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Abstract

Memory is a fundamental property of living beings. In the brain, memory relies on the
coordinated activity of distributed neuronal populations. The two-stage model of memory
proposes that during active wakefulness, newly acquired information is coordinated within
hippocampal-dependent circuits, and during subsequent rest and sleep, such patterns of
neuronal activity are reactivated to support consolidation. This coordinated activity is
reflected in rhythmic fluctuations of neural activity, known as brain oscillations, which can
be measured using electrophysiological recordings. In rodents, the two stages of memory are
associated with distinct oscillatory states: theta oscillations during active wakefulness and
sharp-wave ripples during rest and sleep. In humans, however, the oscillatory mechanisms
supporting these two stages remain incompletely understood. Human lesion studies have
long established the importance of the medial temporal lobe (MTL) for memory, but how
MTL structures support encoding, coordination, and consolidation at the level of neuronal
activity remains unclear.

In humans, few studies have combined single-neuron and large-scale brain recordings
across memory tasks, rest, and sleep. Consequently, the neural mechanisms that coordi-
nate population activity across the different stages of memory remain poorly understood.
Although theta-band oscillations have been reported in the human hippocampus, their
behavioural relevance, their role in memory processing, and their capacity to coordinate
distributed neuronal populations across the MTL remain unresolved. Likewise, it re-
mains unclear whether neuronal coactivity motifs formed during memory acquisition are
subsequently reactivated during offline states, as predicted by the two-stage model of
memory. This thesis addresses these questions by combining local field potentials (LEFPs)
and single-neuron recordings from multiple MTL regions in patients with drug-refractory
epilepsy during a relational memory task, and during periods of rest and sleep.

First, I established a relational memory task suitable for investigating the two-stage
model of memory in humans. Participants with drug-refractory epilepsy successfully
learned and recalled associations embedded within a social community structure. By
comparing their performance with paired control participants and integrating neuropsy-
chological assessments, I identified the cognitive factors that contributed to individual
differences in learning and memory outcomes. Importantly, the task generated substantial
variability across participants and associations, allowing neural activity to be related to
memory performance.

Second, I identified a prominent hippocampal oscillation centred around 2 Hz during
wakefulness, which occurred as transient bursts (or "bouts") evoked by memory-relevant
visual cues. These bursts were selectively recruited during learning and retrieval, being
more frequent and longer than during passive viewing or rest. Furthermore, their expression



was also associated with higher subsequent memory performance, linking hippocampal
2-Hz activity to mnemonic processing. This oscillation was most prominent in contacts
free of interictal epileptiform discharges and was visible in both local field potentials and
single-neuron activity, supporting its physiological origin.

Third, I showed that 2-Hz oscillations organized neuronal activity in the hippocampus
and across the MTL. Neuronal spiking preferentially locked to the phase of the 2-Hz
oscillation, gamma activity was more strongly modulated at 2 Hz than at neighbouring
frequencies, and neuronal coactivity increased during 2-Hz bursts. This organization
extended beyond the hippocampus, as neuronal and gamma-band activity in other MTL
regions synchronized preferentially to hippocampal 2-Hz phase. Moreover, gamma activity
across MTL regions became more strongly synchronized during learning and retrieval,
a phenomenon that was specific to 2 Hz and not observed at neighbouring frequencies.
These findings indicate that transient 2-Hz bursts define temporal windows during which
distributed MTL networks are coordinated during memory-guided behaviour.

Fourth, I showed that hippocampal 2-Hz oscillations were re-expressed during rapid eye
movement (REM) sleep, whereas hippocampal ripples predominated during rest and slow-
wave sleep (SWS), consistent with the behavioural-state dependence reported for theta
oscillations and ripples in other mammals. Most importantly, neuronal coactivity motifs
formed during waking 2-Hz bursts were preferentially reactivated during hippocampal
ripples in post-learning rest relative to pre-learning rest. This reactivation was strongest
for coactivity motifs formed during learning and for associations that were later well
remembered, providing direct evidence for the reactivation of behaviourally relevant
single-neuron activity in humans.

Together, these findings support the existence of a two-stage organization of memory-
related activity in the human hippocampal system. During active wakefulness, transient
hippocampal 2-Hz oscillations coordinate neuronal activity across the MTL. During offline
states, hippocampal ripples reactivate neuronal coactivity motifs formed during these
bursts. Although the organizing rhythm is slower than the canonical theta oscillation
described in rodents, the functional logic is comparable: a slow oscillatory state supports
online coordination of distributed neuronal activity and links it to ripple-mediated offline
reactivation in humans. The graphical abstract presented below summarises the main
findings of this thesis (Fig. 0.1), which have been published in an open-access format
(Causse et al. 2026).
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Figure 0.1: Graphical summary. Using hybrid micro-macro electrodes containing
tetrodes, I showed that hippocampal 2-Hz bursts are recruited during memory-guided
behaviour (strongest during learning and recall), coordinate neuronal activity across the
medial temporal lobe (MTL), and organize coactivity motifs that are later reactivated
during offline hippocampal ripples. These results have been published in Causse et al.
(2026).
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1 General introduction

“La connaissance du réel est une lumiére qui projette toujours quelque part des ombres.”
“Knowledge of reality is a light that always casts shadows somewhere.”

— Gaston Bachelard, La Formation de l’esprit scientifique (1938)
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Memory is one of the most extensively studied faculties of human beings. Across
philosophy, psychology, and neuroscience, great thinkers have embarked in the adventure
of defining memory and uncovering its fundamental properties. Yet, many of its core
mechanisms remain mysterious, and memory continues to occupy a central place in
contemporary research.

The aim of the work presented in this thesis is decidedly more circumscribed. Although
memory can be approached from various angles, I adopt here a reductionist and mechanistic
perspective, using memory as a means of investigating how the brain works. More
specifically, this thesis focuses on everyday memory and on the contribution of the
hippocampus to its acquisition, organization, and consolidation. In that sense, the primary
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object of this work is not memory in its full complexity, but the neural mechanisms that
make a particular form of memory possible.

Inevitably, this approach relies on a number of assumptions that restrict the scope of
the study. I do not attempt to provide a general theory of memory. Rather, I examine a
set of foundational theories of memory when they generate mechanistic predictions about
how the brain functions. In particular, I focus on those predictions which can be tested
against neurobiological evidence. For this reason, I aim to be as explicit and transparent
as possible about the assumptions adopted throughout the thesis, and about the limits
they place on the interpretation of the results. To illustrate this approach and in order to
be explicit about the intellectual legacy of this work, in Appendix C I provide a short
analysis of the citations employed throughout the thesis.

1.I Models of memory

1.I.1 The legacy of associationism

Associationism has played a major role in the historical development of theories of
memory and learning. In its classical form, it proposed that mental life is built from
elementary sensations or ideas which become linked through experience. These links
were thought to depend on principles such as contiguity, similarity, repetition, and
later reinforcement (Hume 1690; Locke 1740; Hartley 1801; Mill 1829; Mill 1843; Bain
1855; Spencer 1855; Maudsley 1877; Ribot 1888; James 1890; Thorndike 1898). In
this view, memory can be understood as the capacity to preserve and retrieve relations
between elements that were previously experienced together. This idea was progressively
extended from the association of ideas to the association between sensations, actions, and
consequences, a generalization that explained learning, habit formation, and adaptive
behaviour. While the details differed between authors, associationism helped to explain
how experience could shape the mind without requiring innate structures or complex
internal representations.

This intellectual tradition strongly influenced the development of experimental psy-
chology. Early memory research attempted to isolate elementary laws of learning by
studying repetition, retention, forgetting, and recall under controlled conditions (Wundt
1910; Ebbinghaus 1913). This approach was formalized by Ebbinghaus, who used non-
sense syllables to reduce the influence of pre-existing knowledge and quantify learning
and forgetting experimentally (Ebbinghaus 1913). It was then extended to the study
of conditioning and reinforcement, where behaviour was explained through associations
between stimuli, responses, and outcomes (Thorndike 1898; Pavlov 1927; Skinner 1938).
Even later neurobiological theories preserved this legacy, notably through the idea that
repeated co-activation strengthens connections between neurons (Hebb 1949). As a result,
many classical paradigms in memory research still reflect an associationist logic, including
paired-associate learning, conditioning, stimulus-response learning, recognition memory,
and tests of associative memory. Associationism therefore provided a major methodological
foundation for the experimental study of memory, encouraging a view of memory as the
storage of links between discrete elements.
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1.I.2 Beyond mere associationism

1.I.2.a Memory is flexible and anticipatory

Associationism has been a powerful and fruitful approach for understanding memory,
but it struggles to capture the full complexity of behaviour. First, not all associations
are equally stored or retained, and retrieval does not simply reproduce the conditions of
initial learning. These observations suggest that learning and memory are constrained by
pre-existing structures that shape how knowledge is constructed and organized over time.
This limitation was made explicit in the development of schema theories (Piaget 1923;
Piaget 1952; Bartlett 1932), which propose that new knowledge is not stored in isolation
but is rather integrated within broader and structured "schemata' that govern how it is
subsequently used.

A second limitation of the associationist tradition lies in the fact that the primary
function of memory is not to passively store events, but to guide behaviour. From an
evolutionary perspective, memory helps select the most appropriate behavioural strategy to
adopt in a given context, based on previous experience (Cisck 2019). This capacity requires
adapting to novel situations for which no direct associations exist, that is generalizing to
novel contexts. As Lashley (1951) argued in his seminal analysis of language, complex
behaviour does not follow a strictly ordered sequence, i.e., a simple chain of associations
in which one element triggers the next. Instead, it is shaped by hierarchically organized
internal structures that represent future actions, goals, or the relation between separate
elements (Rosenbaum et al. 2007; Kolodny and Edelman 2015). A similar criticism was
raised by Chomsky (1959) who argued that language acquisition cannot be explained by
stimulus-response-reinforcement loops alone. In particular, children can generalize and
produce new sentences despite limited and irregular reinforcement, suggesting that they
rely on internal representations of linguistic structure rather than on stored associations.
This capacity for abstraction and generalization indicates that memory supports structured
and flexible representations that extend beyond past experience.

Consequently, to account for the flexible and anticipatory nature of memory, we need
to go beyond associationism.

1.1.2.b Schema theory

The idea of a pre-existing structure that constrains the acquisition of new information
was developed by Immanuel Kant, who introduced the notion of "schemas" as general
procedural rules mediating between abstract concepts and sensory experience (l{ant
1781). Jean Piaget later developed the concept of "schémes" in the context of child
development, to explain how knowledge is actively constructed through interaction with the
environment. In this account, knowledge is not passively stored; rather, new information
is either "assimilated" into existing structures or leads to their modification through
"accommodation" (Piaget 1923). Even though these two theories of schemas accounted
for some aspects of learning and memory, they were not formulated as explicit theories
of memory. By focusing directly on remembering, Bartlett showed that memory recall
is not a simple retrieval of isolated traces, but instead operates as an “organized mass”,
indicating the existence of a reconstructive process at play during retrieval (Bartlett 1932).
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This perspective implies that memories are not fixed but are continuously re-organized
over time.

Schema theory was further developed in cognitive psychology and early computational
approaches as a way to explain how knowledge is organized and how prior experience
shapes memory (van Kesteren et al. 2012; Ghosh and Gilboa 2014). In particular, studies
focussed on how prior knowledge supports comprehension and recall (Alba and Hasher
1983; Anderson et al. 1983; Anderson and Pearson 1988). According to this view, prior
knowledge facilitates memory formation, and schema-congruent information is acquired
and remembered more efficiently (Schulman 1974; Craik and Tulving 1975; Brewer and
Treyens 1981; Anderson et al. 1983; Staresina et al. 2009), but see (van Kesteren et al.
2012) who propose an interpretation accounting for novelty. Importantly, schema theory
has played a significant role in shifting the study of memory beyond simple associative
rules toward a more structured, model-based view of memory. However, schema theory
was initially formulated to account for behavioural observations rather than to describe
the neural processes underlying memory (van Kesteren et al. 2012; Ghosh and Gilboa
2014), but see more recent accounts (Gilboa and Marlatte 2017). Consequently, despite
a renewed interest in schemas in contemporary neurosciences (Ise et al. 2007; Tse et al.
2011; McKenzie et al. 2014; Baldassano et al. 2018; Zhou et al. 2021; Samborska et al.
2022; El-Gaby et al. 2024), their neural implementation remains loosely defined. Instead,
current accounts rely on other theories, such as the complementary learning theory
(Chapter 1.II1.3), to provide a mechanistic basis for schema formation and development
(van Kesteren et al. 2012).

1.I.2.c Cognitive maps and relational memory

Another attempt to develop a theory of memory that goes beyond associationism was
made in parallel by Tolman (1948) who proposed that learning consists not in the gradual
strengthening of mere stimulus-response associations by repetition or reinforcement, but
in constructing internal “cognitive maps”. These cognitive maps do not represent space
as an absolute variable, but instead capture the relative or "relational" structure of the
environment, which can be flexibly used to guide behaviour. Crucially, they vary in their
degree of abstraction, with broader and more flexible maps supporting adaptation to novel
situations, whereas narrow, over-specific ones lead to rigid behaviour. This framework
was later formalized by O’Keefe and Nadel (1978), who distinguished simpler forms
of conditioning (stimulus-response associations, cue-guided strategies) from map-based
navigation, situating cognitive maps as a distinct memory system supporting flexible,
context-dependent behaviour. In contrast to the schema theory, cognitive map theory
was initially linked more directly to hippocampal physiology, motivated both by the
discovery of place-cells in rodents (O’lKeefe 1976) (Chapter 1.II1.1) and by cognitive
studies in amnesic patients (Scoville and Milner 1957) (Chapter 1.11.2). Although the
authors acknowledged the influence of Bartlett’s schemas (Bartlett 1932), they argue
that the cognitive map theory is primarily based on the study of navigation in physical
space. Interestingly, in recent experimental work involving cognitive maps, as the spatial
structure of the task becomes less explicit and the focus shifts toward more abstract
forms of knowledge, there is an increasing use of schema-like concepts (Baram et al. 2021;
El-Gaby et al. 2024; Qu et al. 2026). Here, schemas are combined with cognitive maps to
explain how structured knowledge supports behaviour beyond physical navigation.
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One important aspect of the cognitive map is that it emphasizes the role of relationships
between elements rather than the particularities of the elements themselves (O Keefe and
Nadel 1978). This idea naturally extends beyond physical space and led to the formulation
of relational memory theory, in which arbitrary relationships between items, contexts and
events are stored and later reorganized during sleep (D. Marr 1971; Eichenbaum et al.
1988; Eichenbaum et al. 1989; Eichenbaum and Cohen 1993; Eichenbaum and Cohen
20 ,l). In this view, spatial navigation represents a specific instance of a more general
principle whereby knowledge is represented in a relational format to support generalization
across domains and flexible behaviour (Konkel and Cohen 2009). Akin to cognitive map
theory, relational memory was initially grounded in observations of hippocampal function
and dysfunction, revealing its role in organizing relationships between elements (Bunsey
and Eichenbaum 1996; Konkel et al. 2008; Zeithamova et al. 2012). However, more
recent studies suggest that such relational knowledge is integrated across broader cortical
networks, in particular the neocortex (Preston and FEichenbaum 2013; Zong et al. 2025).
Again, schema-like concepts have re-emerged in this framework, suggesting continuity
between cognitive maps and schemas, with cognitive maps primarily linked to hippocampal
function and schemas involving neocortical regions (Ghosh and Gilboa 2014; Gilboa and
Marlatte 2017; Lisman et al. 2017).

A central consequence of relational organization is inferential behaviour, which allows
organisms to establish connections between elements that have not been directly experi-
enced together (Zeithamova et al. 2012; de Sousa et al. 2021). Inference is a fundamental
property of living beings (Friston 2010) and is observed across many species (Miiller and
Wehner 1988; Wehner and Wehner 1990; Bunsey and Eichenbaum 1996), reviewed in
(Vasconcelos 2008) and to a certain extent in (Zentall et al. 2008). From this perspective,
memory is not limited to the storage of past experiences, but also enables the flexible
recombination of learned relationships to generate predictions about novel or future situa-
tions. This view emphasizes that the hippocampal system does not simply retrieve stored
representations, but actively supports the construction of new knowledge and adaptive
behaviour from previously acquired relationships.

