dynamics across distinct memory phases.

To address this, we used two-photon calcium imaging to record right CA1 (CALr) place
cell activity while selectively inhibiting left or right CA3 inputs at specific timepoints during and
following learning: during initial novel exploration (first 3 mins) when behavioral measures
show ongoing learning and CA1 representations are forming and refining; after 3 mins when
behavior shows no further learning and CA1 representations have stabilized (Fig. 1, 2).

Additionally, we recorded CA3 axon activity in CAL to examine how left and right CA3 inputs
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evolve over time during the early and later phases, providing insight into how they influence

CA1r dynamics.

Results

We trained mice to run in a 2-meter 1D linear track virtual environment (Fig. 1a). Mice received
water reward by the end of the track and were teleported back to the beginning. In the familiar
environment animals were trained in, we found that animals robustly and precisely licked at
locations on the track prior to the reward site (Fig. 1b, c, green; Fig. 1d). In comparison, during
the initial laps in novel environments, as the animals were learning, they ran at lower velocity
and licked all over the track (Fig. 1b, middle; Fig. 1d right). Over a few laps, animals developed
precise anticipatory licking that reached a plateau close to the behavior in the familiar
environment by lap 8 (Fig. 1e). The development of precise anticipatory licking behavior reflects
spatial learning as animals undergo familiarization to the environment (Krishnan et al. 2022).
Once precise anticipatory licking is established, we consider animals to be familiar with the
novel environment.

Using two-photon microscopy, we recorded calcium transients from pyramidal cell
populations in CAlr as animals were navigating in novel environments (Fig. 2a). Upon
immediate novel exposure, we observed elevated neural activity (Fig. 2b-d) that lasted under 2
minutes and within the first 5-10 laps (Fig. 2b-d) as animals familiarized with the environment.
We trained decoders to predict location on the track during and following this learning process.
CAL1 decoding accuracy using population activity (all cell; Fig. 2e) and place cell firing (place

cells; Fig. 2f) were initially low but progressively and rapidly improved, plateauing within ~10
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laps and matching decoder performance in the familiar environment (Fig. 2e, bottom inset).
Importantly, both decoding accuracy (Fig. 2) and anticipatory licking behavior (Fig. 1) showed
quick development and plateaued within the first ~10 laps (or 2 minutes) in the novel
environment. Thus, we consider this early phase in a novel environment (the first 10 laps) to be
the learning phase in which familiarization to the environment is taking place. Following this

early phase, we consider animals to be familiar with the novel environment.
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A Behavioral training setup: mouse running on the treadmill in a 2m track VR environment.
left: familiar environment VR. right: 3 different novel VR environments.

B. Example animal running one lap in left: familiar env (learned), middle: first lap in novel
env (during learning), and right: lap 30 in novel env (learned). Over repeated laps, animals
develop preemptive licking anticipating water rewards prior to reaching the rewards zone.

C. Mean lick count by location on the track before reward delivery from all animals (n=12).
The pre-reward zone (start of zone indicated by arrow) was defined as the start of elevated lick
ratio in the familiar environment identified by the kneedle algorithm (see Methods).

D. Example animal lick location on the track by lap in familiar (left) and novel (right)
environments. Consummatory licks often happen at the beginning of the track as animals finish
consuming water rewards from the previous lap. We defined the “main track region” to include
track locations after consummatory licks and before reward delivery. Preemptive licking ratio
(PLR) is defined as the ratio of number of licks in pre-reward zone over number of licks in the
main track region.

E. PLR over laps in familiar (left) and novel (right) environments averaged across all
animals (n=12). Arrow points at the transition lap (lap 8) from continuous rising to stability in
the novel environment identified by the kneedle algorithm.
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Fig 2. CALl stabilization occurs within the first ~10 laps in a novel environment.

A Imaging setup: in vivo recording of CA1 population activity as animals navigate in novel
environments.
B. Z-score transformed neural activity of an example animal upon entering a novel

environment. Top: Neural activity (see Methods) on control day 1, binned in ~160 ms intervals.
Middle: Mean z-score over time. The arrow marks the transition point where novelty-driven
elevated neural activity declined, identified using the kneedle algorithm (see methods) on
smoothed (800 ms window) mean z-score data. Bottom: Behavioral trace of the same animal,
with the arrow indicating the transition point calculated from the middle panel.

C. Novelty modulation time across animals, identified by the kneedle algorithm on
smoothed mean z-score data, expressed in seconds and laps. Arrows highlight the example
animal from A. No significant difference in time or laps between left and right groups (Mann-
Whitney U test, laps: p = 1; time: p = 0.88)

D. Mean calcium transient activity across all cells per lap of the example animal in A.,
resulted in a comparable transition lap as A.
E. Decoder performance predicting location on the track trained using population activity

dimension-reduced by CEBRA and a KNN regressor (see Methods). Top: Decoder-predicted
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(light) vs. true (dark) location for the example animal. Middle: Mean decoder error per lap for
the same animal, calculated as the mean absolute difference between true and predicted location.
Bottom: Mean decoder error per lap averaged across animals. The arrow marks the transition lap
where decoder error plateaued, identified using the kneedle algorithm. Inset: Mean decoder error
in laps after the transition lap in novel vs. familiar conditions. No significant differences were
found (Wilcoxon test, left: p = 0.44; right: p = 0.81).

F. Same as D., but using only place cell activity and Bayesian decoder (see Methods)
resulting in similar transition laps as D.

To examine the contribution of bilateral CA3 inputs to spatial learning at the early
familiarization and late familiarized phases in novel environments, we optogenetically inhibited
left or right CAS3 at these early and late phases while recording CAL1 cell population. To achieve
this, we injected cre-dependent opsin eOPN3 (Mahn et al. 2021) in either left or right CA3a
(referred as CA3 from here on) of Grik4-cre mice (Fig. 3a). These mice have restricted cre
expression in CA3 pyramidal cells (Nakazawa et al. 2002). In the same animals we also
expressed GCaMP6f in dorsal CAlr pyramidal cells. Using two-photon microscopy, we
recorded calcium transients from pyramidal cell populations in CAlr and delivered light pulses
to dorsal CAlr through the same objective to optogenetically inhibit either left or right CA3
inputs to dorsal CAlr. We designed an inhibition and imaging protocol that contained two
optogenetic conditions and a control condition. Each mouse experienced all 3 conditions, each
one on a different day and each condition associated with a different novel environment. Also, In
each mouse the same fields of view (FOVs) were tracked across all 3 conditions (Fig. 3b, c). The
conditions: “Opto early” provided inhibition immediately upon entering into a novel
environment and remained on for 3 minutes, “Opto late” provided inhibition after 3 minutes in a
different novel environment on a different day and remained on for the subsequent 3 minutes.

“Control” provided no optogenetic inhibition but the early and late phases were time-matched to

the opto conditions for comparison. We selected a 3-minute optogenetic inhibition for the “opto
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early” condition to span the period when familiarization to the novel environment is taking place
(Fig. 1, 2). Importantly, our opto early condition provided inhibition throughout this early
learning phase. In contrast, the opto late period was applied only after familiarization had
occurred, i.e. once animals had developed stable and precise anticipatory licking behavior (Fig.
1d) and CA1 decoding accuracy and neural activity had stabilized (Fig. 2a-f).

Animals entered the inhibition and imaging protocol after passing behavioral criteria of
running >2 laps per minute for 3 consecutive days and confirmed efficacy of opto inhibition by
checking opsin expression in CA1 and testing inhibition of CA1 activity while animals are in a
dark environment. On each day animals ran through the familiar environment first and then one
of three novel environments paired with either the opto-early, opto-late, or the control condition
(Fig. 3b and c). The combination and order of novel environments and opto conditions were
counterbalanced between animals. Animals momentarily slowed down during the first lap in a
novel environment compared to laps in the familiar environment, but did not show differences in
running during optogenetic inhibition compared to control (Supp Fig. 1), suggesting that any
changes in neural dynamics we found were not caused by changes in running speed in response
to optogenetic inhibition.