1.I.2.d Predictive coding

In contrast to schema theory, which emphasizes the facilitated integration of congruent
information, i.e., consistent with pre-existing knowledge, predictive coding frameworks
highlight the role of prediction error, whereby incongruent (unexpected) information
drives stronger learning and results in the update of internal representations (I'riston
2005; Friston and Kiebel 2009). Originally developed in the context of sensory processing
(Rao and Ballard 1999), predictive coding is grounded in the mathematical principles of
Bayesian inference, according to which the brain is assumed to maintain probabilistic
models of the environment that are Continuously updated based on incoming information
(Dayan et al. 1995; Doya 2007; Griffiths et al. 2008). Conceptually, this idea can be traced
back to Craik’s analogy of the brain as a "calculating machine"', in which cognition relies
on internal representations capable of simulating and anticipating future states (Craik
1967).

Predictive coding proposes that memory can be understood as the maintenance and
updating of such internal models: memory acquisition corresponds to the incorporation
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of new information through prediction error, while memory retrieval reflects the use
of these models to generate predictions about future states. In this sense, predictive
coding provides a unifying account that integrates schemas and relational representations,
framing both as instances of prediction based on prior knowledge (Barron et al. 2020a).
In addition, predictive coding emphasizes the anticipatory nature of memory, consistent
with evolutionary accounts of behaviour (Murray et al. 2017; Cisek 2019). Notably,
related ideas were already present in the cognitive map theory of O’Keefe and Nadel,
who suggested the existence of a “misplace” system for detecting mismatches between
expected and actual spatial inputs, suggesting an early link between hippocampal function
and prediction error (O'Keefe and Nadel 1978). Nevertheless, the precise brain networks
involved in the generation and interpretation of prediction error signals during learning
remain under investigation (Barron et al. 2020a; Gueguen et al. 2021; Miller et al. 2023).

Overall, theories of memory seem to face a trade-off: psychological approaches capture
complex behaviour but often lack clear neural mechanisms, whereas accounts based
on neural physiology provide mechanistic details but may not always generalize across
different forms of behaviour, and therefore require ongoing refinement as new evidence
emerges. This perspective raises the question of which neural mechanisms support the
acquisition, maintenance, and updating of memory representations.

1.II Studying memory at the macroscopic level

1.II.1 In search of the neural substrate of memory

Early attempts to understand psychological processes such as memory were shaped
by a methodological constraint: psychological phenomena are subjective and cannot be
accessed directly by an external observer. This raises a fundamental problem, namely how
to study mental processes objectively.

A solution emerged in the 19th century, based on the idea that psychological states can
be inferred from behaviour (Mill 1843; Sechenov 1863; Bain 1855). As Skinner defined
it in the middle of the 20th century: "Behavior is what an organism is doing—or more
accurately what it is observed by another organism to be doing" (Skinner 1938). In this
view, behaviour becomes the primary empirical access point to psychology.

A complementary solution was introduced by evolutionists, who proposed that psycho-
logical processes can be understood by studying their gradual development across species.
This perspective builds on the continuity between animals, such that mental functions
emerge progressively with the evolution of the nervous system (Spencer 1855). Darwin
supported this view by showing that similarities in behaviour (in particular emotions)
across species reflect common ancestry (Darwin 1872). Moreover, the observation that
simple organisms can learn from experience and adapt their behaviour accordingly (Mor-
gan 1843) reveals that memory is a fundamental property of living beings (George John
Romanes 1882).

Building on this evolutionary perspective, comparative psychology emerged as a con-
trolled experimental system to study behaviour across species. While evolutionary ap-
proaches emphasized behavioural adaptation to environmental constraints, comparative
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psychology aimed at revealing general laws of learning and memory. Indeed, rather than
comparing behaviours in their natural context, Thorndike (1898) introduced standardized
experimental paradigms applied to different species to investigate how they solve the same
problem. Pavlov (1927) further argued that, since higher nervous activity relies on similar
mechanisms across species, experiments in animals can provide general insights into brain
function, including humans. Comparative psychology culminated in behaviourism, which
aimed to establish a science of behaviour based on observable and measurable actions
using controlled experiments (Watson 1919; Skinner 1938). This approach is grounded
in methodological reductionism, which assumes that complex psychological phenomena
can be explained from the basic interactions between these simpler elements (Bain 1855;
Sechenov 1863; Hering 1895; Semon 1921).

Comparative psychology established objective and reproducible behavioural paradigms
which could be applied in several animal species, but it also drastically reduced the
diversity of species under investigation. In a famously provocative article, Beach (1950)
noted that in hunting for “animal behaviour,” psychologists had effectively rediscovered a
single species (the laboratory rat), suggesting that comparative psychology had quietly
turned into the study of rat learning rather than a truly comparative science. Given the
predominance of mouse models in contemporary neuroscience, this standpoint remains
largely valid, despite recent efforts to study natural behaviour (Ulanovsky and Moss 2007;
Hong et al. 2015; Wiltschko et al. 2015; Mathis et al. 2018; Marshall et al. 2021; Cisek
and Green 2024), to perform cross-species investigations (Barron et al. 2020b; Barron
et al. 2021) and to broaden the range of species studied (Ulanovsky and Moss 2007; Muir
et al. 2009; Laurent 2020; Payne et al. 2021; Bergel et al. 2025).

At the conceptual level, recent work has revived evolutionary approaches to the study of
behaviour and memory (Murray et al. 2017; Cisek 2019), reinforcing their value as a model
for understanding how brain mechanisms support adaptive behaviour. Early investigations
emphasized the importance of examining the anatomy, histology and connectivity of the
hippocampus across species in order to identify conserved principles of brain organization
and function (Cadilhac 1954). Although this approach became less prominent with the
rise of species-specific experimental paradigms, it continued to be defended by authors
such as C.H. Vanderwolf, who argued that understanding memory requires placing neural
mechanisms within their evolutionary and behavioural context (Vanderwolf and Cain
1994). Drawing on this perspective, in Chapter 1.1I1.2, I examine how comparing behaviour
and brain networks across species could reveal shared neural mechanisms of learning,
with a focus on the conserved role of theta oscillations during sensory acquisition and
exploratory behaviour.

Comparative psychology and evolution were instrumental in establishing memory as a
fundamental and phylogenetically conserved cognitive function, whose neural substrates
can be revealed by cross-species comparison. Another influential methodological solution
to investigate memory was the study of pathological states. Influenced by Bernard (1865),
who established medicine as an experimental science, Ribot systematically analysed clinical
cases of retrograde amnesia to elaborate a functional and hierarchical organization of
memory within the nervous system (Ribot 1888). While he did not identify a precise
neural substrate for memory, his account anticipated the view that memory relies on
distributed neural systems, a principle that remains central to contemporary neuroscience
(Chapter 1.II1.3). This approach was later transformed by lesion-based neuropsychology,
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which suggested the existence of a direct mapping between brain structures and cognitive
functions, and will form the focus of the next section (Chapter 1.11.2).

1.II.2 The multiple memory systems theory in the context of
amnesia

1.I1I1.2.a The Medial Temporal Lobe (MTL) in memory

A major turning point in memory research came from the study conducted by Scoville
and Milner (1957). Among the ten patients who underwent surgical resection of the
MTL, seven patients with psychiatric disorders (mostly schizophrenia) and one with
intractable epilepsy (patient H.M.) developed subsequent anterograde amnesia, associated
with retrograde amnesia of variable extent. Earlier studies had reported memory deficits
following lesions to the MTL and/or temporal neocortex in humans (Glees and Griffith
1952; Petit-Dutaillis et al. 1954; Milner and Penfield 1955-1956; Terzian and Ore 1955).
Nonetheless, the systematic psychological assessment of memory before and after surgery
in this study was a critical methodological advance. While the clinical rationale for these
procedures, rooted in earlier psychosurgical practices such as lobotomy (Miller 1967),
reflects a historical medical context very different from current standards, they provided
an opportunity to relate memory deficits to brain lesions, and set the ground for several
decades of research on memory in humans (Spiers et al. 2001). In particular, patient H.M.
was further involved in memory studies for almost five decades (Milner et al. 1968; Corkin
1984; Corkin 2002). These studies yielded extensive evidence for the role of the MTL in
memory.

Even though these initial studies involved patients with broad MTL lesions, further
studies of patients with more circumscribed hippocampal lesions were instrumental in
refining the understanding of memory systems (Milner and Penfield 1955-1956). An
important step was the report of patient R.B., who developed marked anterograde
amnesia after an ischemic episode; post-mortem analysis showed a bilateral lesion largely
limited to the CA1 field of the hippocampus, with little evidence of retrograde amnesia or
other cognitive impairment (Zola-Morgan et al. 1986). This case supported the view that
hippocampal damage alone can be sufficient to produce a deficit in memory acquisition.
A later clinicopathological case confirmed that bilateral hippocampal lesions after status
epilepticus could produce severe, persistent amnesia (Victor and Agamanolis 1990). Then,
work on transient global amnesia linked small, mostly CA1 lesions to acute but reversible
memory deficits, suggesting a temporary disturbance of hippocampal memory circuits
rather than permanent damage (Bartsch et al. 2006). Studies of patient K.C., who
had extensive bilateral hippocampal damage, showed that retrograde amnesia is not
uniform: general knowledge about familiar environments, routes, and large spatial layouts
were preserved, whereas detailed landmarks, houses, and autobiographical episodes were
severely impaired (Rosenbaum et al. 2000; Rosenbaum et al. 2005). More recent work on
LGI1-antibody limbic encephalitis identified focal CA3 atrophy associated with impaired
autobiographical episodic memory, affecting both recent and remote memories, while
semantic information was relatively preserved (Miller et al. 2017; Miller et al. 2020).
Together, these studies show that hippocampal lesions are especially disruptive for new
learning and detailed episodic recollection, while the severity and profile of amnesia depend
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on lesion extent, subfield involvement, and the kind of memory tested.

1.I1.2.b The multiple memory systems theory

An important observation from studies of amnesic patients is that their memory deficits
are not uniform. An important piece of evidence in support of this idea is their preserved
ability to acquire unconscious, perceptual-motor skills, referred to as non-declarative
memory (Milner et al. 1968; Brooks and Baddeley 1976; Cohen and Squire 1980). This
capacity contrasts with their profound impairment in learning and recalling consciously
accessible facts and events, known as declarative memory (Squire 1987; Squire 2004; Squire
2009). This dissociation provided some of the earliest empirical evidence for the multiple
memory systems theory (Tulving 1972; Squire 1992b; Schacter and Tulving 1994), which
posits that memory is composed of distinct domains supported by different brain systems.

Within declarative memory, a further distinction was proposed between episodic
memory, referring to the recollection of events, and semantic memory, referring to general
knowledge. This distinction was raised following the observation that amnesic patients
retain access to semantic knowledge despite severe episodic impairments (Tulving 1972;
Tulving and Thomson 1973; Craik and Tulving 1975; Tulving 1983; Tulving 1985).
Additional support comes from studies of patients with semantic dementia, a syndrome
characterized by a deficit in semantic memory with relatively preserved episodic memory
functions (Snowden et al. 1989; Hodges et al. 1992; Hodges and Graham 2001; Piolino
et al. 2003). This disease was associated with lesions in the anterior part of the temporal
lobe (Hodges et al. 1992; Hodges and Graham 2001; Barbeau et al. 2011; Busigny et al.
2015), a pattern distinct from episodic amnesia, further supporting the multiple memory
systems theory.

1.I1.2.c Animal models of human amnesia

Initial reports of memory deficits in human patients with specific lesions to the temporal
lobe were followed by attempts to replicate these findings in animal models (Squire 1992a),
particularly in non-human primates. Although early studies had described behavioural
changes, including memory impairments, following temporal lobe lesions in monkeys
(Brown and Sharpey-Schafer 1888; Kliver and Bucy 1937; Kliiver and Bucy 1938), it was
only after the seminal work with human amnesic patients that primate research began
to focus systematically on memory (Mishkin 1978). By performing selective lesions to
different parts of the MTL, either in isolation or in combination, and by using tasks
analogous to those employed in humans, some of these studies demonstrated the role
of the MTL and in particular the hippocampus in declarative memory (Mishkin 1978;
Zola-Morgan et al. 1989; Zola-Morgan et al. 1992). Importantly, lesioned animals showed
preserved acquisition of motor skills (Salmon et al. 1987), mirroring findings in humans
and supporting the distinction between declarative and non-declarative memory systems.
These studies with non-human primates made it possible to establish a causal link between
MTL lesions and behavioural deficits (Zola-NMorgan et al. 1989; Zola-Morgan and Squire
1990; Squire and Zola-Morgan 1991; Zola-Morgan et al. 1992; Buckmaster et al. 2004),
which was not possible in patients whose disease could be interpreted as a confounding
factor.
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A third, complementary line of research was conducted in parallel and involved the
study of memory in rodents. By performing lesions to the hippocampus in rodents, it
was shown that the hippocampus is necessary for some forms of memory, but not all
(Squire 1992a). Because conscious recollection cannot be directly assessed in rodents,
episodic-like memory is instead studied using behavioural tasks that test whether animals
remember information about what happened, where and when it happened, or in which
context it occurred. Using these methods, early studies reported changes in activity,
inhibition, and avoidance after hippocampal lesions, even though these effects were not
easily interpreted as selective memory deficits (Isaacson and Wickelgren 1962; Kimble
1963; Teitelbaum and Milner 1963). Later work suggested that hippocampal damage
particularly impairs memory when behaviour depends on contextual, spatial, or relational
information rather than simple stimulus-response associations, supporting the cognitive
map theory (O'Keefe and Nadel 1978; Hirsh 1974; Hirsh 1980). This view was supported
by experiments with the Morris water maze, where rats with hippocampal lesions were
impaired in finding a hidden platform using distal spatial cues, despite preserved sensory,
motor, and motivational abilities (Morris et al. 1982). Subsequent studies showed that
hippocampal lesions spare simple recognition or discrimination learning, but impair
cross-modal associations, contextual conditioning, topographical memory, and flexible
use of odour associations through symmetry or transitive inference (Sutherland and
McDonald 1990; Bunsey and Eichenbaum 1996; Dusek and Eichenbaum 1997). Together,
these findings indicate that the rodent hippocampus supports relational and episodic-like
memory, but not simpler associative, procedural, or habit-based learning (Squire 1992a),
in support of the multiple memory systems theory.

1.II.3 Beyond the MTL alone

Despite this evidence, most studies involving discrete lesions restricted to subregions
of the MTL in non-human primates and rodents failed to reproduce the severity of the
memory impairment (dense amnesia) described in the original work of Scoville and Milner
(Scoville and Milner 1957; Horel 1978). This was partly due to the fact that these original
resections were quite extensive, as revealed by the anatomical magnetic resonance imaging
(MRI) performed with patient H.M. (Corkin et al. 1997). While the multiple memory
systems theory has been useful in accounting for dissociable memory deficits in patients,
it does not fully capture the extent to which memory depends on interactions within
distributed neural circuits (Horel 1978; Vanderwolf and Cain 1994; Gaffan 2001; Gaffan
2002). This idea was implied in a seminal paper published by Lashley (1950), who
wrote that "it is not possible to demonstrate the isolated localization of a memory trace
anywhere within the nervous system". Despite this early conceptual intuition, it was
formally addressed only after studies on "disconnection syndromes" had demonstrated
that lesions of white matter pathways can produce cognitive deficits, including memory
impairments, by disrupting communication between otherwise intact regions (Geschwind
1965).

These early findings led to the proposal that cognitive functions like memory are
supported by large-scale networks rather than the MTL alone, such that damage to white
matter tracts, like the fornix, the temporal stem and the amygdalofugal pathway, results
in amnesic syndromes comparable to those observed following MTL lesions (Horel and
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Misantone 1976; Olton et al. 1978; Bachevalier et al. 1985; Gaffan and Gaffan 1991;
Gaffan 1994). The proposal of an integrated network supporting normal memory was
also supported by evidence of amnesia after lesions to diencephalic regions that are
part of the Papez circuit (Papez 1937), and in particular the anterior thalamus which
connects the limbic system with the neocortex (Squire and Moore 1979; Warrington and
Weiskrantz 1982; Aggleton and Mishkin 1983; von Cramon et al. 1985; Graff-Radford
et al. 1990; Parkin et al. 1994; Parker and Gaffan 1997). This perspectlve was formalised
in the 1nﬂuent1al model of Aggleton and Brown (1999), which reflects a paradigm shift
from a localisationist view of amnesia to a network-based account, implying that both
memory impairment and normal memory function depend on the integrity of distributed
cortico-subcortical circuits.

While lesion studies have been essential for identifying the macroscopic networks
involved in memory, they provide a rather static and indirect view of memory mechanisms.
This work revealed which brain regions and pathways are necessary for memory, but not
how information is dynamically acquired, stored, and retrieved within these circuits. To
address this, a complementary line of research has focused on the activity of single neurons
and populations, in vivo, while subjects engaged in memory tasks. This work has led to
the discovery of specialised cells, such as place cells and concept cells, and to the idea that
memories are supported by coordinated activity within neuronal populations, referred
to as cell assemblies. This approach shifts the focus from brain structures to neural
circuits, revealing a dynamic view of memory based on how information is represented
and processed in the brain.

1.III Studying memory at the microscopic level

1.I111.1 Neuronal "codes"

1.ITI.1.a From the neuron doctrine to population coding in animal models

The idea that experience leaves lasting traces in the nervous system, termed 'engrams"
by Semon (1921), long preceded direct experimental access to neural activity (Ribot 1888).
With the development of in vivo extracellular recordings (Hubel 1957), it first became
possible to record the response of individual neurons to the presentation of sensory stimuli,
revealing highly selective neurons in the cortex across mammals (Mountcastle 1957; Hubel
and Wiesel 1959; Gross et al. 1972). This early work on receptive fields, a term coined by
Sherrington (1906), gave single neurons a central explanatory role in sensory perception
(Barlow 1972), forming the basis of a “neuron doctrine” centred on single-cell coding
(Yuste 2015).

The extension of these approaches to freely moving animals led to the discovery of place
cells (O'Keefe and Dostrovsky 1971; O'Keefe 1976), providing the first direct link between
single-neuron activity and memory-related processes. This finding shifted attention toward
neuronal mechanisms of memory and spatial representation (O'Keefe and Nadel 1978;
Eichenbaum and Cohen 1988). This discovery was followed by the description of several
other navigation-specific neurons in the hippocampus and entorhinal cortex, including
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head- direction grid, and boundary cells (Quirk (t al. 1992; Taube et al. 1990; Frank
et al. 2000; Fyhn et al. 2004; Hafting et al. 2005; Ulanovsky and Moss 2007), which
remforced the theory of cognitive maps (B(‘,hr(‘,ns ot al. 2018). Early in the development
of this theory, it was postulated that memory is not supported by isolated neurons, but
by the coordinated activity (co-activity) of neuronal ensembles (Gerstein and Aertsen
1985; Traub et al. 1989; Ahissar et al. 1992) in line with Hebb’s hypothesis (Iebb 1949).
Experimental evidence for such synchrony in the hippocampus was later obtained by using
recordings of neuronal populations (Buzsaki et al. 1992; Wilson and McNaughton 1993),
a development made possible by advances in recording techniques, notably tetrodes which
allow the identification of multiple neurons simultaneously (McNaughton et al. 1983; Gray
et al. 1995; Buzsaki 2004).

In parallel, a complementary line of work used immediate early genes as markers of
neuronal activation in rodents, after early studies showed that c-fos expression is rapidly
induced in neurons following neuronal activity (following seizures (Morgan et al. 1987) and
electrical stimulation (Sagar et al. 1988)). This approach was extended to memory with
genes such as Arc (Lyford et al. 1995); whose expression can reveal hippocampal neurons
which were hyper-active following a spatial experience (Guzowski et al. 1999), identifying
molecular "traces" of neuronal ensembles. Activity-dependent genetic tagging then made
it possible to label neurons recruited during learning and to show that these neurons are
preferentially active during memory retrieval (Reijmers et al. 2007). Subsequent studies
combining this approach with optogenetics showed that artificial activation of hippocampal
neurons recruited during learning is sufficient to reinstate behaviour associated with a
fear memory, while manipulation of these ensembles can modify memory expression (Liu
et al. 2012; Ramirez et al. 2013; Ryan et al. 2015). Although early work suggested that
such engrams form relatively stable neuronal ensembles, more recent studies have revealed
that their composition and properties can change over time, reflecting their dynamic and
flexible organization (Redondo et al. 2014; Trouche et al. 2016; Tomé et al. 2024).

Building on these findings, the dominant paradigm has shifted from a neuron-centred
perspective toward a population-level view, in which information is encoded by distributed
and dynamic patterns of activity across neuronal populations (Harris et al. 2003; Tkegayva
et al. 2004; Buzsaki 2010; Dupret et al. 2013; Yuste 2015; van de Ven et al. 2016; Lopes-
dos-Santos et al. 2018; El-Gaby et al. 2021; GA\ a et al. 2021; Yuste et al. 2024). Moreover,
converging evidence indicates that stable behavioural representations can be maintained
despite ongoing drift in the activity of individual neurons, through the preservation
of population-level structure and coordinated ensemble dynamics (Deitch et al. 2021;
Sheintuch et al. 2023). Importantly, causal manipulations have demonstrated that such
population activity directly contributes to perception and memory (Carrillo-Reid et al.
2016; Gridchyn et al. 2020; Gava et al. 2024; Zaki et al. 2025). These results support
the view that cognition emerges from the coordinated dynamics of neural populations
rather than the activity of individual neurons (Dupret et al. 2026). Together, these studies
provide strong evidence that memories are encoded within sparse and distributed neuronal
ensembles.
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1.I11.1.b Human neuronal codes

The first direct recordings of neuronal activity in humans were acquired during epilepsy
surgery (Ward and Thomas 1955), but it was only after the development of stereoelec-
troencephalography (sEEG) as a diagnostic procedure in patients with drug-resistant
epilepsy (developed in parallel by (Spiegel et al. 1947; Leksell 1951; Talairach et al. 1962;
Reif et al. 2016; Zanello et al. 2022)) and the 1ntr0duct10n of hybrld electrodes containing
microwires (Babb et al. 1973) that semi-chronic neuronal recordings from deep structures
like the MTL were possible (Cash and Hochberg 2015; Quian Quiroga 2019). As in animal
models (Mountcastle 1957; Hubel and Wiesel lf)of), Gross et al. 1972), the first basic
science questions addressed with these recordings in humans were related to receptive fields
(Wilson et al. 1983) and neuronal tuning to visual stimuli (Heit et al. 1988). Interestingly,
because epilepsy often involves MTL regions (Barba et al. 2021), and there was a strong
interest in the role of MTL regions in declarative memory (Chapter 1.11.2), studies of
neuronal activity in humans soon focussed on memory mechanisms (Fried et al. 1997;
Cameron et al. 2001).

The first studies on single-neuron dynamics investigated episodic memory (Fried et al.
1997; Cameron et al. 2001). However, one of the most influential outcomes of this research
was related to semantic memory, with the identification of single-neurons exhibiting
selective and invariant responses to specific concepts in the human MTL, known as
"concept cells" (Quiroga et al. 2005). This discovery was a logical continuation of the
early work on receptive fields, as it was previously reported that neurons located along
the ventral visual stream respond to progressively more abstract features of the images
presented (Gross et al. 1972) and the inferior temporal cortex is connected with the MTL
(Nauta and Whitlock 1956; Jones and Powell 1970; Van Hoesen and Pandya 1975). For
more than 20 years, concept cells have shaped virtually all subsequent single-neuron studies
and are now viewed as one of the building blocks of declarative memory (Quiroga 2012;
Quian Quiroga 2019; Quian Quiroga 2026). The legacy of the multiple memory systems
theory (Chapter 1.11.2) continues to shape this line of research (Rutishauser et al. 2021),
With reports of neurons tuned to episodic features (Rutishduser et al. 2006; Rutishauser

al. 2008; Rutishauser et al. 2015; Reber et al. 2017; Staresina et al. 2019; Kolibius et al.
2(2 ; Daume et al. 2024b; Daume et al. 2024a) or semantlc features (chlnmu et al. 2000;
an()ga et al. 2009; Reber et al. 2019; Jamali et al. 2024).

Although human microwire recordings provide access to single-neuron activity, they
sample only a small subset of the underlying population, and hippocampal representations
appear particularly sparse (Waydo et al. 2006; Wixted et al. 2014; Urgolites et al. 2022;
Tallman et al. 2025). Concept cells and "memory-selective" cells are therefore assumed to
participate in larger, distributed cell assemblies, implying that in vivo recordings capture
only a limited fraction of the full representation (Quiroga 2012; Quian Quiroga 2019;
Quian Quiroga 2026). Despite these technical limitations, recent studies have begun to
reveal population-level properties in human recordings (Courellis et al. 2024; Tacikowski
et al. 2024; Cao et al. 2025), supporting the idea that memory relies on coordinated
activity across neuronal populations. Consistent with this view, recent work in non-
human primates has identified cell assemblies encoding memory content, with ensemble
representations dynamically reorganized as a function of experience (novel versus familiar;
(Abbaspoor et al. 2025), further suggesting that similar population-level mechanisms could
operate in the human brain.
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However, these findings also raise a fundamental problem: if memory representations
are sparse (Chapter 1.I11.1), and distributed across multiple brain regions within the MTL
(Chapter 1.I1.2) and beyond it (Chapter 1.11.3), how are they coordinated into coherent
activity? Given the fast timescale of synaptic transmission and the delays imposed by
long-range conduction, one influential proposal is that distributed neuronal ensembles are
organized and coordinated by neural oscillations.

1.I11.2 Neural oscillations and coordination mechanisms

1.I111.2.a The hippocampus: a model to understand the fundamental proper-
ties of neural oscillations

Definitions: Neural oscillations are rhythmic fluctuations of neural activity that arise
from the coordinated synaptic activity of neuronal populations and reflect the summed post-
synaptic currents and subthreshold potentials generated by groups of neurons (Buzsaki et
al. 2012). They were first described using scalp electroencephalography (EEG) recordings
in humans (Berger 1929) and can now be measured across multiple spatial scales, from
intracellular recordings of subthreshold membrane potentials (Harvey et al. 2009; Villette
et al. 2019; Adam et al. 2019; Liao et al. 2024; Gonzalez et al. 2026) to indirect techniques
such as magnetoencephalography (MEG). However, the method providing the highest
combined spatial and temporal resolution for studying neural oscillations is extracellular
recording of voltage fluctuations in the surrounding tissue, commonly referred to as
local field potentials (LFPs). These signals are represented as time series reflecting the
difference in electrical potential between a recording electrode in the region of interest
and a reference electrode, and are described analytically in terms of their amplitude,
frequency and phase. Several factors influence the signals that can be measured, including
the anatomical organization of the neurons in the surrounding tissue (e.g., columnar,
layered, nuclear; (Buzsaki et al. 2012; Lindén et al. 2011; Einevoll et al. 2013)), the spatial
and temporal scale of the recorded activity (IKatzner et al. 2009; Leski et al. 2013), the
types of neurons and local microcircuits involved (Reimann et al. 2013), the geometry and
properties of the recording electrode (Finevoll et al. 2013),; and the conductive properties
of the extracellular medium (Bédard et al. 2004; Bédard and Destexhe 2011).

Gamma oscillations: A particularly clear demonstration of the fact that neural
oscillations report the activity of different microcircuits comes from the study of gamma
oscillations recorded from the mouse dorsal CAl region. Gamma oscillations are fast
rhythmic fluctuations of the LFPs, spanning frequencies between 30 and 150 Hz. While
they were extensively described in the cat visual cortex, where synchronized gamma
activity can be induced by specific visual stimuli (Gray et al. 1989; Fries et al. 1997), the
dense recurrent connectivity of cortical circuits, combined with converging feedforward
and feedback inputs across multiple visual areas, made it difficult to identify the precise
pathways and microcircuits contributing to gamma generation. In contrast, gamma
oscillations were also recorded in the dorsal CAl region of the rodent hippocampus
(Bragin et al. 1995a; Csicsvari et al. 2003; Colgin et al. 2009), whose anatomy and
connectivity are well Characterlzed. In the dorsal CA1, the main inputs project to distinct
layers, making it possible to relate different gamma oscillations to specific neuronal
pathways and local circuits (Lasztoczi and Klausberger 2014; Lasztoczi and Klausberger
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2016; Fernandez-Ruiz et al. 2021; Lopes-Dos-Santos et al. 2025). In this model, different
microcircuits give rise to dlfferent gamma oscillations, which can be measured from
various depths of the CA1: in the pyramidal layer, local recurrent interactions between
pyramidal cells and perisomatic-targeting fast-spiking interneurons generate "fast-gamma'
oscillations (100-150 Hz); in the lacunosum-moleculare, projections from the layer 3
entorhinal cortex neurons generate "mid-gamma" (60-100 Hz) oscillations; in the stratum
radiatum, axonal projections from the hippocampal CA3 region generate "slow-gamma"
(30-50 Hz) oscillations (Lopes-dos-Santos et al. 2018; Lopes-Dos-Santos et al. 2025). Even
though they are separated by only a few hundred micrometers, these three hippocampal
gamma oscillations are thought to reflect the activity of different networks and thus report
different computations (Fernandez-Ruiz et al. 2023).

Theta oscillations: Another illustration of the importance of describing oscillations
not only by their frequency content (Fernandez-Ruiz et al. 2023), but also by the behaviour
and the networks from which they emerge, comes from the study of theta oscillations.
Theta-band oscillations (5-12 Hz) were first described in the hippocampus of mammals
as an "arousal reaction', primarily based on observations made in rabbits and cats (Green
and Arduini 1954; Winson 1974). Other studies identified theta oscillations across a range
of mammalian species, including rabbits (Jung and Kornmiiller 1938; Klemm 1971; Harper
1971), cats (Maclean et al. 1955; Grastyan et al. 1959; Adey et al. 1960; Brown 1968;
Sakai et al. 1973; Whishaw and Vanderwolf 1973; Kemp and Kaada 1975), guinea pigs
(Liberson and Cadilhac 1953; Liberson and Akert 1955; Sainsbury and Montoya 1984),
dogs (Shimazono et al. 1960; Arnolds et al. 1979a; Arnolds et al. 1979b) and rats (Buzsaki
et al. 1983; Winson 1974; Kmnns et al. 1975).

These findings refined the original concept of theta as a unitary “arousal reaction” by
distinguishing two forms of theta activity. “Type 1” theta typically had a frequency of
7-12 Hz and was associated primarily with voluntary movement (IKlemm 1971; Arnolds
et al. 1979a; Arnolds et al. 1979b) whereas “type 2”7 theta had a frequency of 4-7 Hz and
correlated more strongly with attentional and arousal-related states (Green and Arduini
1954). Species differences were also observed: dogs and guinea pigs more readily exhibited
type 1 theta, whereas rabbits and cats more commonly displayed type 2 theta (Robinson
1980). Pharmacological studies further supported this distinction, demonstrating that
type 1 theta is resistant to anticholinergic drugs, while type 2 theta is abolished by
anticholinergic manipulation (Vanderwolf 1975; Sainsbury and Montoya 1984). These
early results were complemented more recently with reports of theta oscillations in bats
during echolocation but not voluntary movement (Ulanovsky and Moss 2007), in sheep
during locomotion (Perentos et al. 2022) and in non-human primates during visual
exploration (eye saccades) and spatial navigation (Jutras et al. 2013; Courellis et al.
2019; Mao et al. 2021). Theta oscillations were later linked to memory functions after
influential studies in rats showed that theta disruption was associated with impaired
memory performance (Winson 1978; Givens and Olton 1990; Mizumori et al. 1990).

One influential reinterpretation of these findings was proposed by Las and Ulanovsky,
who argued that theta oscillations are not specifically linked to movement or arousal
per se, but more generally to periods of active sensory acquisition (Derdikman and
Knierim 2014). According to this view, theta emerges whenever an animal actively
samples behaviourally relevant information from its environment, regardless of the sensory
modality involved. This theory explains why theta accompanies olfaction and locomotion
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in mice, echolocation in bats, locomotion in sheep and dogs, and visual exploration in
primates and cats. More broadly, it suggests that understanding the function of theta
oscillations requires considering how different species interact with their ecological niche.
From this evolutionary perspective, cross-species comparisons provide a powerful approach
for identifying conserved functions of neural oscillations, and in particular theta rhythms
(Chapter 1.I1.1). Consequently, a careful analysis of behaviour becomes essential for the
characterization and interpretation of neural oscillations. This view also helps explain
why theta oscillations are conserved during rapid eye movement (REM) sleep across
species (Jouvet et al. 1959; Shimazono et al. 1960; Brown 1968; Jouvet 1969; Vanderwolf
1969; Sakai et al. 1973; Winson 1972; Buzsaki 2002), as this brain state shares several
electrophysiological properties with exploratory behaviour, while relying predominantly
on internally generated activity.