We first examined the effects of optogenetic inhibition of left and right CA3 inputs on
CAL1 population activity. For each animal, we binarized calcium transients from all pyramidal
cells per 160 ms time-bins and counted the number of transients in each time bin (Fig. 3c). We
calculated the normalized transient frequency for each cell (calculated by transient frequency
during opto normalized by transient frequency across the entire session) in the opto condition

and compared to the time-matched control condition in the same animal. All animals showed

56



reduced transient frequency upon optogenetic inhibition (Fig. 3d), confirming that optogenetic

inhibition worked on all animals.
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A. Left: Viral injection protocol. GCaMP6f is expressed in CAlr for imaging of CAl
pyramidal cells (green) and eOPN3 is expressed in left or right CA3 for axon inhibition in CAlr
(red). Right: The VR environments (familiar and 3 novel environments).

B. The 6-day recording protocol. The same FOV was recorded each day (example from one
mouse shown). The environments and time in the environments are indicated above the FOVs by
the color-coded boxes that match the environments in A. Example behavior traces are shown
below the FOVs and the opto-on periods are indicated in red.

C. Example animal calcium transient raster plot from the same population of CA1 pyramidal
cells in the 3 different novel environments. Each dot in the raster plot indicates a single calcium
transient. Below each raster plot is the number of cells with a calcium transient per 160ms time-
bin. Solid red box: opto-on periods. Dashed red box: No-opto time-matched control period.

D. Opto-inhibition reduces normalized transient frequency in both opto early and late
conditions in every animal. Normalized transient frequency is calculated by dividing transient
frequency during opto on period (solid or dashed red box) by transient frequency during the
entire time. Wilcoxon signed-rank test done on all cells within each individual animal with
Bonferroni correction. p<0.001 for all 11 animals in opto early and opto late.

Right CA3 Inputs Underlie Early CA1 Spatial Refinement, Whereas Left CA3 Inputs
Sustain Late Stability

Besides facilitating the firing activity of individual CA1 pyramidal cells, bilateral CA3 inputs
have also shown to contribute to CA1 population spatial coding (Guan et al. 2021; Davoudi and
Foster 2019; Zutshi et al. 2022). We investigated if left and right CA3 inputs made distinct
contributions to CA1r spatial coding during early and late phases following novel environment
exposure. Multiple studies have identified neural manifolds within CA1 population activity that
encode both task-relevant and irrelevant information using various dimensionality reduction
techniques (Guo et al. 2024; Yang et al. 2024; Nieh et al. 2021; Aery Jones and Giocomo 2023).
To uncover low-dimensional trajectories of CA1 population activity and the effect of optogenetic
inhibition of CA3 inputs, we applied CEBRA (McKenzie et al. 2021), a nonlinear dimensionality
reduction algorithm that links neural dynamics to behavioral data. The resulting manifolds
preserved the topology of the 1D VR environment and exhibited clear linear separation in latent

space (Fig. 4a, left & middle), consistent with prior findings on structured spatial representations
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in CAl (Guo et al. 2024; Yang et al. 2024). During optogenetic inhibition (red-coded; Fig. 4a,
right), the projected manifold spread out farther from the centroid compared to the time-matched
control condition (Supp. 2a, see methods), suggesting a potential disruption in the low-
dimensional neural representation of the environment.

To test this, we assessed whether location on the track during opto-on periods could be
accurately decoded using a latent embedding learned during opto-off periods. Under time-
matched control conditions, location decoding accuracy was high (Fig. 4b, c). In the control
condition, decoder performance improved rapidly over the first few traversals (Fig. 2e, f, 4c),
resembling a spatial learning process in which CA1 representations emerge and refine. In
contrast, in the late-phase in the control condition, decoder performance was stable across laps,
suggesting CA1 representations had already stabilized with familiarity. However, optogenetic
inhibition significantly impaired decoding accuracy during both early and late phases (Fig. 4c).
Interestingly, right CA3 inhibition had a significantly stronger effect than left CA3 inhibition on
reducing decoder performance during the early phase, whereas left CA3 inhibition had a
significantly greater impact than right CA3 inhibition during the late phase (Fig. 4d). These
results indicate that right CA3 inputs contribute more to the development of CA1 representations
during early novel exposure, while left CA3 inputs contribute more once representations have

stabilized.
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Figd CA1 low-dimensional neural manifolds and spatial decoding reveal a dynamic contribution
of left and right CA3 inputs that switches between initial learning and post-learning phases

A. Neural manifold color coded by environment (left), location on the track (middle), opto
condition (right). Each point corresponds to the low dimensional representation of binarized
population activity per 160ms.

B. True running trajectory (dark) vs. decoded running trajectory (light) from latent
embeddings in time matched control condition and opto condition during different phases.

C. Decoder error per lap represented by mean absolute error (MAE) in cm averaged across
animals. Both left and right opto-inhibition significantly increased MAE during opto-early (top)
and opto-late (bottom) phases. Wilcoxon signed rank test comparing within animal MAE
between opto and control: p<0.001 for all conditions.

D. Time-matched within-animal decoder MAE difference between opto and control
condition. Each dot represents the MAE difference between opto and control in a lap in C. Below
0 reflects that the decoder performed worse under opto than control within the same animal on
the same lap. Top: opto-early, right opto-inhibition disrupted decoder performance significantly
more than left opto-inhibition. Mann Whitney U, P = 0.02. Bottom: opto-late, left opto-inhibition
significantly disrupts decoder performance more than right inhibition. Mann Whitney U, P <
0.001.
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Right CA3 inputs control early CA1 place cell dynamics whereas left CA3 inputs dominate
later

To investigate how individual place cells contribute to the disruptions in population coding
described above, we analyzed lap-by-lap dynamics of CAL place cells in response to optogenetic
inhibition of left and right CA3 inputs. Since inhibiting either input reduced CA1 pyramidal cell
firing frequency (Fig. 4d), we assessed whether in-field firing within place fields, critical for

spatial coding (McKenzie et al. 2021; Robinson et al. 2020), was affected.

We first detected place cells with significant place fields based on their activity across all
laps during the session. We then assessed place field reliability, a measure of how often a place
cell fires in its place field across laps. Specifically, we quantified the number of laps with an in-
field calcium transient within a 6-lap sliding window for each place field (Fig. 5a). During the
early phase, inhibiting either left or right CA3 inputs significantly reduced place field reliability
(Fig. 5b, c) but right CA3 inhibition had a greater impact than the left (Fig. 5b, inset). However,
left CA3 inhibition more strongly affected reliability than the right during the later phase (Fig.

5¢, inset).

Reliability could be influenced by both newly emerging place fields—characterized by
abrupt, step-like increases in reliability as they transition from absent or sporadic firing to
consistent in-field activity (Fig. 5d)—and by the lap-lap reliability of already established place
fields (Fig. 5g). To disentangle these contributions, we directly tested whether left versus right

CAS3 inhibition differentially affected CAL1 place field emergence.

We defined the emergence lap as the first lap in which subsequent in-field firing became

reliable, requiring at least 3 out of 6 consecutive laps to contain in-field activity. Upon novel
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environment exposure, CA1 place fields typically emerge rapidly within the first few laps (Dong,
Madar, and Sheffield 2021). Consistent with this, many CA1 place fields formed quickly under
control conditions (Fig. 5e, black lines). However, optogenetic inhibition of either left or right
CAS3 inputs during initial novel exposure significantly delayed place field emergence (Fig. 5e,
upper panel) and reduced the total number of fields formed (Fig. 5e, lower panel), with no
significant difference between left and right CA3 inhibition (Supp Fig. 3b) and this effect was
not due to our definition of emergence (Supp Fig. 3a, Supp Fig. 3b). This indicates that the
stronger impact of right CA3 inhibition on place field reliability is not due to a greater disruption

of place field emergence.