Moreover, these early studies set the ground for a brain-level, network investigation of
neural oscillations, by investigating the brain regions connected with the hippocampus
(Green and Arduini 1954) and involved in the generation of theta. Using electrical
stimulation, lesions or pharmacological manipulations, these works showed that the medial
septum (Petsche et al. 1962; Winson 1978; Freund and Antal 1988; Givens and Olton
1990; Mizumori et al. 1990; Vinogradova et al. 1993), the entorhinal cortex (Mitchell and
Ranck 1980; Brankack et al. 1993; Bragin et al. 1995a), and brainstem nuclei (Macadar
et al. 1974; Assaf and Miller 1978; Vertes 1982) (reviewed in (Vertes and Kocsis 1997))
are involved in the regulation of theta oscillations in the hippocampus. Together, these
findings progressively shifted the field away from a localized view of theta generation
toward the idea that theta emerges from distributed and state-dependent interactions
across multiple interconnected brain regions (Buzsiki 2002). Because most of these
studies were conducted in rodents, and theta oscillations are conserved across mammals,
an important remaining question is whether similar networks regulate theta across the
mammalian clade (Cisek 2019).

Sharp-wave ripples: A third important property of neural oscillations is that they
can also emerge from internally generated network dynamics, independently of direct
interactions with the external environment. This property is particularly well illustrated
by sharp-wave ripples, which consist of large-amplitude deflections (sharp waves) coupled
to fast oscillations (ripples) (Buzsaki et al. 1983; Buzsaki et al. 1992; Ylinen et al. 1995).
We already encountered this principle in the context of REM sleep, during which theta
oscillations can be recorded in the hippocampal LFPs despite the absence of external
sensory cues. However, sharp-wave ripples provide an even clearer example of internally
generated activity because they are predominant during slow-wave sleep, the behavioural
state most strongly associated with sensory disconnection and with the highest arousal
thresholds (Rechtschaffen et al. 1966; Bonnet et al. 1978; Neckelmann and Ursin 1993;
Andrillon and Kouider 2020). During these events, neuronal assemblies active during
previous experience are spontaneously reactivated, promoting memory consolidation
(Wilson and McNaughton 1994) (Chapter 1.111.3).

Although sharp-wave ripples were classically described as a homogeneous network phe-
nomenon resulting from synchronized CA3-to-CA1 inputs and local pyramidal-interneuron
interaction (Buzsiaki 2015), recent work revealed the existence of distinct ripple sub-
types with different laminar current profiles (across the CA1-DG axis) and neuronal
recruitment patterns (Castelli et al. 2025). In particular, ripples associated with current
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sinks in the stratum radiatum differ from those associated with sinks in the stratum
lacunosum-moleculare, likely reflecting different contributions from CA3 and entorhinal
inputs (Lasztéczi and Klausberger 2014; Sebastian et al. 2023; Aleman-Zapata et al. 2025).
This finding further illustrates that different oscillations reflect distinct microcircuits and
network dynamics.

1.II1.2.b Behavioural-state dependence of neural oscillations

Within a given brain region, the dominant oscillatory regime depends on the behavioural
state of the subject. In the dorsal CA1 region of the rodent hippocampus, theta oscillations
dominate the LFPs during exploratory behaviour (Brown 1968; Vanderwolf 1969; Sainsbury
and Montoya 1984; Buzsaki 2002) and REM sleep (Jouvet 1969; Winson 1972; Buzséki
2002), whereas during quiet wakefulness and non-REM sleep they are replaced by non-
oscillatory, large irregular activity (LIA) associated with delta-frequency components
(Buzséki et al. 1983; Sainsbury et al. 1987; Buzsaki 1986; Ylinen et al. 1995). This state
is characterized by the occurrence of sharp-wave ripples in CA1 and dentate spikes in the
dentate gyrus (Bragin et al. 1995b), which are largely suppressed during wake and REM
sleep. In contrast, gamma oscillations are more prominent during wake than during REM
sleep (Montgomery et al. 2008).

These states are controlled in large part by septo-hippocampal inputs (Petsche et al.
1962; Freund and Antal 1988; Hangya et al. 2009; Fuhrmann et al. 2015; Kirdly et al.
2023) and neuromodulators like acetylcholine (Vanderwolf 1975; Kramis et al. 1975;
Sainsbury and Montoya 1984; Lee et al. 1994; Hasselmo 2006; Vandecasteele et al. 2014).
During active states and REM sleep, septal inputs promote theta activity (type 2), with
GABAergic septal neurons providing a rhythmic drive that organizes hippocampal theta,
while cholinergic inputs increase network excitability and push the system toward theta
and gamma rhythms. By contrast, during quiet wakefulness and non-REM sleep, lower

cholinergic tone promotes large irregular activity and the emergence of sharp-wave ripples.

1.I11.2.c Neural oscillations as coordination mechanisms

Microelectrodes allow the recording of neuronal action potentials, which appear as fast
deflections in the LFPs and can be attributed to individual neurons using spike-sorting
algorithms (Rey et al. 2015). Importantly, neuronal firing is not random but is temporally
structured, occurring at specific phases of ongoing neural oscillations (Buzsaki et al.
1983; O'Keefe and Recce 1993). This phase-locking of spikes to oscillatory activity is
particularly prominent in the rodent hippocampus, and provides strong evidence that
the oscillations observed in LFPs recordings reflect genuine neural processes rather than
recording artifacts (Fernandez-Ruiz et al. 2023). By defining alternating periods of high
and low excitability, neural oscillations therefore regulate the timing of neuronal firing. For
example, distinct interneuron classes and pyramidal neurons fire preferentially at different
phases of theta oscillations (IKlausberger et al. 2004; Klausberger and Somogyi 2008;
Mizuseki et al. 2011; Masurkar et al. 2017; Navas-Olive et al. 2020; Masurkar et al. 2020),
but also ripples (Valero and de la Prida 2018; Valero et al. 2015; Lopes-Dos-Santos et al.
2025), reflecting differences in their intrinsic properties, synaptic inputs, and connectivity.
On one hand, oscillations increase the likelihood of coordinated firing between neurons,
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thereby facilitating information transfer within neuronal assemblies (Markram et al. 1997;
Singer and Gray 1995; Akam and Kullmann 2010; Buzsaki 2010). On the other hand, they
constrain which neuronal populations can interact at a given time. In this way, oscillatory
synchrony both facilitates communication between assemblies that are phase-aligned and
functionally segregates those that are out of phase (Fries 2005; Akam and Kullmann
2010; Bastos et al. 2015), providing a temporal structure, or “neural syntax”, for the
coordination of neuronal activity (Buzsaki 2010).

However, this coordination is constrained by the biophysics of inter-neuronal commu-
nication. Conduction delays (propagation of action potentials) and synaptic integration
are shorter within local circuits than across distant brain regions, placing limits on how
quickly distributed neurons can interact (Buzsiki et al. 2013; Bastos et al. 2015). In
addition, oscillations define temporal windows for synchronisation: fast oscillations provide
narrow windows (on the order of 20 ms for gamma), whereas slower rhythms offer broader
windows (around 100 ms for theta). This trade-off between conduction delays (space) and
oscillatory timescales (time) leads to a functional organization in which fast oscillations
preferentially synchronise local neuronal assemblies, while slower oscillations facilitate
coordination across distributed brain networks (I<opell et al. 2000; Buzsaki 2004; Fries
2005; Leski et al. 2013).

This multiscale organization can be revealed analytically by phase-amplitude coupling,
which shows that short bursts of fast oscillations occur at specific phases of slower oscilla-
tions (Bragin et al. 1995a). In this configuration, slow oscillations define broad windows
of excitability, within which fast oscillations promote precise spike synchrony within
local neuronal populations. This hierarchical nesting allows local neuronal assemblies
synchronized at fast timescales to be organized within slower oscillatory cycles, providing
a temporal structure for the coordination of neuronal activity across multiple spatial and
temporal scales (Buzséki 2010; Lisman and Jensen 2013; Lopes-dos-Santos et al. 2018).
By aligning these windows across regions, slow rhythms coordinate the timing of activity
in distributed neuronal populations, linking separate assemblies into a coherent functional
network (Fries 2005; Fell and Axmacher 2011). In this sense, communication between
neuronal groups depends on their relative phase alignment, such that information is most
efficiently "exchanged" when their activity is synchronised within shared periods of high
excitability (communication through coherence, (Fries 2005; Fries 2009; Mizuseki et al.
2009; Bastos et al. 2015)). More generally, this nested oscillatory architecture provides
a mechanism for temporal multiplexing, enabling multiple neuronal representations to
be segregated, selectively routed, or sequentially organized within shared neural circuits
(McLelland and VanRullen 2016).

These observations suggest that neural oscillations provide an efficient mechanism to
link memory processes across scales. At the microscopic level, neuronal representations
are supported by coordinated activity within cell assemblies, locally synchronized by
fast oscillations, of which highly selective neurons such as place cells or concept cells
likely represent a partial readout. At the macroscopic level, lesion and neuropsychological
studies show that memory depends on distributed networks, particularly within the MTL,
whose interactions must be dynamically coordinated. Oscillatory dynamics reconcile these
levels by integrating local assemblies within larger, recurrent networks through slower
oscillations that coordinate neuronal activity across brain regions. In the following section,
I extend this mechanistic paradigm to demonstrate how memory relies on complementary
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learning systems: "online" memory acquisition and retrieval during wake are supported by
theta-gamma interactions, and "offline" reactivation during rest is mediated by sharp-wave
ripples (Buzsaki 1989; Colgin 2016). This two-stage model enables the gradual integration
of hippocampal and cortical representations, supported by memory consolidation.

1.II1.3 Synthesis

1.111.3.a The two-stage model and the role of sleep in memory consolidation

One of the central questions in psychology and neuroscience is how memories can remain
stable over long periods of time, even when they are formed after a single experience
(Scoville and Milner 1957; D. Marr 1971; Squire and Alvarez 1995). This problem is closely
related to how experiences are selected for long-term storage and how memories transition
from short-term to long-term representations (Dudai 2004; Dudai et al. 2015). Repetition
has long been proposed as one possible mechanism supporting memory stabilization
(Chapter 1.I.1) (Ebbinghaus 1885). However, outside controlled laboratory settings,
the same event is rarely experienced twice. Long-term memory formation therefore
also requires the extraction of regularities across related experiences and the gradual
generalization of knowledge (Chapter 1.I1.1) (McClelland et al. 1995).

A major advance in understanding this process came from the study of offline states
such as rest and sleep, which are known to play a critical role in memory consolidation
(Jenkins and Dallenbach 1924; Karni et al. 1994; Plihal and Born 1997; Stickgold et al.
2000). The early two-stage model proposed by Buzsédki suggested that memories are
initially encoded during active exploration and subsequently reactivated during offline
states such as sleep (Buzsdki 1989). Building on this logic, the Complementary Learning
Systems theory proposed that newly formed memories are initially encoded rapidly by
the hippocampus and gradually integrated into distributed cortical networks through
repeated reinstatement (during wake) and reactivation (during sleep) (McClelland et al.
1995; O'Reilly et al. 2014). Indeed, it was shown that patterns of neuronal activity formed
in the mouse hippocampus during waking experience is reactivated during sleep (Wilson
and McNaughton 1994) (actually published in the same journal issue as (Karni et al.
1994), (Girardeau and Lopes-dos-Santos 2021)), especially during sharp-wave ripples which
support memory consolidation (O'Neill et al. 2008; Girardeau et al. 2009; Ego-Stengel
and Wilson 2009; Dupret et al. 2010; Roux et al. 2017).

1.IT1.3.b Hippocampal indexing and distributed cell assemblies

A possible mechanistic implementation of the two-stage model (and the Complementary
Learning Systems theory) is provided by hippocampal index theory, which proposes that
the hippocampus stores sparse "indices" linking the distributed cortical representations
of an experience (Teyler and DiScenna 1986; Teyler and Rudy 2007). Partial sensory or
contextual cues then replay these hippocampal indices, leading to the reinstatement of the
cortical representations specifically associated with a particular experience through pattern
completion and pattern separation (D. Marr 1971; O'Reilly and McClelland 1994; Rolls
2013). A plausible biological substrate for these indices may be the distributed hippocampo-
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cortical neuronal assemblies which have been described experimentally (Rothschild et al.
2017; Todorova and Zugaro 2019). According to this view, the hierarchical coordination of
slow (global) and fast (local) oscillations during wake (theta-gamma (Lisman and Jensen
2013), or 4Hz-beta (Clarke-Williams et al. 2024)) provides a mechanism for the dynamic
formation and reinstatement of these distributed assemblies (Chapter 1.I11.2.c) (Jones
and Wilson 2005; Siapas et al. 2005). The selection of specific assemblies further depends
on neuromodulatory signals associated with salience, novelty, and increased arousal states
during wake (Lisman and Grace 2005; Sara 2009; McNamara et al. 2014; Kempadoo et al.
2016; Takeuchi et al. 2016; Tsetsenis et al. 2023; Tsetsenis et al. 2021).

Reactivation of these distributed ensembles during sleep, particularly during hippocam-
pal sharp-wave ripples but also during dentate gyrus spikes (Farrell et al. 2024; McHugh
et al. 2024), therefore contributes to the selective strengthening (or weakening), updat-
ing, and long-term stabilization of distributed neuronal assemblies (Ji and Wilson 2007;
Peyrache et al. 2009; Wierzynski et al. 2009; Maingret et al. 2016; Rothschild et al. 2017;
Todorova and Zugaro 2019; Liu et al. 2021; Miyawaki and Mizuseki 2022; Harvey et al.
2023). Interestingly, recent evidence showed that different ripple-associated coactivity mo-
tifs support complementary operations during consolidation, with stable low-dimensional
“core” motifs preserving pre-existing representations while denser “composite” motifs pref-
erentially integrate recent waking experience into these pre-existing structures (Castelli
et al. 2025). Such an organization may provide a mechanism for balancing the integration
of new experiences with the preservation and gradual refinement of pre-existing schemas
(Chapter 1.1.2.b). It could also account for the predictive and inferential properties of
hippocampal reactivation, as ripple-associated activity can support inference beyond
direct experience (Dragoi and Tonegawa 2011; Barron et al. 2020b; Igata et al. 2021)
(Chapter 1.I.2.c). Mechanistically, this could occur by the binding of discrete elements of
an experience during ripple-mediated reactivation (Barron et al. 2020b). According to
this perspective, reactivation would not simply reproduce past events, but it would pro-
gressively refine internal representations by integrating recent experience into pre-existing
structures (Chapter 1.1.2.d).

Taken together, these studies show that neural oscillations can be understood as a useful
mechanism to link the large-scale brain networks identified by lesion and neuropsychological
studies and the neuronal representations supported by coordinated cell assemblies. With a
particular focus on the rodent hippocampus, I showed that oscillations are not defined solely
by their frequency content or spectral characteristics, but should instead be understood as
the readout of specific neuronal pathways and microcircuits, whose expression depends on
behavioural state, neuromodulatory context, and ongoing computations (Fernandez-Ruiz
et al. 2023). Their functional significance lies in their ability to coordinate neuronal activity
across multiple spatial and temporal scales, from local cell assemblies to distributed brain
networks.

In the next section, I will evaluate how these principles translate to the human brain by
examining evidence from direct recordings of brain activity in human patients implanted
with sSEEG electrodes for diagnostic purposes. I will focus primarily on this method because
it provides direct access to deep brain structures like the MTL, and is most comparable
with studies of hippocampal physiology performed in rodents and other mammals. First,
I will review evidence for theta oscillations in the human hippocampus (Chapter 1.IV.1),
and then I will focus on ripples and neuronal reactivation (Chapter 1.1V.2).
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1.IV Insights into memory mechanisms from human
depth recordings

1.IV.1 Reviewing evidence for theta oscillations in humans

1.IV.1l.a Theta oscillations during tasks

The first recordings from the human hippocampus during wakefulness were reported
by Brazier et al., who described hippocampal LFP activity as being "almost entirely
dominated by delta activity" in patients with epilepsy and schizophrenia (Brazier 1968;
Brazier 1970). A few years later, however, Halgren et al. failed to identify hippocampal
rhythmic slow activity (RSA) and instead reported desynchronized LFPs activity during
voluntary movement and attentive states (Halgren et al. 1978). In parallel, Arnolds et al.
observed slow-frequency activity around 3 Hz during "high-intensity" behaviours and verbal
memory retrieval in a single participant (Arnolds et al. 1980). Similar findings were later
reported by Huh et al. and Meador et al., who found increased delta-band power (1-3.75
Hz) together with decreased theta-band power (4-7.75 Hz) during visuospatial and verbal
tasks compared to resting states (Huh et al. 1990; Meador et al. 1991). Together, these
early studies suggested that slow-frequency activity predominates in human hippocampal
LFP recordings.

The discovery of theta oscillations (5-12 Hz) in animal models strongly influenced
subsequent efforts to identify a homologous rhythm in humans, often by focusing on
frequency range. Theta-band oscillations were therefore reported in the human temporal
neocortex during virtual navigation and working memory tasks ([<ahana et al. 1999; Caplan
et al. 2001; Raghavachari et al. 2001; Caplan et al. 2003; Rizzuto et al. 2003; Sederberg
et al. 2003), and were proposed to correspond to rodent hippocampal theta (I<ahana et al.
2001). While these studies played an important role in the development of human sEEG
research and standardized cognitive paradigms (Kahana et al. 1999) (reviewed in (Kahana
et al. 2001)), most were not based on recordings from the hippocampus or the MTL.

When focusing specifically on the hippocampus, several studies instead reported either
no change or decreases in theta-band power during memory and navigation tasks (I'ell
et al. 2003; Axmacher et al. 2007; Sederberg et al. 2007; Burke et al. 2013; Long et al.
20141), or broader non-specific spectral changes (Jacobs et al. 2010). The influence of this
frequency-band approach remained apparent in later studies, which continued to focus on
the theta range despite often reporting stronger effects at slower frequencies (Ekstrom
et al. 2005; Babiloni et al. 2009). Nevertheless, task-related modulation of slow-frequency
oscillations during navigation and memory paradigms was replicated in several subsequent
studies (van Vugt et al. 2010; Watrous et al. 2011; Lega et al. 2012; Clemens et al. 2013;
Watrous et al. 2013), leading to the influential proposal that human theta oscillations may
occur at slower frequencies than in rodents and other mammals studied so far (Jacobs
2014).

Despite these findings, subsequent studies reported highly heterogeneous associations
between hippocampal slow oscillations and memory or navigation performance. Some
studies reported increases in both "slow theta' (1-4 Hz) and 'fast theta" power (5-12 Hz)
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(Bohbot et al. 2017; Bush et al. 2017; Goyal et al. 2020; Stangl et al. 2021; Vivekananda
et al. 2021; Li et al. 2022; J()on.s( n et (11. 2 )23, bogor et al. 2023), others reported increases
only in "slow theta" power (Lin et al. 2017; Miller et al. 2018; Kota et al. 2020; Rudoler
et al. 2023) or only in "fast theta" power (Solomon et al. 2019a; Gattas et al. 2()25 Maoz
et al. 2023; Seeber et al. 2025). In contrast, other studies found decreases in "slow theta'
power (Crespo-Garcia et al. 2016), decreases in "fast theta" power (Aghajan et al. 2017;
Solomon et al. 2019b), or no significant task-related changes at all (Vass et al. 2016;
Chen et al. 2018; Maidenbaum et al. 2018; Kragel et al. 2020; Costa et al. 2022; Saint
Amour di Chanaz et al. 2023; Zheng et al. 2024). Overall, these results remain difficult to
reconcile and currently provide no clear consensus on whether memory and navigation
processes in humans are preferentially associated with "slow theta', "fast theta'", or both,
nor on the functional significance of these oscillatory changes.

1.IV.1.b Theta oscillations during REM sleep

Because epileptic seizures occur preferentially during sleep (Shouse et al. 1996; Herman
et al. 2001; Ng and Pavlova 2013), the physiology and pathophysiology of sleep constitute
a major part of the early sEEG literature. As theta oscillations are consistently observed
during REM sleep across other mammals (Chapter 1.111.2), the presence of theta activity
during human REM sleep represents an important criterion for identifying homologous
oscillatory dynamics. Importantly, both epileptic seizures and interictal epileptiform
discharges (IEDs) are strongly reduced during REM sleep, making this behavioural state
relatively less confounded by epileptic activity.

The first studies reported the presence of slow oscillations between 2 and 5 Hz during
REM sleep in patients with epilepsy and schizophrenia (Freemon and Walter 1970;
Giaquinto 1973). Similar findings were reported nearly thirty years later by Bodizs et al.,
who described prominent 2 Hz oscillations recorded from foramen ovale electrodes during
REM sleep, disappearing with bipolar referencing (Bodizs et al. 2001; Clemens et al. 2009).
Consistent with these observations, Moroni et al. later reported increased delta-band
power during REM sleep using sEEG recordings (Moroni et al. 2007). In contrast, Cantero
et al. described a theta-band (4-8 Hz) oscillation in the human hippocampus during REM
sleep (Cantero et al. 2003), leaving unresolved whether human REM sleep is primarily
characterized by delta-range ("slow theta") or faster-frequency theta oscillations.

1.IV.1l.c Modulation of gamma and spiking activity by hippocampal theta
oscillations

In rodents, a defining property of hippocampal theta oscillations is the modulation of
gamma activity and neuronal firing during navigation and memory tasks (Chapter 1.111.2.c).
Similar mechanisms were also investigated in humans using SEEG recordings from the
hippocampus and broader MTL.

The first studies reported transient rhinal-hippocampal synchronization during declar-
ative memory formation (Fell et al. 2001; Fell et al. 2003), together with evidence that
hippocampal gamma activity is modulated by the phase of slow-frequency oscillations
(Mormann et al. 2005). However, the frequency ranges associated with these interactions
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varied substantially across studies. Some described theta-gamma coupling in the "fast
theta" range (Axmacher et al. 2010; Solomon et al. 2019b; Costa et al. 2022), whereas
others identified coupling predominantly in slower frequencies around 2-5 Hz (Lega et al.
2016; Gattas et al. 2023). In some cases, both "slow" and "fast" theta bands were associated
with gamma modulation (Vivekananda et al. 2021). Similar discrepancies were observed
for inter-regional synchronization (Babiloni et al. 2009; Foster et al. 2013).

Single-neuron studies also reported heterogeneous results concerning the frequencies
at which neuronal firing is coordinated. Jacobs et al. initially found that hippocampal
neurons preferentially phase-lock to delta (1-4 Hz) oscillations rather than classical theta
(Jacobs et al. 2007). Subsequent studies, however, described spike phase-locking to both
'slow theta' and "fast theta" oscillations in the hippocampus and MTL (Rutishauser et al.
2010; Watrous et al. 2018; Schonhaut et al. 2024; Guth et al. 2024). Other studies reported
phase coding within "slow theta" frequencies (Kunz et al. 2019), while others reported it
in the "fast theta' range (Reddy et al. 2021; Saint Amour di Chanaz et al. 2023; Daume
et al. 2024b). Overall, it remains unclear whether the coordination of gamma activity and
neuronal firing in the human MTL is primarily related to "slow theta', "fast theta', or to
multiple overlapping slow-frequency oscillations.

1.IV.2 Reviewing evidence for ripples and reactivation in hu-
mans

1.IV.2.a Detecting ripples in humans

The first observation of ripples in the human hippocampus described oscillatory events
around 80 Hz that synchronized local neuronal firing during slow wave sleep or rest
with eyes closed but not during active states (Bragin et al. 1999a). Given the matched
behavioural-state dependence and coupling of local neuronal activity, these events were
proposed to represent physiological oscillations homologous to those previously described
in rodents, despite a reported slower central frequency (Buzsaki 1986; Buzsiki et al. 2013).

Interestingly, these events were recorded alongside faster oscillations termed "fast-
ripples" (250-500 Hz), which were hypothesized to arise from the epileptic network (Bragin
et al. 1999b). This distinction laid the foundation for an important field of research on
fast-ripples (Bragin et al. 2002; Staba et al. 2002; Foffani et al. 2007; Valero et al. 2017),
now considered as a potential biomarker of epilepsy (Liu et al. 2022). Epileptic networks
also generate [EDs, which are prominent transient non-oscillatory events characteristic
of irritative zones and can be recorded using sEEG as well as scalp EEG (Gotman and
Gloor 1976; Henin et al. 2021; Maslarova et al. 2025). Because IEDs are high-amplitude
transient events, they can generate spurious ripple-like detections when using linear
filtering approaches if recordings are not carefully reviewed during preprocessing (Fig. 4.9)
(Liu et al. 2022). Hence, because most direct recordings of hippocampal activity are
obtained in patients with epilepsy, particular caution is required when detecting and
interpreting ripple events.
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1.IV.2.b Distinguishing ripples from gamma processes

Despite the initial description of ripples occurring specifically during offline states,
further studies reported ripples during active states like encoding (Kunz et al. 2024) or
recall (Norman et al. 2019; Vaz et al. 2019; Norman et al. 2021; Sakon and Kahana
2022), sometimes with identical (Dickey et al. 2022b; Dickey et al. 2022a) or higher
rates than during rest or sleep (Axmacher et al. 2008). These findings differ markedly
from observations in other mammals (Buzsdaki et al. 2013). Ripples have also been
reported during wake states in rodents (Foster and Wilson 2006; Karlsson and Frank
2009). Nonetheless, they occur mainly during disengaged states such as immobility
or grooming, and remain less prevalent than during slow-wave sleep (Buzsiaki 1980).
In contrast, active exploration and memory-guided behaviour in rodents are typically
associated with theta-gamma states (Bragin et al. 1995a; Colgin 2015), and gamma
oscillations have been implicated in memory encoding and retrieval (Lopes-dos-Santos
et al. 2018).

Several human studies similarly emphasized the role of gamma activity during memory
tasks (Fell et al. 2001; Axmacher et al. 2007; Burke et al. 2013; Stevenson et al. 2018;
Henin et al. 2019; Lin et al. 2019; Daume et al. 2024b). Importantly, the frequency ranges
and analytical methods used to identify ripples and gamma activity substantially overlap,
typically between 60 and 200 Hz. The main distinction is methodological: ripples are
generally treated as discrete transient events, whereas gamma activity is analysed as a
continuous process, often referred to as "broadband gamma" or "fast-frequency broadband".
This conceptual overlap was highlighted by Tong et al., who reported that transient
80-120 Hz ripple events contribute to broadband fast-frequency activity and are associated
with synchronized neuronal spiking in the human temporal cortex (Tong et al. 2021).
Consequently, the distinction between ripples and gamma processes during active wake
states remains unclear in the current human literature (Liu et al. 2022).

Interestingly, a recent study comparing ripples during wake and sleep reported that
slow-wave sleep ripples occur more frequently, last longer, and have larger amplitude than
wake ripples (Chen et al. 2021). Moreover, slow-wave sleep ripples, but not wake ripples,
were nested within slower deflections resembling the sharp-waves described in rodents
(Buzsaki 1986). Given the absence of a clear physiological distinction between ripples
and gamma activity during active wake states in humans, the present thesis will follow
the consensus established in rodents, distinguishing theta-gamma processes during active
wake states from ripples during rest and sleep (Chapter 1.I11.2.b).

1.IV.2.c Evidence for reactivation and memory consolidation

Direct human evidence for memory-related 'reactivation" came mainly from active wake
states. Single-neuron recordings showed that neurons activated during encoding could
become active again during memory retrieval, suggesting content-specific reinstatement of
memory traces (Gelbard-Sagiv et al. 2008; Jang et al. 2017; Vaz et al. 2020). In parallel,
LFP-based studies showed that successful retrieval is accompanied by reinstatement of
distributed oscillatory patterns present during encoding (Manning et al. 2011; Yaffe et al.
2014; Staresina et al. 2016; Pacheco Estefan et al. 2019). These studies therefore provide
strong evidence that memory retrieval involves the reinstatement of encoding-related
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neural activity patterns. However, according to current consensus terminology, such
retrieval-related reinstatement represents an online, wake-state phenomenon and should
be distinguished from offline memory reactivation, which occurs outside the context of
overt retrieval and is thought to contribute to memory consolidation processes (Genzel
et al. 2020).

A second line of work investigated reactivation during rest and sleep using sEEG. Jiang
et al. identified large-scale cortical gamma motifs during waking and showed that similar
motifs occurred more often during subsequent slow wave sleep than during preceding
sleep (Jiang et al. 2017). Zhang et al. later used representational similarity analysis to
track stimulus-specific gamma patterns during rest and sleep, showing that spontaneous
reactivation occurred in both states, whereas ripple-triggered reactivation during slow wave
sleep was specifically linked to later remembered items (Zhang et al. 2018b). More recent
targeted memory reactivation studies similarly reported sleep reactlvatlon associated with
hippocampal ripples, cortical spindles, fast-frequency activity, and hippocampo-cortical
coupling (Schreiner et al. 2024; Duan et al. 2025).

Importantly, this interpretation is supported by physiological studies showing that
the sleep rhythms proposed to mediate hippocampo-cortical dialogue in rodents are also
synchronised in humans. Direct hippocampal recordings demonstrated that ripples during
sleep are nested within spindles and slow oscillations (Staresina et al. 2015). Subsequent
studies further showed that hippocampal ripples are associated with increased hippocampo-
neocortical spindle coupling, and that coupling between ripples, slow waves, and spindles
engages distributed cortical and MTL activity during slow wave sleep (Helfrich et al.
2019; Ngo et al. 2020; Skelin et al. 2021; Staresina et al. 2023; Geva-Sagiv et al. 2023).
These studies do not directly demonstrate content-specific reactivation, but they show
that physiological processes required for a hippocampo-cortical consolidation dialogue are
present in humans (reviewed in (Staresina 2024)). This provides confidence that rest/sleep
reactivation may be mediated by analogous mechanisms to those described in rodents.

However, an important gap remains between single-neuron and LFP-based evidence.
Studies of active wake states have shown single-neuron reinstatement during retrieval,
whereas sleep and rest studies have mainly relied on LFP measures such as representational
similarity analyses using gamma processes. Consequently, it remains unclear whether
hippocampal ripples during offline states support the reactivation of behaviourally relevant
single-neuron activity following a memory task in humans. The present thesis therefore
aims to bridge this gap by examining the relationship between ripples and single-neuron
reactivation during offline rest following memory-guided behaviour.

1.V  Hypotheses and aims of this work

The previous introductory sections proposed a mechanistic account of memory that
attempts to link observations obtained across multiple levels of investigation and re-
search fields. Psychological theories emphasized the flexible and inferential nature of
memory (Chapter 1.I), neuropsychological and lesion studies identified distributed brain
systems supporting memory function (Chapter 1.IT), while electrophysiological work in
animal models revealed coordinated neuronal activity underlying memory representations
(Chapter 1.ITT). Neural oscillations and the two-stage model of memory help unify these
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experimental evidence into a coherent account grounded in neurobiology (Chapter 1.111.2).
In this view, distributed neuronal assemblies are dynamically coordinated by oscillations
across brain networks, generating experimentally testable hypotheses about how memory
is acquired, consolidated and retrieved.

Current models of memory therefore propose a two-stage organization of learning and
consolidation (Chapter 1.I11.3). During wakefulness, memory acquisition and retrieval are
associated with theta-gamma states, which support the online coordination of neuronal
assemblies. During rest and sleep, these representations are reactivated in hippocampal
sharp-wave ripples, promoting offline consolidation and the long-term integration of
memory traces across distributed networks. Importantly, animal studies have shown that
these oscillations cannot be defined solely by their frequency band, but must also be
characterized by the behavioural states in which they occur and the neuronal networks
and microcircuits from which they emerge (Chapter 1.111.2).

While this model is strongly supported in rodents, evidence for an equivalent two-stage
organization in humans remains incomplete. In particular, the nature of human hip-
pocampal theta oscillations remains unclear, including their frequency range, behavioural
correlates, and physiological properties (Chapter 1.IV.1). Similarly, although indirect
evidence suggests that memory reactivation could occur during human sleep and rest,
direct evidence linking hippocampal ripples to the reactivation of behaviourally relevant
single-neuron activity is still lacking (Chapter 1.I1V.2).

To address these questions, the present thesis first investigates whether a putative
homologue of theta oscillations can be identified in the human hippocampus. Based on
observations in animal models, such an oscillation should satisfy several criteria: it should
be present during wakefulness and associated with active, engaged states like memory
acquisition and retrieval, organize local neuronal and gamma activity in the hippocampus,
coordinate activity across connected MTL regions and be re-expressed during REM
sleep. To test these predictions, we recorded hippocampal and MTL activity in human
participants performing a relational memory task and during subsequent overnight sleep
sessions.