To further investigate the impact of CA3 inhibition on place field reliability, we
examined whether already emerged place fields became less reliable over successive laps under
inhibition (Fig. 5g). Following the formation of place fields, reliability gradually declined in the
control group (Fig. 5h, black lines), potentially due to reported inhibitory dynamics in CA1 that
show initially low inhibition in novel environments that gradually increase during the early phase
1213 'We found that during the early phase, inhibiting the right CA3 inputs reduced place field
reliability, with this effect becoming more pronounced over laps and reaching statistical
significance towards the end of the early phase (Fig. 5h). In contrast, left CA3 inhibition had no
significant effect on place field reliability at any point during the early phase (Fig. 5h). These
results indicate that the stronger impact of right CA3 inhibition on place field reliability is
specifically due to decreased reliability of emerged place fields rather than a delay in their

emergence.
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In contrast, during the later phase, both left and right CA3 inhibition significantly
reduced place field reliability (Fig. 5i), with left CA3 inhibition having a significantly stronger
effect than right CA3 inhibition throughout the phase (Fig. 5i, inset). Additionally, left CA3
inhibition during the later phase also impaired new place field emergence, whereas right CA3
inhibition did not (Fig. 5f). These findings indicate that while both left and right CA3 inputs are
necessary for the rapid emergence of CAl place fields during initial novel exposure, right CA3
primarily regulates place field reliability early on, whereas left CA3 plays a greater role in
maintaining reliability later and continues to drive new place field emergence during the later

phase.

The reliability analysis assessed whether a place cell fired on a given lap (a binary
measure) but did not account for variations in firing rate within place fields. Place cells modulate
their firing rates in response to contextual changes (rate remapping), reflecting both task-relevant
and irrelevant cognitive processes (Keinath, Mosser, and Brandon 2022; Ji and Wilson 2008). As
a result, CA1 place field gain carries important information that can influence downstream
circuits (Kitanishi et al. 2015; Butola et al. 2025). To examine whether left and right CA3 inputs
differentially regulate place field gain across memory phases, we quantified the area under the
curve (AUC) during the rise-to-peak period of calcium transients on each lap as a proxy for
firing rate (Fig. 5j). To facilitate comparisons across cells and experimental conditions, we z-
score transformed within-field transient amplitudes, focusing on relative changes rather than

absolute values.

Optogenetic inhibition of either left or right CA3 inputs significantly reduced place field

gain across all opto conditions (Fig. 5k, Fig. 51), consistent with prior findings from bilateral
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CA3 inhibition (Davoudi and Foster 2019). However, the effects varied by learning phase: right
CAS3 inhibition caused a greater reduction in in-field firing during early novel exposure, whereas
left CA3 inhibition had a stronger effect during the later phase. These findings suggest that right
CAS3 plays a dominant role in early gain determination, while left CA3 takes over in the later

phase to determine gain.
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Fig5 The influence of left and right CA3 inputs on the emergence, reliability, and gain of CA1

place fields during initial learning and post-learning phases
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A Example place field activity and its reliability measured over a 6 lap sliding window. 0O is
inactive and 6 is always firing in-field for 6 laps. The cell only began consistently firing within-
field after lap18 (pointed by the white arrow), represented by a step-like increase in reliability
(black arrow).

B. Average in-field firing reliability across all place fields for first 10 laps under optogenetic
inhibition compared to within-animal lap-matched control. Both left and right CA3 input
inhibition significantly reduced reliability (Mann-Whitney U test p<0.001). Inset: Bootstrapped
data for within animal difference distribution. Above 0: place fields are more reliable in opto
versus control. Below 0: more reliable in control. Right CA3 inputs inhibition reduced place field
reliability significantly more than left CA3 input inhibition during opto-early (Mann-Whitney U
test p<0.001).

C. Same as B for opto-late. Both left and right CA3 inputs inhibition significantly reduced
in-field firing reliability (Mann-Whitney U test p<0.001 between opto and control for both left
and right). Inset: Left CA3 inputs inhibition significantly reduced place fields reliability more
than right CA3 input inhibition in opto-late (Mann-Whitney U test p<0.001).

D. Two example place fields; one emerged on lap 1 (top) and one on lap 18 (bottom).
Emergence lap is defined as the first lap in which 3 out of 6 subsequent laps fired.
E. Top: Cumulative histogram showing the proportion of place fields that have emerged as a

function of laps during opto-early (red) versus control (black). Both left and right CA3 inhibition
significantly delayed the emergence of CAL place fields. Wilcoxon Signed-Rank Test left:
p=0.026, right: p=0.003. Bottom: Within-animal comparison of fraction of place fields emerged
over laps under opto-inhibition and control. Both left and right CA3 inhibition significantly
decreased the number of fields that emerged (linear mixed effects model, main effect of opto
p=0.005, interaction term opto x CA3 p=0.97, CA3 p=0.062)

F. Same as E for comparing opto-later (red) with control (black). Top: Only left CA3
inhibition significantly delayed the emergence of place fields. Wilcoxon Signed-Rank Test left:
p=0.014; right: p=0.143. Bottom: Only left CA3 inhibition significantly reduced the fraction of
fields formed under opto compared to lap-matched control. (linear mixed effects model, main
effect of opto p=0.004 and interaction term opto x CA3 p=0.017, CA3 p=0.923. Wilcoxon
signed-rank test left: p=0.031; right: p=0.19)

G. Example place field showing emergence lap (red arrow) and reliability (right).

H. Reliability of place fields after emergence for opto early (red) and control (black). Left
CA3 input inhibition did not affect reliability: 5 lap windows: p=1.2, 0.8, 1.5, 0.35, 1.7. Right
CA3 input inhibition significantly reduced reliability in the last two sliding windows: 5 lap
windows: p=4.6, 2.1, 0.11, 0.011, <0.001. Inset: Bootstrapped distribution within-animal
difference in mean reliability between opto and control (see methods). Right CA3 inhibition
reduced reliability significantly more than left in the last two sliding windows. 5 lap windows
from left to right: p<0.001, <0.001, 0.15, <0.001, <0.001. All tests used Mann-Whitney U test
with Bonferroni correction (*5).

l. Same as H for opto late. Both left and right CA3 inhibition significantly reduced place
field reliability: p<0.001 for all comparisons. Inset: Left CA3 inhibition reduced reliability
significantly more than right CA3 inhibition (p<0.001 for all comparisons).

J. Calcium transients from an example place field without optogenetic inhibition (black)
and with optogenetic inhibition (red). Transient magnitude is calculated as the area under the
curve from rise to peak (shaded area).
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K. Left: Normalized in-field transient magnitudes in control vs. opto early from all transients
pooled together across animals. Both left and right inhibition significantly reduced in-field gain
(Mann-Whitney U test left: p<0.001; right: p<0.001). Right: Bootstrapped distribution for
within-animal difference in mean z-score transformed in-field transient magnitudes between
control and opto early. Right CA3 input inhibition reduced in-field transient magnitudes
significantly more than left CA3 input inhibition (two sample t-test, p<0.001).

L. Right: Same as K for opto late. Left: Both left and right CA3 inhibition significantly
reduced transient magnitudes ( left: p<0.001; right: p<0.001). Right: Left CA3 inhibition reduced
in-field transient magnitudes significantly more than right CA3 input inhibition (two sample t-
test, p<0.001).

Lateralized CA3 axon dynamics underlie phase-specific contributions to CAl during initial
learning and post-learning phases.

To investigate whether differences in left and right CA3 input dynamics underlie their distinct
roles in CA1 during early and late phases of novel environment exposure, we recorded the
activity of left or right CA3 axons in right CA1. Using Grik4-Cre mice, we injected Cre-
dependent axon-GCaMP6s into either left or right CA3 and performed in vivo two-photon
calcium imaging of CA3 axons in the stratum oriens of CA1 during spatial navigation in a
familiar environment and two novel environments over three days (Fig. 6a). All subsequent

analyses focused on the first day of exposure to the two novel environments combined.