After a brief methodological chapter describing the experimental procedures employed
in this study (Chapter 2), in the first results chapter I will begin by analysing the
behavioural performance of participants with epilepsy and paired controls in the relational
memory task (Chapter 3). Then, I will characterize slow oscillations occurring in the
human hippocampus during memory-guided behaviour by describing their physiological
properties and behavioural correlates (Chapter 4). Next, I will quantify the interaction
of these slow oscillations with neuronal firing and gamma oscillations locally and across
the MTL (Chapter 5). Finally, I will evaluate whether these oscillations identified during
wake are re-expressed during REM sleep (Chapter 6 and in particular Chapter 6.11.1).

The second objective of this work is to test whether hippocampal ripples support the
reactivation of learning-related neuronal activity in humans. To address this question,
in the last chapter I will begin with the characterization of hippocampal ripples during
rest and sleep, and compare their physiological properties across behavioural states
(Chapter 6.11.2). Then, I will examine whether neuronal coactivity motifs expressed
during online active states reappear during subsequent offline ripples, and whether this
reactivation is related to behavioural performance (Chapter 6.11I).
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Together, these experiments aim to test whether the principles of the two-stage model
described in animal studies extend to the human hippocampal system.
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2 Materials and Methods:
Experimental procedures

“Les faits et les artefacts ne correspondent pas respectivement & des énoncés vrais et fauz.
Les énoncés se situent plutot le long d’un continuum,
selon le degré auquel ils renvoient aux conditions de leur construction.”

“Facts and artefacts do not correspond respectively to true and false statements.
Rather, statements lie along a continuum
according to the extent to which they refer to the conditions of their construction.”

— Bruno Latour and Steve Woolgar, Laboratory Life (1979)
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2.1 Neurophysiological recordings

2.1.1 Data acquisition and preprocessing
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2.I.1.a Participants

This study included forty-three adult participants [mean age (interquartile range): 35
(25-42) years; 20 males, 23 females; 34 right-handed] undergoing SEEG monitoring for
pharmacologically intractable epilepsy. Participants were recruited from the Epilepsy
and Sleep Unit of the Neurology Department at Toulouse University Hospital (Toulouse,
France; n = 29) and from the Epilepsy and EEG Units at Pitié-Salpétriere Hospital (Paris,
France; n = 14). These patients underwent sEEG with multi-contact depth electrodes
over 7-10 days to localize seizure foci. Electrode placement followed clinical requirements
and pre-surgical trajectories determined from individual structural MRI scans.

Moreover, twenty-nine additional participants completed the relational memory task
(Chapter 3.11.2.b), and formed the control cohort for behavioural analyses (Dataset 2,
Fig. 2.1). Inclusion criteria for this cohort were: age between 18 and 63 years, fluency in
French, absence of neurological history likely to affect memory, and normal or corrected-to-
normal vision. The primary aim in recruitment was achieving matching with the epilepsy
cohort in terms of age and educational level. A matched study design was therefore
employed. Control participants were selected based on age and level of education to
closely correspond to those of the epilepsy cohort. To facilitate recruitment, a limited age
tolerance was allowed. On average, control participants were approximately nine months
older than the epilepsy cohort.

All participants provided informed consent in accordance with procedures approved by
the relevant institutional review boards.

2.1.1.b Behavioural datasets

Thirty-five participants (n = 21 in Toulouse; n = 14 in Paris) performed the computer-
based relational memory task. For behavioural analyses, we selected the twenty-nine
participants who matched the control cohort in terms of age and educational level, by
using the Hungarian optimization algorithm (IKXuhn 1955) (Dataset 1, Fig. 2.1). For
neurophysiological analyses, we selected twenty-seven participants with electrode contacts
in the hippocampus and who engaged in the same version of the memory task (Dataset 4,
Fig. 2.1). Indeed, among the thirty-five original participants, six subjects did not have
electrodes targeting the hippocampus, and two subjects performed a task which did not
include the 2-second delay between cue and question onsets (see Fig. 3.1 and Chapter 3.11.1
for details on the task). A schematic summarizing the five datasets used in this study is
provided in Fig. 2.1.

We further validated the network physiology identified in the awake human hippocam-
pus during the relational memory task by examining data from eight additional awake
participants who were watching a sitcom series (Friends), and were instructed to maintain
attention throughout each episode (Dataset 3, Fig. 2.1; 25 minutes per episode). A
member of the team continuously monitored participants’ vigilance to ensure sustained
attention.

To further validate our ripple detection algorithm used during rest sessions of the
relational memory task, we also characterized oscillatory patterns expressed during
overnight sleep in seven of the participants recruited to do the memory task in Paris and
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who had electrodes targeting the hippocampus (Dataset 5, Fig. 2.1). These participants
were recorded continuously for 24 hours including overnight sleep. Sleep staging was
performed according to American Academy of Sleep Medicine guidelines (Troester et al.
2023). N2 and N3 stages were merged and referred to as slow-wave sleep (SWS) throughout
the manuscript.

Dataset 1 Dataset 2
Epileptic Control
Behaviour Behaviour
Cohort Cohort
N =29 N =29

|
3 Toulouse Paris
S N=16
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£
[
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\\n=8 n= 21 n=14 \\n=2y
>
=] No HPC No HPC
oS n=5 n=
)
n
>
£
Q
(]
S
>
[
z Toulouse No PSG
\ N=16 n=4
Dataset 3 Dataset 4 Dataset 5
Epileptic Epileptic Epileptic
Basic Physio. Mem. Physio. Sleep
Cohort Cohort Cohort
N=8 N =27 N=7

Figure 2.1: Datasets used in this study. coloured circles indicate original data sources,
and coloured squares indicate the five final datasets included in this study. Datasets 1 and 2
comprised participants with epilepsy and paired-controls, respectively, matched for age and
educational level, and were used for behavioural analyses (Chapter 3). Dataset 3 included
participants with epilepsy who viewed the sitcom series and was used for basic physiological
analyses (Chapter 5). Dataset 4 constituted the core dataset for physiological analyses and
included participants with epilepsy who performed the relational memory task (Chapter 4,
Chapter 5 and Chapter 6). Dataset 5 included participants with epilepsy who completed the
relational memory task in Paris and additionally underwent full-night polysomnography for
sleep physiology analyses (Chapter 6). “No HPC” denotes participants without electrodes
targeting the hippocampus. “No delay” denotes participants who performed the relational
memory task without the imposed delay between the cue and type 2 memory questions
(Chapter 3.I1.1 for details on the task); this delay was required for the analysis of evoked
oscillations. “No PSG” denotes participants from the Paris dataset for whom overnight
polysomnography data were unavailable. “Physio.” refers to physiology, and “Mem.” refers
to the memory task.
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2.1.1.c Electrode models

Participants were implanted with standard and hybrid depth electrodes. In Toulouse, hy-
brid electrodes (DIXI Medical ®; maximum of six electrodes per subject; platinium /iridium,
2 mm in length, 0.8 mm in diameter) comprised 5-18 macrocontacts and were equipped
with two or three tetrodes (tungsten wires, 20 ym in diameter), as described in (Despouy
et al. 2020). Tetrodes typically protruded between the two deepest macrocontacts on
each electrode (Fig. 4.1B). However, in few hybrid electrodes, they extended between the
eighth and the ninth macrocontacts to sample more superficial regions. These particular
electrode models were occasionally employed to record neurons in the temporal cortices
(Fig. 5.15, bottom row). The exact model of all electrodes employed in this study is
presented in Table 2.1 below. The reference for both tetrodes and macrocontacts was a
macrocontact located in white matter. In Paris, hybrid electrodes contained 9 macro-
contacts (3 mm spacing between contact 1 and 2, and 4.5 mm for the others) and eight
microwires (Behnke-Fried electrodes, Ad-Tech Medical; maximum of two electrodes per
subject), with one additional microwire used as a reference. Standard electrodes had 5
mm spacing between contacts.

Electrode type Manufacturer Models

DIXI electrodes / | DIXI Medical® MMO08-09A33D08; MMO08-09A40D08;

Microdeep®  Micro-macro MMO08-09A51D08; MMO08-06B33D12;

electrodes (Toulouse) MMO08-06B40D12; MMO08-06B51D12;
MMO08-06B40P12 (superficial

tetrodes); MMO08-06B33P12 (superfi-
cial tetrodes)

Behnke-Fried electrodes /| Ad-Tech® Medical | SD04R-SP05X-000; SDO6R-SP05X-
Macro electrodes (Paris) 000; SDO8R-SP05X-000; SD10R-
SP05X-000; SD12R-SP05X-000;
BF09R-SP61X-0BB; WBO09R-
SP00X-014

Table 2.1: Electrode models used in the Toulouse and Paris cohorts.

2.1.1.d Co-registration and anatomical verification of the contacts

The anatomical location of each macrocontact was determined by co-registering post-
operative computed tomography (CT) scans with preoperative 3D T1-weighted MRI
data. Preoperative T1 3T MRI images were automatically segmented in the native space
(using FreeSurfer, https : //sur fer.nmr.mgh.harvard.edu/), and the anatomical location
of each electrode macrocontact was then detected on the CT scans and positioned in the
Desikan-Killiani atlas (Desikan et al. 2006). The location of all gray matter contacts and
Behnke-Fried microwire bundles were further verified by an expert clinician. Each tetrode
was assigned the anatomical label of the nearest macrocontact. To localize macrocontacts
within the hippocampal volume, each macrocontact was assigned a standardized anatom-
ical position based on individual hippocampal geometry. Hippocampal volumes were
segmented from native T1-weighted MRI scans, and segmentation quality was manually
verified. For each validated volume, anterior-posterior and medial-lateral axes were defined
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and normalized (-1 to +1, see Fig. 4.2B), allowing macrocontacts to be projected onto
these axes and expressed as standardized two-dimensional hippocampal coordinates. All
contact coordinates were then normalized in the Montreal Neurological Institute (MNI)
space for group-level analyses and visualizations. Hippocampal macrocontacts with y-axis
coordinates < -22 in the MNI space were considered posterior.

2.I.1.e Neurophysiological recordings

Electrophysiological signals were recorded continuously for approximately one hour
while participants performed the behavioural task, using an ATLAS 16SX 256-channel
Neuralynx system (Toulouse) and ATLAS 16SX 256-channel Neuralynx system (Paris)
(Datasets 1, 3 and 4, Fig. 2.1). For overnight sleep recordings (Dataset 5, Fig. 2.1),
additional surface electrodes were also used according to the 10-20 system alongside
electrooculography and electromyography electrodes for polysomnography (Troester et al.
2023). The signal was primarily acquired using a distal white matter contact as the
reference (monopolar referencing), and a skull contact as the ground (Fig. 2.2A). To
minimize contamination from 50 Hz line noise during data acquisition, we shielded the
electrode cables with a conductive fabric (YSHIELD® SILVER-ELASTIC) connected via
a skin electrode (Fig. 2.2B-E) and which proved very efficient in improving data quality
(Lehongre et al. 2022). Data were filtered between 0.1 and 8,000 Hz and sampled at 32,768
Hz, then downsampled to 20,000 Hz and 1,250 Hz for subsequent analyses of ensemble
spiking and neural oscillations, respectively. Macrocontact and microelectrode signals
were visually inspected to exclude artifactual channels. In total, 2,667 macrocontacts
were retained (99 £+ 24 per subject). A common-average referencing was next applied
to macrocontact data (using the median to minimize the potential influence of large-
amplitude events including IEDs) but not to microelectrode recordings. Where mentioned
in the manuscript, bipolar referencing was occasionally used for control analyses and is
referred to as “local referencing” (e.g., Fig. 4.11 and Fig. 2.3). Line noise at 50 Hz was
minimal under the recording conditions; consequently, notch filtering was never applied.
Synchronization between stimulus events (e.g., photographic presentations) and neural
recordings was achieved via T'TL pulses, with each event type assigned a unique TTL
identification code. Throughout the manuscript, LFPs refer to sEEG signals recorded
from macrocontacts, except in Fig. 4.4, Fig. 4.11, Fig. 6.8 and Fig. 2.5 where tetrode LFPs
were used. LFPs from microwires (Behnke-Fried electrodes) are not used in this study be
cause local referencing was employed for initial acquisition of the signal. Consequently,
Behnke-Fried electrodes are not displayed in the figures of this thesis.

2.1.2 Spike sorting and single-unit analyses

2.1.3 Automated pipeline and quality criteria

Spike sorting and unit isolation were performed with an automated clustering pipeline us-
ing Kilosort (https : //github.com/cortex—lab/KiloSort) via the SpikeForest and Spikeln-
terface frameworks (https : //github.com/ flatironinstitute/spike forest) (Magland et
al. 2020; Buccino et al. 2020), as previously used in rodent studies (Gava et al. 2024;
Lopes-Dos-Santos et al. 2025). For this, the algorithm restricted templates to channels
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electrode

§ skin

electrode

Figure 2.2: Recording setup and conductive fabric. (A) Schematic of the monopolar
recording used for initial acquisition of the data. The acquisition electrode (a, light blue,
macrocontact or tetrode) was referenced to a distal white matter macrocontact (r, dark
blue), and grounded using a contact located in the skull (g, pink). To improve signal
quality by minimizing line noise contamination, a conductive fabric was used to cover
the electrode cables, which was connected via a forceps and a skin electrode. (B—E)
Photographs representing the shielding scheme using the conductive fabric, forceps and
skin electrode.
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within a given microelectrode while masking all other recording channels. All sessions
recorded contiguously on a given day were concatenated and cluster cut together to moni-
tor cells throughout the experiment. The resulting clusters were verified by the operator
using cross-channel spike waveforms, auto-correlation histograms, and cross-correlation
histograms. Each unit used for analyses showed throughout the entire recording day
stable spike waveforms, clear refractory period in their auto-correlation histogram, and
absence of refractory period in its cross-correlation histograms with the other units. All
analyses were performed on these single units. In total, 257 single units were identified
in the MTL, of which 211 in the hippocampus (Fig. 5.1). All hippocampal single-units
analysed in this manuscript were detected using tetrodes (from n = 18 human participants
out of the 24 recruited in Toulouse). This decision was made to ensure that hippocampal
neurons were located close to the macrocontacts used for LFPs extraction (e.g., to detect
the phase of local oscillations, see the model of the hybrid electrode in Fig. 4.1B). In
the extra-hippocampal MTL, 39 single units were detected with tetrodes, and 7 using
microwires (Behnke-Fried electrodes).

2.1.3.a Identification of putative pyramidal neurons and interneurons

Putative pyramidal neurons (pPYR) and interneurons (pINT) were distinguished based
on spike waveform features extracted from individual hippocampal units. To improve
resolution, the 32 waveform points sampled at 20 kHz were upsampled by a factor of 100
using quadratic interpolation (via the interpolate function from scipy). For each neuron,
trough-to-peak latency and peak amplitude asymmetry were computed from the average
normalized spike waveform. Trough-to-peak latency was defined as the time interval
between the negative trough and the subsequent positive peak of the waveform. Peak
amplitude asymmetry was quantified as (b-a)/(b+a), where a and b correspond to the
amplitudes of the pre- and post-trough positive peaks (also named "shoulders" of the spike
waveform), respectively (Fig. 5.3E). Clustering was performed using a Gaussian mixture
model (two components) applied to the joint distribution of trough-to-peak latency and
peak amplitude asymmetry. Clusters were interpreted as putative pyramidal neurons
(pPYR; broad spikes) and putative interneurons (pINT; narrow spikes).

2.1.3.b  Spike-field relationship

PPC and phase randomization: To assess the relationship between spike timing
and the phase of slower oscillations, we computed the pairwise-phase consistency (PPC)
as in (Vinck et al. 2010). Spike trains were either taken from neurons located in the same
region as the phase (local PPC, nearest macrocontact; Fig. 5.3) or from a distal region
(distal PPC, across structures; Fig. 5.16). For each neuron, we extracted the instantaneous
phase of the IMF (e.g., 2-Hz) at the time of spike occurrence. Given a set of N spike
times, each associated with a phase value ¢,, € [0, 27| the PPC is computed as:

2 N

This expression corresponds to the average cosine of the phase differences between
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all unique spike pairs. It can also be reformulated for computational efficiency using
trigonometric identities:

PPCo = oy =y > > [cos(@n) cos(¢;) + sin(gy) sin(g;)] (2.2)

<
I
—_
<
Il
.
+
—

The PPC value ranges from -1/(N-1) to 1; it is centred around 0 for uniformly distributed
phases; 1 indicates perfect phase locking; and can take negative values due to finite-sample
variability or phase configurations dominated by large pairwise phase differences. To
determine whether the observed spike-phase coupling was statistically significant, we used
the same phase randomization followed by z-scoring procedure described in 2.I1.5 for
PAC. Specifically, we generated 300 surrogate phase signals by shuffling the phase time
series and recomputed the PPC between each surrogate phase and the spike times. This
yielded a null distribution, against which the PPC computed from the original phase signal
was z-scored. This z-scored PPC reflects the likelihood of spike-phase locking beyond
chance and was used for statistical testing across IMFs and neuronal units (Fig. 5.3A,B
and Fig. 5.16A,B). A z-score threshold of 2 or 5 (when mentioned) was used to identify
significant coupling (Fig. 5.3C). Preference was then measured by comparing, for each
neuron, which of the three oscillations (1-, 2-, or 6-Hz) had the highest z-scored PPC
value, only considering neurons with at least one significant locking in these frequency
bands (Fig. 5.3D and Fig. 5.16C). PPC was measured on epochs clear from interictal
discharges.

Example phase preference at 2 Hz between pPYR and pINT recorded from the same
tetrode are represented in Fig. 5.3F. For each tetrode containing both pPYR and pINT
units, PPC at 2 Hz was averaged within each class (pPYR or pINT), and these values
were compared between classes using paired statistics (Fig. 5.3G).

Spike-gamma relationship: Single-neuron spiking activity is tightly locked to
gamma oscillations in rodents (Fernandez-Ruiz et al. 2023). Likewise, studies in humans
also reported that gamma-band activity correlated with single-neuron spike trains (Man-
ning et al. 2009; Miller 2010; Watson et al. 2018). To verify that this was also the case
in our dataset, we leveraged the unique shape of our hybrid electrodes with tetrodes
protruding between the two deepest macrocontacts (Fig. 4.1B). This electrode model
allowed us to investigate the relationship between single-neuron activity and either median-
or bipolar-referenced gamma activity (Fig. 2.3A). To assess the temporal coupling between
local neuronal firing and gamma activity, we computed time-lagged cross-correlations
between population rate and gamma activity. For each recording session, we retained
hybrid electrodes with at least five recorded neurons. Population rate was obtained by
summing spike trains from all single-units recorded within the same region and temporally
smoothing the resulting spike-rate vector with a Gaussian kernel (width = 50 ms, o =
25 ms). For each region, Pearson correlation coefficients were computed between the
population rate and each local gamma trace across contiguous, IED-free epochs. To
evaluate specificity, the same population rate signal was correlated with gamma envelopes
from distal macrocontacts located on other electrode shafts. Mean correlation coeffi-
cients across distal contacts were used as controls (Fig. 2.3B-G). Population firing rate
was better correlated with gamma activity patterns recorded on the local macrocontact
than the distal ones for median referenced (Fig. 2.3C,D) and bipolar-referenced signals
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(Fig. 2.3F,G). Note that neuronal spikes could not be recorded from the macrocontacts
(Fig. 2.3H). Interestingly, the correlation with local gamma activity was not different
between bipolar-referenced signal and median-referenced signal (Fig. 2.31,J).
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Figure 2.3: Correlation between gamma envelopes and spiking activity. (A) Ex-
ample 10-s recording showing median-referenced LFPs, gamma activity patterns extracted
from median- or bipolar-referenced macrocontact signals, and a raster plot of five local
neuronal spike trains with the corresponding population firing rate. (B) Time-lagged
correlation (£2 seconds, 8-ms steps) between population rate and local gamma activity
extracted from median-referenced hippocampal signals. Inset: instantaneous (0-lag) cor-
relation between local population rate and gamma activity recorded from distal (gray
distribution) or local (purple bar) macrocontacts. (C and D) Estimation plots showing
mean differences in instantaneous correlations between local and distal macrocontacts
in the hippocampus (C) and across brain regions (D). (E and F) Same analyses as in
(B-D) for bipolar-referenced signals. (H) Average LEPs from median- (purple) or bipolar-
(pink) referenced signals aligned to neuronal spikes on the local tetrode, confirming that
no neuronal spike or artifact appears on macrocontacts. (I and J) Estimation plots
showing mean differences between correlations of population rate and bipolar- versus
median-referenced signals in the hippocampus (I) and across brain regions (J). Only
neurons detected from tetrodes were used for these analyses. Data were analysed by
two-sided paired permutation tests; ***P < 0.001; n.s., not significant.
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2.I1 Analysis of local field potentials

2.I1.1 Detection of IEDs

We detected TEDs recorded in our datasets using an envelope-based, data-driven
algorithm adapted from Janca et al. (Janca et al. 2015). The continuous LFP traces
were downsampled to 200 Hz and band-pass filtered (Chebyshev type-II high-pass 10
Hz and low-pass 60 Hz, stopband attenuation 30 dB). The analytic envelope (Hilbert)
was computed and scanned with overlapping 5-s windows stepped by 1 second. Within
each window, the envelope distribution was modeled by a log-normal function, and
events were detected when the signal amplitude exceeded three times the typical (mode
+ median) level estimated from that distribution. This adaptive thresholding identifies
transient amplitude outliers that deviate from the typical background activity. Window
thresholds were cubic-spline interpolated to sample resolution and boxcar-smoothed, and
contiguous supra-threshold samples were grouped into events. Nearby events were merged
by extending boundaries by +120 ms and the envelope peak within each merged window
was taken as the IED time. All detections were produced on the downsampled signal and
indices were mapped back to the native sampling rate for downstream analyses. Examples
of detected events are shown in Fig. 4.9. Macrocontacts showing an average detection
rate below one IED per minute during active sessions were considered free of epileptiform
activity.

To characterize spectral and LFPs dynamics around IEDs (Fig. 4.9C,D), we computed
[ED-triggered averages of LFPs and time-frequency spectrograms. For each macrocontact
containing at least five IED per minute, +1 second of signal surrounding each detected
IED peak was extracted and averaged across events. The corresponding time-frequency
spectrograms were computed using Morlet wavelets (1-150 Hz, logarithmic spacing).
To show absolute amplitude changes around IEDs (Fig. 4.9D, left panel), raw spectral
amplitude was averaged. Finally, to reveal the relative modulation in oscillatory amplitude
associated with IED activity, the amplitude at each frequency was z-scored across time
before averaging (Fig. 4.9D, right panel).

2.11.2 Decomposing LFPs into oscillatory components

2.I1.2.a Tailored Masked Empirical Mode Decomposition

To decompose the LFPs into their elementary oscillatory components, or intrinsic mode
functions (IMFs), we applied tailored-masked EMD (tmEMD) (Clarke-Williams 2022;
Clarke-Williams et al. 2024). Empirical mode decomposition (EMD) is an unsupervised,
iterative sifting algorithm that extracts signal components based on local time-frequency
properties. Masked EMD (mEMD) enhances this process by introducing a mask signal at
each sifting step to reduce mode mixing and thus improve the separation of IMFs. The
tailored variant of mEMD was developed to minimize mode mixing, increasing consistency
across recordings from different subjects and electrode contacts. Using the macrocontacts
located in the anatomical region of interest (e.g., hippocampus in Fig. 4.3; superior
temporal cortex in Fig. 5.12), we applied the tmEMD procedure to LEPs recordings using
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two steps.

The first step allowed us to assess the epochs to be analysed and optimizing the
masks. For each signal, we used two 45-second LFPs epochs free of IEDs and with high
signal-to-noise ratio. To quantify signal-to-noise ratio for a given epoch, we computed
the Welch power spectral density (PSD) and calculated the power ratio between 1-20 Hz
and >200 Hz. Mask frequencies were optimized by pooling the identified clean epochs
across macrocontacts and applying tmEMD to identify mask parameters that maximize
consistency and minimize mode mixing.

The second step performed the full-session decomposition using optimized masks:
once optimal masks were identified, we applied mEMD to the full recording session.
Instantaneous amplitude, frequency, and phase were then obtained using the Hilbert
transform. IMF consistency was assessed by computing the PSDs of each IMF in IED-free
epochs (Fig. 4.3B and Fig. 5.12B). To characterize the frequency band of each IMF, we
computed its PSD using Welch’s method and averaged the resulting spectra across all
macrocontacts (Fig. 4.3C and Fig. 5.12C, thick lines). For each IMF, the peak frequency
was defined as the frequency of maximum power, and the frequency band was determined
as the contiguous band containing 80% of the total spectral power (i.e., 80% power band).

2.I1.2.b  Cycle detection and quality control

To segment individual oscillatory cycles from each IMF, we identified four key wave-
form features: troughs (local minima), peaks (local maxima), ascending and descending
zero-crossings. Cycles were defined as sequences of six temporally ordered points: two
consecutive troughs (or alternatively, two peaks, or two zero-crossings), and four inter-
mediate landmarks corresponding to characteristic inflection points within the waveform
(e.g., zero-crossings and extrema) (Fig. 2.4). Each cycle was retained only if all six points
followed a strictly increasing temporal order, ensuring well-formed and physiologically
plausible waveforms. Additional checks were applied to exclude cycles with overlapping
or missing components. This procedure enabled the consistent identification of complete
cycles across IMFs (Fig. 4.8, Fig. 5.4 and Fig. 5.10).
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Figure 2.4: Detection of oscillatory cycles. Example 12-second LFP (top) and 2Hz
IMFs signal with detected points of the oscillatory cycles overlaid (bottom): ascending
zero-crossing (Z. C.), peak, descending zero-crossing and trough.
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To relate slow oscillatory phase (1-, 2-, and 6-Hz) to gamma activity and population
firing rate (Fig. 5.4), we computed cycle-triggered averages aligned to each extracted IMF
cycle. Cycles that coincided with IEDs were excluded. For each cycle, we extracted 41.5,
+2.5 or +5 seconds around the descending zero-crossing and binned signals at 10, 5, or
3 ms resolution for 1-, 2-, and 6-Hz cycles, respectively. LFPs were z-scored, and spike
counts were converted to population rate (Hz) per bin. Cycle-averaged LFPs, gamma,
spike-rate traces, and time-frequency spectrograms (>10 Hz) were obtained by averaging
across cycles (and across units for the population rate). To visually compare the three
frequencies, gamma activity was normalized, and the same y-scales were applied to all
graphs.

2.I1.2.c Detection of oscillatory bursts

Oscillatory bursts were detected from IMF-derived signals using a spectrogram-based
thresholding approach. For each hippocampal recording, the signal reconstructed up to
the IMF of interest (1-, 2- or 6-Hz IMF) was converted to a wavelet spectrogram using 30
logarithmically spaced (0.2-20 Hz for 1-Hz bursts, 0.5-25 Hz for 2-Hz bursts, and 1-45 Hz
for 6-Hz bursts). The spectrogram was z-scored, and contiguous time-frequency clusters
exceeding a z-score of 2 were identified as candidate bursts. Clusters were retained only
if at least half of their energy fell within the target frequency band (0.5-1.5, 1-4, 5-12
Hz for 1-, 2- and 6-Hz bursts, respectively) and if their duration corresponded to at least
two oscillatory cycles. Adjacent clusters separated by <400 ms (1-Hz), <200 ms (2-Hz)
or <50 ms (6-Hz) were merged. Example 2-Hz bursts are shown in Fig. 4.6. Burst onset
and offset were then defined from the merged clusters, and each burst’s duration was
extracted (Fig. 4.7). Out-of-burst epochs used in this manuscript (Fig. 6.15, Fig. 5.19)
corresponded to all segments between detected bursts.

Burst rate of occurrence and burst duration were compared between viewing, learning
and recall sessions using paired statistics (Fig. 4.19); between best- and worst-recalled
associations using paired statistics (Fig. 4.20); and between higher and lower performers
using unpaired statistics (Fig. 4.20). To characterize the temporal dynamics of burst
rate (Fig. 4.19B,F) and duration (Fig. 4.19D,H) across the task, each session for each
participant was divided into 50 equal-duration time bins. Burst rate and duration per bin
were then calculated by averaging across hippocampal contacts and participants. This
“warped time” was used to compute the Pearson correlation between burst rate or duration
and task progression within each session. To estimate burst dynamics across the task
(Fig. 4.19B,D,F,H), the mean bin duration for each session was used to rescale the bins.
Accordingly, although each session is represented by 50 time bins, the relative temporal
proportions of each session are preserved.

2.11.3 Other spectral decompositions

2.I1.3.a Detection of gamma activity

In this work, we detected broadband gamma activity by dividing the signal into five
contiguous frequency bands between 60 and 160 Hz (20-Hz steps). Although 50 Hz line
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noise was minimal under our recording conditions, we voluntarily started the broadband
detection from 60 Hz to avoid any confound from this line noise. Each band was bandpass-
filtered and transformed into its analytic representation using the Hilbert transform to
obtain the instantaneous amplitude. The envelope from each band was normalized by
its mean amplitude to equalize their contributions, and the normalized envelopes were
averaged across all bands to produce a single broadband gamma envelope representing
moment-to-moment fluctuations in gamma activity (Fig. 5.4).

2.I1.3.b PSDs estimation and comparison of oscillatory power

PSD estimation: PSD estimates were computed using Welch’s method with a Hann
window (from the scipy.signal.welch function in the scipy.signal module). PSDs were
calculated across contiguous 1-s windows with a frequency-dependent sampling density
optimized for slow and fast oscillations (20 points/Hz for 0.5-20 Hz; 4 points/Hz for 20-200
Hz). All LFP signals were z-scored prior to spectral estimation. To account for inter-
individual differences in the broadband (aperiodic) component of the power spectrum, we
modeled each PSD using the “Fitting Oscillations and One-Over-F” (FOOOF) algorithm
(Donoghue et al. 2020). Each PSD was fit within the 0.5-20 Hz range to isolate the
aperiodic (1/f) component. The full modeled spectrum and the aperiodic fit were then
subtracted to obtain a log-corrected, aperiodic-adjusted PSD, preserving only periodic
features (Fig. 4.5, Fig. 4.10, Fig. 4.11, Fig. 4.12B, Fig. 4.13, Fig. 4.21F-H, Fig. 5.11
and Fig. 6.4B). Narrowband oscillations were then quantified by averaging power within
the 1-Hz (0.5-1.25 Hz), 2-Hz (1.25-3.5 Hz), and 6-Hz (3.75-8.5 Hz) frequency bands,
corresponding to the power distribution of the initially detected IMFs (Fig. 4.3).

In addition, to characterize rhythmicity in single-neuron spiking activity, PSDs were
computed on spike-train autocorrelograms. For each unit, the autocorrelogram was
calculated over a 2-s window and smoothed with a Gaussian kernel (width = 10 ms, o
= 5 ms) to reduce high-frequency noise while preserving rhythmic structure. The PSD
of the resulting autocorrelation signal was then computed (0.9-15 Hz range) to identify
oscillatory modulation of firing patterns. Peaks in these autocorrelogram-derived PSDs
indicate dominant rhythmic frequencies in the spike timing of individual neurons (Fig. 5.2
and Fig. 5.15).

Comparison of oscillatory power between task sessions: Session-related
changes in oscillatory power were quantified across task sessions for the 1-, 2-, and 6-Hz
frequency bands. Power values were obtained from log-corrected PSDs computed for each
hippocampal macrocontact as described above, excluding those with interictal activity
(Fig. 4.12 and Fig. 4.13). Linear mixed-effects models were used to compare power across
sessions, with task session treated as a fixed effect and individual subject as a random
factor, allowing assessment of frequency-specific modulation of slow oscillations throughout
the task, controlling for putative subject-driven effects (Fig. 4.13B).

Comparison of oscillatory power between brain regions: Regional differences
in oscillatory power were assessed by comparing log-corrected spectra between hippocam-
pal (HPC), extra-hippocampal medial temporal (MTL; entorhinal, parahippocampal,
amygdala), and non-MTL temporal cortical contacts (inferior, middle and superior tem-
poral cortices and fusiform gyrus). For each macrocontact, log-corrected spectra were
computed as described above (Fig. 5.11). To better capture the dominance of 6-8-Hz
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oscillations over 2-Hz in non-MTL regions, we then used the peak power measured as the
maximum of the corrected power spectrum in the designated frequency band (Fig. 5.11B).
To quantify the relative predominance of 2-Hz over 6-Hz activity, a normalized ratio
(2Hz —6Hz)/(2Hz + 6Hz) was computed for each macrocontact and compared across
regions (Fig. 5.11C).

Comparison of oscillatory power between sleep stages: State-dependent
changes in slow oscillatory power were quantified across sleep stages (Fig. 6.1; SWS, N1,
REM, and wake) for the 1-, 2-; and 6-Hz frequency bands. Continuous LFPs recordings
were divided into 30-s epochs based on manual sleep scoring, and log-corrected PSDs
were computed as described above. To ensure comparable sampling across stages, 200
randomly selected windows were analysed per condition. For wakefulness, only daytime
segments (8:00 a.m. to 6:00 p.m.) were included, excluding brief night-time arousals
(Fig. 6.2, Fig. 6.4 and Fig. 6.10).