We first analyzed the spatial coding properties of individual CA3 axons from the left and
right and found axon place fields that tiled the entire track (Supp Fig. 4A). The emergence
dynamics of these place fields were the same in the left and right axons (Supp Fig. 4B) and their
place field properties were similar (although some small differences were observed; Supp Fig.
4C). We then quantified the overall activity of left and right axons to see if they provided
different levels of excitation to CA1. To match the experimental optogenetic inhibition protocol,

we defined the first 10 laps of novel exposure as the early phase of learning and laps 20-30 as
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the late phase following familiarization. Axon transients were detected following the approach
used in the subprep package (Jiang, Zhao, and Sheffield 2024), and transient magnitude was
quantified using the area under the curve (AUC) during the rise-to-peak period as a proxy for
spiking activity (Fig. 6¢). To assess overall axon activity within each phase, we normalized
transient activity by summing all transient magnitudes and dividing by 10 laps. Right CA3 axons
exhibited significantly higher activity than left CA3 axons during the early phase. However,
following familiarization, right CA3 activity declined and fell below left CA3 activity, which
remained stable between the early and the late phase (Fig. 6d). These findings indicate that right
CA3 axons are more active early in a novel environment when familiarization is taking place,
whereas left CA3 axons become relatively more active than right axons following
familiarization. This shift in relative activity likely underlies the transition from right CA3
dominance in controlling CA1 spatial representations during learning to left CA3 dominance

following learning when representations are relatively stable.
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Fig6 Recordings of CA3 axons reveal a switch from stronger right CA3 axon activity during the
early phase to stronger left CA3 axon activity during the later phase.

A. Left: Cre-dependent axon gcamp6s was injected to Grik4-cre mice in left/right CA3.
Middle: Example FOV of axon population recording of left CA3 axons in right CAl at S.O.
Right: Example axon calcium activity over time after preprocessing.

B. Example VR environments. After reaching for the same behavioral criteria, animals went
through 3 days of recording in familiar and novel environments.
C. Top: Example calcium transient raster of all axons in env A. Middle: Behavioral trace.

First 10 laps are defined as early. Lap 20-30 are defined as late. Bottom: Example right CA3
axon calcium transient over time. Normalized axon activity in the early or late phase is
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calculated as the rise-to-peak AUC (shaded area for zoomed in example transients) of all
transients divided by the number of laps in the early or late phase.

D. Normalized transients activity across all axons in early and late phases. early: p=0.006;
late: p<0.001, Mann whitney U test.

Discussion

Our results reveal that left and right CA3 inputs contribute to CA1 spatial representations in
distinct, time-dependent ways during familiarization to a novel environment - a form of
incidental learning. Initially, when animals are exposed to a novel environment, both inputs are
required for the rapid emergence of CA1 place fields. However, once these fields form, right
CA3 inputs predominantly enhance early spatial coding by boosting place field reliability,
amplitude, and overall decoding accuracy. Once the environment becomes familiar, left CA3
inputs assume a more dominant role, maintaining stable spatial representations by preserving
field reliability and gain and by supporting the emergence of new fields. This functional
transition is mirrored by axonal recordings in CA1: right CA3 axons are more active during early
exposure, while left CA3 axons become relatively more active following familiarity. Together,

these findings demonstrate a dynamic, temporally structured division of labor between left and

right CA3 inputs in shaping CA1 spatial maps during and following learning.

Manifold analysis revealed that during initial exploration, inhibiting right CA3 inputs
significantly reduced spatial decoding accuracy, indicating that right CA3 is crucial for rapidly
establishing a high-fidelity spatial map. This early role is driven by right CA3’s capacity to
quickly generate reliable, high-gain place fields when memory formation dominates, ensuring
that new spatial experiences are effectively encoded (Nakazawa et al. 2002; Rebola, Carta, and
Mulle 2017). Since CA1 is the primary hippocampal output, its accurate spatial representations

during novel exploration and memory formation likely play a critical role in driving synaptic
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plasticity in downstream brain regions (Butola et al. 2025; Robinson et al. 2020). At the single
cell level, high-gain, reliable place fields may promote robust synaptic plasticity at CA1 output
synapses, supporting the formation of memory engrams (Kitamura et al. 2017; Zaki and Cai
2025). Disrupting these dynamics through right CA3 inhibition results in less consistent CA1
output (lower gain, unreliable place fields), leading downstream neurons to receive variable or

misaligned inputs that could impair memory formation.

Following familiarization once animals precisely predict the reward location in the novel
environment, the role of CA3 inputs shifts. During this later phase, left CA3 inputs assume
greater control, as inhibition of left CA3 led to a more pronounced reduction in spatial decoding
accuracy. This suggests that left CA3 is critical for refining and maintaining CA1 spatial maps
once initial memory formation has occurred and the hippocampus operates in a memory retrieval
and updating mode (familiarity requires memory retrieval) (Shipton et al. 2014; EI-Gaby et al.
2016). While CA1 representations naturally drift over time—a process thought to support
memory updating—excessive drift may impair memory retrieval (Geva et al. 2023; Keinath,
Mosser, and Brandon 2022; Khatib et al. 2023; Krishnan and Sheffield 2023; Delamare et al.
2023). Our findings indicate that left CA3 inputs help stabilize the CA1 population code by
maintaining reliable, high-gain place fields, which is essential for ensuring that downstream
neurons receive a consistent hippocampal output during memory retrieval. Simultaneously, left
CA3 also promotes the emergence of new place fields, allowing for ongoing memory updating as

new experiences are integrated.

Two-photon calcium imaging of CA3 axons in the right CA1 revealed that right CA3

axons exhibit elevated activity during the early learning phase of novel exposure—precisely
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when CAL place fields rapidly emerge with high gain and reliability. This early surge in right
CAS3 activity likely drives the rapid encoding process necessary for effective memory formation
by ensuring that CA1 outputs are reliable and capable of consistently driving downstream
targets. In contrast, as the environment becomes familiar, right CA3 activity greatly declines
while left CA3 axon activity remains stable and becomes higher than right CA3 axon activity.
This shift aligns with our CAL1 findings, where left CA3 inputs become essential for maintaining
and refining spatial maps, supporting memory retrieval and memory updating. Thus, the dynamic
axonal activity patterns we observed explain how the temporal balance of CA3 inputs
orchestrates the transition from rapid encoding during novel exposure (via right CA3) to the

stable, adaptive representation of space once the environment is familiar (via left CA3).

Our findings extend previous molecular work by linking synaptic properties to functional
roles in spatial learning. Prior studies showed that right CA3 axons form strong, AMPAR-rich
synapses on large mushroom spines, whereas left CA3 axons innervate smaller, GIuUN2B-
enriched spines with greater plasticity potential (Shinohara et al. 2008; Kawakami et al. 2003).
Consistent with these distinctions, we observed that during early novel exploration, right CA3
inputs are highly active and drive the rapid emergence of reliable, high-gain CA1 place fields,
providing robust initial encoding. As the environment becomes familiar, left CA3 inputs increase
in activity, suggesting that synaptic plasticity potentiates these initially weaker synapses to
support maintenance and refinement of spatial maps. This coordinated transition—right CA3
driving rapid encoding and left CA3 sustaining stabilization and ongoing updating—aligns with
previous findings that left CA3 inputs are essential for learning over repeated trials (Shipton et
al. 2014; EI-Gaby et al. 2016, 2021), further underscoring the distinct, experience-dependent

contributions of CA3 pathways to memory processing.
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Suppl. CA3 Optogenetic inhibition did not alter the mean running speed of animals in novel
environments.

Average time elapsed (in seconds) for running one lap under optogenetic inhibition and before
turning on opto across all mice. Frames recorded within the teleportation window were not
included. Wilcoxon test between opto off and on, left: p=0.69; Right: p=0.31. Between off and
on pooled between all animals: Wilcoxon test p=0.79.
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Supp2. Right optogenetic inhibition significantly increased the distance to centroid in the same
example animal as Fig4, representing a less stereotypical neural activity to location on the track
under opto.

A. Distance to centroid in opto early and opto late. Same example animal as (Fig4. a). See
methods for calculating distance to centroid. Left: Optogenetic inhibition significantly increased
distance to centroid than off in opto early. (Mann whitney u stats= 152935071, p<0.001). Right:
Turning on optogenetic inhibition significantly increased distance to centroid than before and
after. (Before vs. on: p<0.001; after vs. on: p<0.001).
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Supp3. Left and right CA3 input inhibition similarly delayed the emergence of CA1 place cells,
regardless of emergence criteria.

A. Cumulative histogram of fractions of place fields emerged by lap number comparing opto
early (red) with control (black) for first 10 laps under optogenetic inhibition by difference
emergence criteria. Emergence lap was defined as the first lap in N out of 6 consecutive laps of
within-field firing. P values reported were after Bonferroni correction (*10). N=2, left: Wilcoxon
signed-rank stats=701, p =1.2; right: stats= 361.5, p=0.07. N=3, left: stats=612, p=0.26; right:
stats=262, p<0.01; N=4, left: stats=588, p=0.16; right: stats=209, p<0.001; N=5, left: stats=543,
p=0.062; right: stats=190, p<0.001; N=6, left: stats=506, p=0.11; right: stats=371, p=0.26.

B. Within-animal emergence fraction difference between control and opto. Each dot
represented one lap: below 0 meant the lap had less fraction of PF emerged under opto than that
under lap-matched control, which reflected that optogenetic inhibition delayed the emergence of
place fields in that lap. No significant difference found between left and right under any criteria
of N. P values reported were after Bonferroni correction (*5). N=2, Mann whitney U stats=1653,
p=1.40; N=3, Mann whitney U stats=1702, p=1.23; N=4, T stats = 1.29, p=1; N=5, T stats=1.74,
p=0.41; N=6, T stats=0.24, p=4.05.

C. Fractions of place fields emerged 5 laps before turning on optogenetic in opto late by
animal. No significant differences were found between control and opto in the left or right group.
(linear mixed effects model, no significant effects, CA3 p=0.99, opto p=0.46, CA3 x opto
p=0.087. Wilcoxon signed-rank test left: p=0.375, right: p=0.625.)
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Supp4. Left and Right CA3 axon place field features.
A. Example axon place fields and mean place fields map sorted by center of mass location.
B. No significant difference found between left and right CA3 axon place fields in

emergence in novel environments.

C. Left and right CA3 axon place fields feature comparison. Right CA3 place fields
contained significantly more spatial information. Mann Whitney U stats=450693, p<0.001. Left
CA3 axon place fields had significantly longer occupancy than right CA3 axon place fields.
Mann Whitney U stats=607665, p<0.001. Left CA3 axon place fields had significantly more out-
field firing ratio than right CA3 axon place fields. Mann Whitney U stats=633514, p<0.001. Left
and right CA3 axon place fields were not significantly different from each other. Mann Whitney
U stats=514315, p=0.38
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Methods

Subjects. All experimental and surgical procedures were in accordance with the University of
Chicago Animal Care and Use Committee guidelines. For this study, 11-15 week old C57BL/6-
Tg(Grik4-cre)G32-4Stl/J mice were individually housed in a reverse 12 hour light/dark cycle in
controlled temperature of ~20 Celsius and ~50% humidity animal facility. Both male and female
mice were included in the experiments. All training and experiments were conducted during the
animal’s dark cycle. The entire experimental protocol, from the initial injection to the end of the

experiments, would last 4-6 months.

Injection protocol. Mice were anesthetized and injected with 0.5ml of saline and 0.5ml of
meloxicam. A small craniotomy was made over the left or right hippocampus CA3 region
(2.0mm lateral, 1.7mm or -1.7mm caudal respectively of Bregma). An Cre-dependent opsin,
pAAV-hSyn1-SIO-eOPN3-mScarlet-WPRE (Addgene #125713), was injected into CA3 (~100nl
at a depth of 1.9mm below the dura). Right after the viral injection, the site was covered with
dental cement (Metabond, Parkell Corporation) and a metal head plate (Atlas Tool and Die
Works). After at least 2 weeks, another small craniotomy was made over the right CA1 region
(1.7mm lateral, -2.3mm caudal of Bregma), where a genetically encoded calcium indicator,
AAV1-CamKII-GCaMP6f (Addgene #100834) was injected using a beveled glass micropipette.
Water restriction (0.8-1ml per day) began after a week of the initial craniotomy. One week after
the start of water restriction, mice went through another surgery to implant a hippocampal
cannula window at the right CA1 region. During the surgery, head plate and head ring were

attached to the cannula window to house the microscope objective and block out ambient light.
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Post-surgery, mice were back to ad lib with water, until a week later when they returned to the
same water restriction schedule. Expression of eOPN3 in CA3 terminals and GCaMP6f in

pyramidal cells at CA1 was checked every week starting 4 weeks after injection.

For axon imaging, the same injection protocol was followed except for a different virus. The
genetically-encoded calcium indicator, AAV9-axon-GCaMP6s-P2A-mRuby3 (Addgene
#112005) was injected into the left or right CA3 of Grik4-Cre mice (200 nL at a depth of 1.9 mm
below the surface of the dura). Expression was checked every week starting 10 weeks after

injection.

Behavioral training. Animals were trained to run on a treadmill in a virtual reality (VR)
environment by five LED screens. All VR environments (one training environment, named as
familiar environment, and three novel environments env A, B, C) were created using VIRMER.
Each environment had a two-meter linear track with unique detailed distal and proximal 3D
visual cues. At the end of the track in all environments, 4 microliter water rewards were
delivered and a short VR pause of 1.5s was implemented to allow for water consumption before
“teleported” back to the beginning of the track. During training, mice were placed in the familiar
environment for ~30 minutes each day to learn to run and lick the water rewards. Mice had to

run at least 2 laps/min for 5 days in a row to proceed to imaging.

Two-photon imaging and optogenetic inhibition. Imaging was done using a laser scanning

two-photon microscope (Neurolabware). The microscope consisted of an 8 KHz resonant
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scanning module (Thorlabs), a 16x/0.8 NA/3 mm WD water immersion objective (MRP07220,
Nikon). Images were collected at a frame rate of 30Hz with bidirection. GCaMP6f was excited at
920 nm with a femtosecond-pulsed two-photon laser (Insight DS + Dual, Spectra-Physics) and
the fluorescence was collected using a GaAsP PMT (H11706, Hamamatsu). Average laser power
measured at the objective was ~80mw each day and kept constant between days of imaging in
the same animal. Sampling rate was 31Hz with bidirectional scanning. Opto-stimulation
consisted of 625nm light delivered by a LED (Thorlabs) through the microscope objective, with
pulse width of 30ms (during which 2P-imaging was stopped), pulse margin of 5.25ms (during
which 2P-imaging was performed), frequency of 28.37Hz, and ~3 minutes of duration. A shutter
stopped imaging during an opto-pulse but scanning continued at the same speed. The asynchrony
between opto-stimulation and scanning resulted in missing lines for some frames. Each region of
interest (ROI) had a slightly different effective sampling rate from the varying number of
missing scan lines. The lowest effective sampling rate for a given ROI was ~10Hz during opto-
stimulation. The PicoScope Oscilloscope (PICO4824, Pico Technology) collected the signal
from the microscope to synchronize frame acquisition timing with behavior. Mice behavior
including treadmill running speed, position, and licking was collected by Picoscope Oscilloscope

and synchronized with the imaging for analysis.

For axon imaging, the same setup was used except for the following adjustments: A reduced
sampling rate of 15Hz with unidirectional scanning. Average laser power measured at the
objective was ~90mw each day. Axon-GCaMP6s was excited at 920nm and mRuby was excited

at 1040nm. Emitted fluorescence was collected using two GaAsP PMTSs.
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Imaging sessions. Once mice met the behavioral criteria described above, they underwent test
imaging sessions to assess the expression and functionality of eOPN3 and GCaMP6f. eOPN3
expression was confirmed in the basal and apical layers of CA1 using the red anatomical
channel. GCaMP6f expression was verified based on the following criteria: absence of resting

fluorescence in the nucleus, fast transient kinetics, and normal soma morphology.

During each test imaging session, mice ran for ~10 minutes in a dark environment (no visual
cues and rewards) followed by ~30 minutes in the familiar environment. Optogenetic inhibition
was delivered for 3 minutes once the mouse had been running for at least 3 minutes in either
environment. The 6-day imaging protocol on the same field of view was initiated only after
confirming a clear reduction in CA1 pyramidal cell activity during optogenetic inhibition in both

the dark and familiar environments (Fig. 3d).

During the 6-day imaging protocol, each imaging day consisted of navigation in the familiar
environment (10 min) before switching to a novel environment A, B or C (20 min). Each novel
environment was paired with an optogenetic inhibition condition: opto-early, opto-late, or
control condition (no opto delivered). Each pairing ran for 2 consecutive days. The order and
association of novel environments and optogenetic conditions was counterbalanced between
animals. On opto-early days, optogenetic inhibition was delivered as soon as the mouse entered
the novel environment and lasted for ~3 minutes. On opto-later days, optogenetic inhibition was
delivered for ~3 minutes after the mouse had completed at least 15 laps in the novel
environment. No optogenetic inhibition was delivered in control condition. Imaging was

recorded from the same field of view (FOV) throughout the protocol. After each imaging
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session, multiple averaged FOVs were saved as references for alignment on subsequent days.

Data from sessions with noticeable misalignment between days were discarded.

For axon imaging, mice followed the same behavioral criteria, and axon GCaMP and mRuby
expression were confirmed before proceeding. Each day, mice ran in the familiar environment
(~5 minutes) before transitioning to a novel environment (~10 minutes). To increase axon
collection per animal, recordings were performed in two novel environments. Axon activity from

the first day exposure in both novel environments was combined for analysis.

Image processing and ROI selection. Imaging planes acquired on different days were
combined and preprocessed using Suite2p (Pachitariu et al. 2016). Time-series images went
through two times of rigid and non-rigid transformations in Suite2p to remove movement
artifacts. Motion corrected videos were visually assessed to ensure the absence of drifts in z-
direction. Datasets with visible z-drifts were discarded. ROIs were identified by Suite2p and
manually inspected for accuracy. For each ROI, baseline corrected AF/F traces were generated
within each day, filtered for significant calcium transients as reported before. When generating
baseline corrected AF/F traces for a given ROI, missing frames in optogenetic conditions were
linearly interpolated using the fillmissing function in MATLAB. To match optogenetic
conditions, two control datasets were generated: one downsampled at opto-early inhibition

periods and the other at opto-late inhibition periods.
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For axon imaging, ROIs were first defined using Suite2p and then preprocessed using default
parameters in package subprep (Jiang, Zhao, and Sheffield 2024). A red mRuby channel was

recorded simultaneously to axon GCaMP for motion correction and motion artifacts removal.

Transient Raster and Normalized Transient Frequency. To ensure behavioral consistency,
neural data during stationary periods was excluded. Control data was downsampled during the
same frames as opto-on periods in opto-early and opto-late conditions, ensuring a matched
sampling rate during optogenetic inhibition. The data was then binned into ~160 ms time bins
and z-score transformed (described as “z-score transformed neural data” in the study). Time bins
with a z-score > 1 were classified as active and counted toward the number of active transients.
Transient frequency for each pyramidal cell was calculated as the number of active transients
divided by the condition duration. Normalized transient frequency was computed as the transient
frequency during opto-on (or time-matched control) divided by the transient frequency of the

entire session.

Low-Dimensional Manifold Visualization with CEBRA. CEBRA was applied on the z-score
transformed neural data using environment labels and track location as behavioral variables, with
each point in the low-dimensional manifold representing population activity within a single time

bin.

To compute embedding centroids for each environment, the 2 m track was divided into 40 spatial
bins (5 cm each). Within each bin, the centroid was defined as the average position of all points

from the same lap in the latent space. Distance to centroid was calculated as the Euclidean
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distance between each point and its corresponding centroid based on track location. To ensure
equal representation of time bins across conditions, opto-off time bins were randomly
downsampled to match the number of opto-on time bins. The average distance to centroid within

each opto condition was computed after 20 shuffles.

Spatial Location Decoding with CEBRA. Similar to manifold visualization, z-score
transformed neural data was used. In each shuffle, 80% of the opto-off period was randomly
selected to generate the low-dimensional embedding, which was used to train a k-nearest
neighbor (KNN) regressor. The model was then tested on 80% of the opto-on period projected
embedding. Each animal underwent 20 shuffles, and hyperparameters for both the KNN
regressor and latent embedding were optimized via grid search. Within-animal controls were
time-matched to the opto-on period in both opto-early and opto-late conditions. Decoding
accuracy at each time bin was measured using mean absolute error (MAE), calculated as the
absolute difference (in cm) between predicted and true locations. To examine the temporal
evolution of spatial decoding accuracy, mean MAE was averaged across all time bins within
each lap. To assess the impact of optogenetic inhibition on decoder performance, the within-
animal difference in mean MAE between opto and time-matched control conditions was

computed for each shuffle (Fig. 4d).

Spatial Location Decoding with Bayesian Decoder. The 200 cm track was divided into 40
spatial bins (5 cm each). Place cell activity was binarized based on spatial bins and used to train
and test a Gaussian Naive Bayes decoder. A cross-validation strategy was applied over 500

shuffles, with 80% of laps randomly selected for training and the remaining 20% for testing in
84



each shuffle. Decoding error was calculated as the absolute difference between predicted and
true location bins (e.g., a 2-bin difference corresponds to a 10 cm error). Within each animal,

mean decoder error was averaged across all locations within the same lap over all shuffles.

Licking Behavior. Licking data was recorded using a capacitive sensor on the waterspout. In
familiar environments, well-trained mice exhibited increased licking in the pre-reward zone, the
region just before reward delivery (Fig. 1). To identify this zone, we averaged lick counts by
location across all animals in the familiar environment and applied the kneedle algorithm to
detect the transition to elevated anticipatory licking. The pre-reward zone extended from this
transition point to just before reward delivery and was consistently applied across all animals and
environments. Similarly, the main track zone was determined using the kneedle algorithm to
identify the shift from elevated consummatory licking to stable no licking in the familiar
environment. Preemptive licking ratio is a lap-by-lap measurement of the ratio between lick

count in the pre-reward zone and main track zone.

Kneedle Algorithm to Determine Novelty Modulation Time. Implemented and adapted from
the Kneedle algorithm (Satopaa et al. 2011), this procedure was applied to each time series (e.g.
Bayesian decoder error by lap, transient raster count over time etc). Following preprocessing
(smoothing as described and normalized), a linear trend was fitted between the first and last time
points of the signal. For each intermediate time point, the perpendicular distance to this line was
computed. The time point with the maximum deviation—i.e., the “elbow” point—was defined as
the novelty modulation time, marking the transition from a phase of rapid decline to a stable

period.
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Place Field Selection. We used the peak method (Grijseels et al. 2021) with additional criteria to
account for noise in the dataset. Potential place fields (PFs) were identified as contiguous regions
on the mean tuning curve with a minimum amplitude of 0.1 AF/F and exceeding 40% of the
difference between peak AF/F and baseline values. At least 30% of laps had to contain a
significant transient within the PF boundaries, and PF width was constrained to 6%-50% of the
track length. Each PF had to be active within-field in at least 3 of 6 consecutive laps (see
emergence lap below), but only one instance of this criterion being met was required, defined as
the emergence lap. After passing all those criteria, neural activity was randomly shuffled 600
times by shifting fluorescence transients in time while preserving their calcium dynamics. For
each shuffle, peak and bottom fluorescence values were averaged across the fluorescence map.
Cells with true peak fluorescence in the top 1% and bottom fluorescence in the bottom 1% were

classified as place cells.

Emergence lap. For each cell, the first lap in n (n=3 if not otherwise specified) out of 6

consecutive laps of within-field firing is defined as an emergence lap.

Reliability. For each place cell, reliability is defined as the number of laps with significant in-

field transient over a 6-lap sliding window.

Transient Amplitude. Neural activity traces were smoothed using a centered rolling average

with a ~320 ms time window (minimum ~100 ms per window) to reduce high-frequency noise.
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Peaks were then detected using scipy.find_peaks with the following criteria: Minimum
prominence of 0.1 AF/F, minimum peak height of 0.12AF/F, minimum interpeak interval of
~320ms, peak width of ~160 ms to ~3.88s. Transient amplitude was defined as the area under the

curve from transient onset to peak.

Normalized axon activity. Calcium transient amplitudes were calculated as above but with
lower prominence (0.05 AF/F) and minimum peak height (0.1 AF/F). Normalized axon activity
was defined as the sum of all transient amplitudes divided by the number of laps (10 laps in

early, 15 laps in late), capturing both transient frequency and amplitude.

Statistics and Reproducibility. Error bars in all figures represent 95% confidence intervals of a
bootstrap-generated difference (5,000 resamples). Data distributions were assessed for normality
using the Shapiro—Wilk test. If normally distributed, a paired or unpaired Student’s t-test was
used where applicable. For non-normal distributions, a paired Wilcoxon signed-rank test or an
unpaired Mann-Whitney U-test was applied. For samples with six or fewer data points, only
non-parametric tests were used. Multiple comparisons were corrected using Bonferroni post hoc
adjustments. p <0.05 was chosen to indicate statistical significance. P values presented in figures

are as follows: *p <0.05, **p <0.01, ***p <0.001, n.s. not significant.

To compare delta-delta differences (Fig. 4d, 5b inset, 5¢ inset, 5h inset, 5i inset, 5k, 51) and
assess whether left or right inhibition had a greater effect, a within-animal subsampled bootstrap
difference distribution was generated. For each shuffle, an equal number of subsamples were

randomly selected from the control and opto conditions within the same animal, and their mean
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difference was computed. This process was repeated 500 times per animal to construct a
bootstrap distribution of control-opto differences. Within-animal differences from the same
inhibition group were pooled for left vs. right comparisons, and statistical significance was tested

accordingly.

A linear mixed effects model (Fig. 5E bottom, 5F bottom, Supp. Fig. 3c) was implemented in
MATLAB using fitime with the formula: EmergePercent ~ CA3 * opto + (1|mouse). This model
assesses the effects of optogenetic manipulation, CA3 side, and their interaction while

accounting for variability between animals.
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CHAPTER 4

CONCLUSION AND FUTURE DIRECTIONS

4.1 Summary of Findings
Chapter 2: A preprocessing toolbox for 2-photon subcellular
calcium imaging

1. Challenges of preprocessing for 2-photon subcellular calcium imaging include ROI

detection, movement artifact identification, and ROI grouping for axon data.

2. We developed and validated a computationally efficient preprocessing pipeline for
subcellular calcium imaging preprocessing. Through the application of frequency-based
filtering, Principal Component Analysis (PCA) and level change detection for motion
artifact identification, and clustering algorithms for ROI grouping, our pipeline provides
a robust framework for extracting physiological signals from subcellular structures during

behavior.

Chapter 3: A learning-dependent shift in CA3 input dominance
from left to right CA3 determines the evolution of CA1l spatial
maps
1. CALIR spatial maps develop with experience in novel environments and then stabilize.
There is an initial phase of gradual improvement in spatial decoding (first 10 laps: early

phase) that plateaus and is stable after ~10 laps (late phase). In parallel, anticipatory

licking for a reward within the novel environment develops and becomes precise over
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~10 laps, reflecting the animal’s learning about the environment in the early phase
(familiarization).

Both left and right CA3 projections are essential for forming CA1R place fields during
the early phase. Once formed, right CA3 inputs predominantly drive CA1R place-field
reliability, amplitude, and population spatial decoding accuracy during the early phase.
During the late phase, left CA3 input dominates, supporting place field reliability, precise
population spatial decoding, and new place field emergence. Right CA3 axons are more
active during the early phase, shifting to left CA3 dominance as the environment

becomes more familiar at the late phase.

Right CA3 supports the development of accurate spatial representations during learning,
while left CA3 engages more when spatial representations have stabilized - revealing a

greater role in memory retrieval.

4.2 Discussion and Future Directions

Updated hypothesis on the specialized functions of hippocampal lateralization

As discussed in the introduction, the "lateralized plasticity hypothesis"

(Jordan 2020), proposed by the Paulsen lab, suggests that the left CA3 specializes

in acquiring and storing new memories through its enhanced synaptic plasticity,

while the right CA3 supports rapid spatial representation of novel environments

via stable, developmentally preconfigured transmission (EI-Gaby, Shipton, and

Paulsen 2015). While my data align with a role for right CA3 in supporting rapid

spatial representations during novel experiences, | propose a revised model in
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which both left and right CA3 contribute to CAL1 spatial representation in distinct,
experience-dependent ways during familiarization to a novel environment.

Specifically, both hemispheric inputs are necessary for the rapid emergence
of CALl place fields. Once place fields have formed, right CA3 inputs facilitate the
rapid development and refinement of spatial representations during early phases of
novel exposure. In contrast, left CA3 inputs contribute to the stabilization and
updating of spatial maps by maintaining field reliability and gain, and by
integrating newly emerging fields as the environment is familiarized. This
proposed dynamic division of labor is supported not only by axonal imaging data
showing a shift in activity from right to left CA3 during familiarization, but also
by prior literature demonstrating hemispheric asymmetries in synchronized
network events (Kitanishi et al. 2015; Benito et al. 2016; Guan et al. 2021) and in
synaptic plasticity mechanisms (Shipton et al. 2014; Kohl et al. 2011; S. Li et al.
2003; Madar et al. 2025; Priestley et al. 2022; Kitanishi et al. 2015).

In contrast to the lateralized plasticity hypothesis—which posits that right
CAZ3's role is largely restricted to generating a fast but inflexible representation
during immediate novelty and becomes dispensable with continued learning—my
findings extend the functional relevance of right CA3 beyond just the initial
exposure. | show that right CA3 contributes to rapid plasticity-based learning
during the first ~10 laps (~2 minutes) of novel environment exploration. While
plasticity is not required for the initial formation of all place fields (Sheffield,
Adoff, and Dombeck 2017), it is crucial for improving spatial coding within

already formed fields. The original hypothesis is based on slice physiology studies

92



showing that only left CA3 inputs could induce LTP at CA1 using HFS and STDP
protocols (Shipton et al. 2014; Kohl et al. 2011). However, the inability to induce
LTP under specific protocols does not imply a complete absence of plastic
potential. Early novel exposure likely presents a unique window with heightened
susceptibility to alternative plasticity rules, such as behavioral time-scale synaptic
plasticity (BTSP) (Madar et al. 2025; Priestley et al. 2022) and neuromodulatory
facilitation (Heer and Sheffield 2024; S. Li et al. 2003), which may enable LTP
induction even from right CA3 inputs.

Additional support for a specialized role of right CA3 during early learning
comes from studies on hippocampal oscillations. Gamma oscillations, which occur
during awake behavior, are thought to promote interregional communication
through precise temporal coordination (Colgin and Moser 2010). Phase-locked
firing of CA1 pyramidal cells to gamma oscillations likely enhances the
convergence and impact of their outputs to downstream regions. Notably, during
initial novel exposure, CA1 neurons exhibit transiently increased phase-locked
firing to slow gamma oscillations (Kitanishi et al. 2015). This enhancement
depends on GluA1l, an AMPAR subunit that is more densely expressed on CA1
dendritic spines receiving right CA3 inputs (Shinohara et al. 2008), and has been
associated with the rapid improvement of spatial coding in CA1 place fields
during early learning of novel environments (Kitanishi et al. 2015).

Consistent with these findings, my data demonstrate a more prominent role
for right CA3 inputs in enhancing place field gain and reliability during the early

phase of learning. The specialized involvement of GIuA1l and enhanced gamma
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phase-locking likely represents a key mechanism by which right CA3 facilitates
the rapid refinement of spatial representations. Thus, even if right CA3 inputs are
less effective at inducing NMDAR-dependent plasticity (Shipton et al. 2014; Kohl
et al. 2011), they may nevertheless play a dominant role in supporting AMPAR-
dependent plasticity and temporally coordinated coding during initial novel
experience.

Further evidence for the specialized influence of right CA3 comes from
studies in anesthetized rats, where right CA3 inputs were shown to induce stronger
gamma-paced firing and exert greater excitatory drive on CA1 neurons compared
to left CA3 (Benito et al. 2016). Complementing this, slow gamma coherence
between CA3 and CAL transiently increases during exploration of novel objects
(Trimper et al. 2017), suggesting that enhanced synchrony between these regions
may play a critical role in coordinating spike timing and engaging synaptic
plasticity mechanisms to support memory encoding. Moreover, CA3 inputs has
been implicated in mediating interhemispheric coordination of ensemble and
ripple activity in CA1, without which the cell assembly activity, SWRs, and
replays in CA1 become poorer in quality and more lateralized within the
hemispheres (Guan et al. 2021). Together, these findings support the idea that right
CA3 inputs are more likely to synchronize more effectively with CA1 networks
and exert a larger influence on population-level activity during the early stages of
novel experience.

Taken together, these findings support a revised model in which right CA3

enables rapid, experience-dependent plasticity and synchronization during initial
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novel exposure. After the environment is familiarized, my data suggest a more
prominent role of left CA3 in maintaining spatial representation and supporting
the emergence of new fields over continued learning (see below for detailed
discussion on the topic of continuous learning). Although in my experimental
setup, learning occurs rapidly during early novel exposure—evidenced by the
establishment of anticipatory licking behavior and stabilization of the spatial
population code—the later “post-learning’ phase likely retains capacity for
ongoing plasticity and learning, consistent with prior behavioral studies (Shipton
et al. 2014; Kohl et al. 2011; Klur et al. 2009; El-Gaby et al. 2016).

I propose that the distinction between early and late phases of novel
exposure is modulated by the experience of novelty itself—during which
specialized plasticity rules and network events occur (Kitanishi et al. 2015; S. Li et
al. 2003; Heer and Sheffield 2024; Madar et al. 2025; Priestley et al. 2022), —
rather than by the specific timepoint at which the task is learned, which depends
on the task difficulty and cognitive demands. When a hippocampal-dependent
learning task is embedded within a novel environment, this model predicts that
learning-related neural dynamics—such as refinement of spatial representations,
as observed in my data—will also be temporally modulated by early versus late
phases of novelty exposure. For tasks requiring extended training beyond the
period of initial novelty, the model further predicts that right CA3 would still play
a dominant role early on, rapidly enhancing spatial representations through
novelty-specific plasticity, but would be insufficient for full task acquisition. After

the initial novelty phase, left CA3 would gradually assume a leading role,
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supporting continued learning through slower, more conventional forms of
synaptic plasticity.

This hypothesis is based on the assumption that novelty modulation and the
process of learning are independently regulated by distinct pathways and
mechanisms—a concept that itself warrants further investigation. For instance, if
an animal is exploring a maze with particularly complex or hard-to-learn spatial
configurations, would the novelty modulations persist longer to facilitate better,
more effective learning? It is unknown if novelty and learning may operate on
partially dissociable timelines with different underlying neural mechanisms.

The idea that continuous learning and memory updating is occurring even
“post-learning” is consistent with recent work on representational drift, which
highlights continuous turnover in place cell identity and shifting spatial activity
patterns over time (Geva et al. 2023; Keinath, Mosser, and Brandon 2022; Khatib
et al. 2023; Delamare et al. 2023; Krishnan and Sheffield 2023). While left CA3
inputs, but not right CA3 inputs, indeed support the emergence of new place fields
over continued learning, indicating its role in ongoing learning beyond mere
maintenance of already learned spatial representations, it is unknown if left CA3
actively drives these experience-dependent representational drift dynamics, either
stabilizing or facilitating drift in the CA1 code. This possibility warrants further

investigation in future studies.

Lateralization of CA3 inputs during phases of learning
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As discussed in Chapter 3, while both left and right CA3 inputs are essential
for rapid formation of CAL1 place fields, once formed, right CA3 inputs dominate
the early familiarization phase (within the first ~10 laps) of CAL1 place field
refinement whereas left CA3 inputs drive the maintenance of CA1 place fields
when the environment becomes familiar. Although we measured the anticipatory
licking prior to rewards as a behavioral readout of learning, a more complicated
behavioral design that directly depends on successful spatial learning would be
needed for further establishing a causal role between the contribution of lateralized
CA3 inputs and behavior during the process of familiarization.

Prior research has consistently reported a left-hemisphere dominance in
hippocampus-dependent spatial learning tasks (Shipton et al. 2014; EI-Gaby et al.
2016, 2021; Klur et al. 2009). However, these studies employed pharmacological
or optogenetic inhibition protocols that involved continuous inactivation of left or
right CA3 throughout the entire training period, which spanned multiple days.
According to my proposed model, right CA3 contributes most strongly during the
initial novel exposure phase, while left CA3 gradually assumes a dominant role
during the later phase of learning. The inhibition protocols used in these prior
studies would therefore have encompassed both early and late phases of learning,
as defined in this thesis.

Given the extended training durations and the complexity of the tasks in
these studies, it is likely that most of the learning occurred after the novelty-driven
modulation had subsided. Under my revised framework, behavioral impairments

from early right CA3 inhibition might be compensated over time by the
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progressive engagement of left CA3 inputs. In contrast, inhibition of left CA3
during the later phase—when it plays a primary role in supporting continued
learning—would result in more persistent deficits that cannot be compensated for
by right CA3 inputs. Therefore, the greater behavioral impairment observed with
left CA3 inhibition in these studies may reflect the dominance of left CA3 during
the prolonged learning phase, rather than an exclusive role in all phases of
learning.

This interpretation suggests that the apparent discrepancy between my
findings—emphasizing a critical early role for right CA3—and prior studies—
highlighting left CA3 necessity—can be reconciled by differences in task
complexity and training duration. | hypothesize that in tasks requiring extended
training, selective inhibition of left CA3 during the later phase would lead to more
pronounced behavioral impairments than inhibition of right CA3, consistent with
the dynamics hemispheric specialization proposed in this thesis.

In contrast, | hypothesize that for tasks that require rapid representation,
right CA3 inputs inhibition would reduce behavioral performance more than left
CAZ3 inputs inhibition. Prior research found CA3 essential for rapid one-trial
learning in novel environments (Wagatsuma et al. 2018; Nakazawa et al. 2002;
Nakashiba et al. 2008). Bilateral inhibition of CA3 significantly reduced the
amount of freezing in a one-trial contextual fear conditioning task (Nakashiba et
al. 2008). Given the dominance of right CA3 inputs during the initial novelty

exposure phase that | report in this thesis, | expect that in a similar contextual fear
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conditioning task that right CA3 inputs inhibition during the early phase would

lead to worse behavioral performance than left CA3 input inhibition.

Broader impact and future directions

This work reveals a dynamic hemispheric asymmetry in the hippocampus
throughout memory formation and retrieval. Rapid encoding is critical for
survival, the ability of animals to form immediate spatial memories in unfamiliar
environments has significant evolutionary advantage, highlighting the importance
of right CA3’s early dominance. By providing a new framework for memory
encoding as a novelty modulated, lateralized process, this model opens new
directions for understanding how learning unfolds across time and brain regions. A
key question for future studies is what controls the ability to dynamically shift the
influence of left and right CA3. How does the brain perform such a shift in a
learning-dependent manner? Neuromodulatory systems like the locus coeruleus
may play a crucial role in coordinating this transition by linking novelty, arousal,
and plasticity. Uncovering these mechanisms will offer deeper insight into

memory flexibility and its disruption in disease.
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