2.I1.3.c Wavelet spectrograms and quantification of evoked oscillations

Amplitude spectrograms were computed from the raw signal using complex Morlet
wavelet convolution for each macrocontact across sessions. This approach provides high
temporal precision for fast frequencies and high frequency resolution for slow oscillations,
making it well suited to characterize non-stationary neural dynamics. Wavelets were
constructed with five cycles per frequency and normalized to unit energy, producing 80
logarithmically spaced frequencies between 1 and 150 Hz. Stimulus-locked spectrograms
were then extracted from -1 to +3 seconds (viewing and recalling sessions) or +4 seconds
(learning session) relative to stimulus onset, excluding trials containing IEDs or motor
responses. To ensure comparability across sessions, trials were subsampled to equalize
stimulus counts. For each contact and frequency, post-stimulus amplitudes were normalized
to baseline (-1 to 0 second) by z-scoring and next averaged across trials using the amplitude
from the baseline only (Fig. 4.17B-D and Fig. 4.18). This baseline normalization was
not applied in Fig. 4.17A, where the mean amplitudes in the post-stimulus window were
compared to mean amplitudes obtained from the baseline. Mean evoked amplitudes were
then quantified within the 1-, 2-) and 6-Hz frequency bands during the post-stimulus
window (+1 to 43 seconds for viewing and recalling, +2 to +4 seconds for learning). This
ensures that the observed changes in evoked amplitude are not confounded by differences
in the magnitude of event-related potential (ERP) deflections between conditions.

2.II1.4 Quantification of ERPs

Comparison of event-related potentials between sessions: ERPs were measured
by averaging LFPs time-locked to photograph onsets. For each recording, signals were
z-scored, and trials contaminated by IEDs or falling outside the recordings were excluded.
Epochs extending from 1 second before to 4 seconds after photograph onset were extracted,
baseline-corrected using the mean pre-stimulus activity, and averaged across trials for each
contact (Fig. 4.14, Fig. 5.13 and Fig. 4.15). To test for session-related differences, the
two average ERPs were compared using a nonparametric cluster-based permutation test
(1,024 iterations, mne-python package (Gramfort et al. 2013)), which identifies contiguous
time intervals showing consistent differences in ERP deflections while controlling for
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multiple comparisons. Significant clusters (p < 0.01) indicated time windows with reliable
modulation of evoked responses across sessions (Fig. 4.15).

Correlation between ERP deflection and evoked oscillatory amplitude: To
relate ERP deflection with evoked oscillations in the recalling session, we compared the
mean ERP deflection (0.3-0.9 second after stimulus onset in the hippocampus) with
the corresponding post-stimulus spectral amplitude averaged within the 1-, 2-; or 6-Hz
bands (1-4 second window). Correlations were computed across contacts using Pearson’s
coefficient, and significance was assessed by two-tailed testing. Scatterplots in Fig. 4.18
and Fig. 5.14 display the linear fit with bootstrapped 95% confidence intervals, showing
the relationship between the strength of evoked slow oscillations and the magnitude of
the ERP deflection. The mean ERP deflection was taken between 0.3-0.9, 0.15-0.6 and
0.15-0.5 second after stimulus onset for the entorhinal cortex, parahippocampal cortex
and amygdala macrocontacts, respectively (Fig. 5.14). These epochs were selected to
match the largest ERP deflection visible in the grand averages computed for each region.
However, various epochs were tested and none of them showed significant correlation with
evoked amplitude.

2.I1.5 Cross-frequency analyses

2.I1.5.a PAC and phase randomization

Quantification of phase-amplitude coupling (PAC): To quantify the actual
phase-amplitude coupling (PAC) between gamma activity and slower oscillations, we
computed the modulation index (MI) as in Tort et al. (Tort et al. 2010). Gamma signals
were taken either from the same macrocontact signal as the phase (local PAC; Fig. 5.5
and Fig. 5.6) or from a distal macrocontact (distal PAC, across structures; Fig. 5.17). The
computation of the MI involved measuring the deviation of the amplitude distribution
across phase bins from uniformity using the Kullback-Leibler distance. First, we measured
the instantaneous phase of the IMFs using the Hilbert transform. The phase of each IMF
(e.g., 2-Hz) was then binned into N (24) equally spaced intervals over [0, 27|. For each
bin i, we computed the mean amplitude of the gamma activity, and then normalized the
amplitude distribution. The Kullback-Leibler distance between this distribution and the
uniform distribution was computed as:

Dra(P | V) = 3 Pl 1g(§8) (2.3

We normalized this value to define the MI:

Dxr(P || U)
M= ———= 24
log(N) 24

This yielded a value between 0 (no coupling; uniform distribution of amplitudes across
phase bins) and 1 (maximal concentration in a single phase bin), indicating how strongly
the amplitude of the gamma activity depends on the phase of the slow oscillation. Then,
we generated 300 surrogate versions of the IMFs while preserving their spectral content by
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applying phase randomization in the Fourier domain. This approach destroys temporal
structure but retains the power spectrum, making it suitable for surrogate-based statistical
testing of the PAC.

The original signal z[n| was transformed using the discrete Fourier transform:

X%hzZ%ﬂM@”WWN (2.5)

where A[k] is the amplitude spectrum and ¢[k| the phase spectrum. This was expressed
in polar form as:

X[k] = A[k] e (2.6)

where A[k] = |X[k]| is the amplitude spectrum, and ¢[k] = arg(X[k]) is the phase
spectrum.

We then generated a random permutation 7(k) over frequency indices and substituted:

X[k] = A[k] elm®)] (2.7)

The inverse Fourier transform yielded the phase-randomized surrogate signal:

T[] = %{Jif ]:g_: bl e%“f"/N} (2.8)

We then computed PAC between the unchanged gamma activity and each of the 300
surrogate phase signals. This generated a null distribution of PAC values, which we used
to assess statistical significance. The actual PAC value, computed using the original
(non-randomized) phase signal, was transformed into a z-score relative to this surrogate
distribution. This z-scored PAC reflects the likelihood—rather than the magnitude—of
coupling and was used for statistical comparisons across IMFs and electrode contacts
(Fig. 5.5A,B and Fig. 5.17B,C). Coupling was considered significant when the z-scored PAC
exceeded a threshold of 2 or 5 (where mentioned) (Fig. 5.5C and Fig. 5.17D). Preference
was assessed by comparing, for each given contact, which of the three oscillations (1-, 2-,
or 6-Hz) had the highest z-scored PAC value, only considering contacts with at least one
significant locking in these frequency bands (z-score >5, Fig. 5.5D and Fig. 5.17E). For
the leave-one-out controls (Fig. 5.5E and Fig. 5.17F), we omitted the PAC values from
each given day and reported the average oscillatory preference based on the remaining
data. PAC was measured on epochs clear from interictal discharges.

Anatomical gradients in local phase-amplitude coupling: Anatomical gradients
in local PAC were assessed to determine whether the strength of oscillatory coupling varied
along hippocampal axes. For each hippocampal contact, coupling values were related to
the anteroposterior and mediolateral coordinates of this recording site using a generalized
linear model fitted separately for the 1-, 2-, and 6-Hz frequency bands. Coupling values
were transformed to match normality of the distributions (Yeo-Johnson):
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PAC; = [y + 81 AP; + B2 ML; + ¢ (2.9)

where PAC; is the transformed local PAC value for contact i; AP; and ML; are the
anteroposterior and mediolateral coordinates of this recording site; 3y is the intercept; 51
and [, represent the effects of position along the hippocampal axes; and ¢; is the residual
error term. Model coefficients were extracted and summarized as a heatmap (Fig. 5.6B).

Mixed-effects models for regional differences in distal phase-amplitude
coupling: To test whether distal PAC to HPC differed between MTL and non-MTL
contacts and whether that difference depended on frequency, we pooled distal PAC
estimates for the 1-, 2- and 6-Hz bands across macrocontacts and subjects and fitted a
mixed-effects model with an MTL * frequency interaction and recording day as a random
factor. Coupling values were transformed for normality (Yeo-Johnson) and distance
between contacts was included as a covariate:

PACU = 60 + 61 MTL; + 62 Frequency + 63 (MTLl X Frequency) + 64 Distanceij + Uiy + Eij
(2.10)

where PAC;; is the transformed distal PAC value for the pair of distal macrocontact ¢
and hippocampal contact j; MTL; is a binary variable indicating whether contact ¢ is in
the MTL or not; Frequency represents the categorical frequency factor (1-, 2-, or 6-Hz);
Distance;; is the Euclidean distance between contact 7 and j and controls for inter-contact
spacing; u;j is the random intercept accounting for subject-level variability; and ¢;7 is
the residual error term. From the fitted model we extracted the MTL - non-MTL simple
effect at each frequency (estimated difference £95% Confidence interval (CI)) and tested
difference-of-differences contrasts (2-Hz versus 1-Hz and 6-Hz) using Wald t-tests. This
method quantifies whether MTL contacts show selectively greater slow-frequency coupling
and whether that regional bias is specific to the 2-Hz band.

2.I1.5.b Phase synchronization

Phase synchronization between gamma activity recorded from different macrocontacts
was quantified from the dispersion of their preferred hippocampal 1-, 2-; and 6-Hz phases.
For each hippocampal macrocontact, the mean preferred phase of gamma activity was
determined for all extra-hippocampal sites, and the pairwise circular differences between
these phases were computed. The average of these pairwise differences was then inverted
(2mr — A¢) so that higher values reflected stronger phase alignment. Synchronization
indices were calculated separately for MTL and non-MTL contacts to compare the spatial
organization of phase coupling across regions (Fig. 5.18).

2.11.5.c HHSA

The Holo-Hilbert Spectral Analysis (HHSA) is designed to analyse non-linear and non-
stationary signals and capture both carrier frequencies and their amplitude modulations
(Huang et al. 2016). This spectral method uses a two-layer EMD followed by Hilbert
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transforms to provide a two-dimensional representation of energy across carrier frequencies
and modulation frequencies (Fig. 2.5). This allows us to deal with non-linearities and
harmonics and reduces the risk of detecting spurious PAC (Huang et al. 1998; Juan et al.
2021) to identify genuine cross-frequency interactions and nested oscillations in LFP
signals. To do this, we first selected epochs clear from IEDs and used IMFs extracted
using tmEMD on each macrocontact, retaining the first K=9 IMFs capturing slow to fast
oscillations. Each IMF was transformed into its analytic signal via the Hilbert transform:

yielding instantaneous amplitude A(t) = |z(t)| and carrier frequency:

(1) 1 d

MO o dt arg(zx(t)) (2.12)

To capture amplitude fluctuations over time, we applied a second-layer EMD to the
amplitude envelopes, decomposing each into slower amplitude modulation components:

J
Ap(t) = Z ar.;(t) (2.13)

Each modulation component was again Hilbert-transformed to extract modulation
frequency. The holospectrum represents signal energy jointly as a function of carrier
frequency f and amplitude modulation frequency f®). It was computed across all IMF
pairs and projected onto a 2D frequency space:

H(foarsier; fant) = Energy at (£, ) (2.14)

Log-spaced frequency bins were used from 0.1 to 195 Hz for both axes, allowing fine
resolution of slow-frequency modulations. The average energy measured on each electrode-
contact signals were then z-scored before averaging across contacts. We finally averaged
the energy in several frequency bands to compare gamma (60-160 Hz) modulation across
slow oscillations (Fig. 5.7A,B,D,E). That is, in humans, 1-Hz (0.5-1.25 Hz), 2-Hz (1.25-3.5
Hz), and 6-Hz (3.75-8.5 Hz); in mice, 3-Hz (1.5-4.5 Hz), 7-Hz (5-10 Hz), and 15-Hz
(11-20 Hz). To quantify the gain in amplitude modulation in contacts clear from IEDs, we
computed the difference between 2-Hz and 6-Hz energy per macrocontact (Fig. 5.7C) and
reported the unpaired difference between contacts clear from IEDs (labelled "No TEDs")
and contacts containing IEDs (labelled "With IEDs").
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Figure 2.5: Holo-Hilbert spectral analysis reveals gamma amplitude modulation
by slow oscillations. (A) Schematic of the HHSA (Huang et al. 2016). LFPs were first
decomposed into first-order IMFs. A Hilbert transform was applied to each IMF to extract
instantaneous amplitude and frequency (I.Ampl and Freql). A second EMD was then
applied to instantaneous amplitude signals, yielding second-order IMFs that captured
oscillatory structure within amplitude envelopes. Applying a second Hilbert transform
produced second-order instantaneous amplitude and frequency (I.Amp2 and Freq2),
reflecting the energy and frequency of envelope modulation, respectively. The resulting
matrix—the Holo-Hilbert amplitude-modulation spectrum (holospectrum)—represents
signal energy across five dimensions: time, carrier IMF, amplitude-modulating (AM) IMF,
carrier frequency, and AM frequency. (B) Example 15-s hippocampal recording showing
raw LFPs, first-order IMFs, the instantaneous amplitude of IMF 3, and its second-order
IMFs. The bolded trace highlights alpha-band amplitude modulation at 2 Hz. (C and
D) Power spectral densities of first- (C) and second-order (D) IMFs, normalized to show
frequency distribution. (E) Example matrix of holospectra, summed over 1 s taken from
the window displayed in panel A, but before the summation across IMFs. In rows, AM
(modulating) IMFs are organized from fastest to slowest IMFs from top to bottom. In
columns, carrier (modulated) IMFs are organized from fastest to slowest IMFs from left to
right. This shows that holospectra are sparse matrices before summation across IMFs. (F)
Holospectrum summed across IMFs and over the second taken from the window displayed
in panel A (same as in E). This holospectrum already shows modulation (energy density)
of fast oscillations by the 2-Hz IMF during the analysed second, despite this being less
intuitive from the raw trace. ED, energy density. (G) Holospectrum summed across IMFs
and over an entire learning session (10 min) calculated on one hippocampal contact.
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2.II1 Ripples and reactivation

2.1II.1 Ripple detection and validation

2.IIl.1.a Ripple detection

Hippocampal ripple events were identified and validated through a multistage procedure
combining automated detection, dimensional embedding, and template-based classification.

Initial ripple detection using overnight sleep recordings: Hippocampal LFPs
recorded during slow-wave sleep were bandpass-filtered between 60 and 180 Hz, and ripple
candidates were identified by thresholding the ripple-band amplitude and comparing it to
the closest white-matter macrocontact (referred to as control). Candidate events were
retained when the amplitude in the ripple band exceeded five standard deviations and
was at least twice as strong as in the control macrocontact, and the event lasted for at
least one oscillatory cycle. The precise peak times of the filtered signal were extracted to
provide a first set of putative ripples for each macrocontact during overnight sleep.

Dimensional embedding and template generation: For each recording night,
candidate ripple waveforms were then extracted from the ripple-band-filtered signal (60—
180 Hz) using 25-ms snippets centred on the ripple peaks. These band-limited segments,
capturing the oscillatory component of each event, were normalized and used as input to
Isomap (15 neighbors, intrinsic dimensionality estimated per recording night) to embed the
high-dimensional waveforms into a low-dimensional space while preserving their temporal
structure (Tenenbaum et al. 2000; Maslarova et al. 2025). Events were clustered with
k-means, and clusters corresponding to canonical ripple morphologies were manually
verified and retained. Then, within each recording night, 200 waveforms from verified
clusters were subsampled and averaged to form “super-events”. These "super-events'
were pooled across recording nights and clustered again to generate a compact library of
representative ripple templates characterized by their average waveform and dominant
frequency. Dominant frequency of the templates was estimated from the inverse of the
period between two oscillatory peaks in the average ripple-band-filtered signal. Fourteen
different templates were retained, with dominant frequencies ranging from 67.6 Hz to
113.6 Hz.

Loose detection of putative ripple events: A permissive detector was then
applied to all hippocampal recordings to capture all potential high-frequency bursts in
the ripple range (60-180 Hz). The analytic amplitude envelope was smoothed (width
= 80 ms, 0 = 40 ms) and adaptively thresholded to detect transient events, targeting
20-30 events per minute while constraining event duration (> 20 ms) and separation
(> 150 ms). Periods containing IEDs were excluded to prevent contamination by large,
transient high-power deflections and to avoid detecting pathological events. Event peaks
were realigned using the instantaneous phase of an 80-Hz narrowband signal to ensure
consistent phase definition.

Template matching and white-matter control: These loosely detected events
were then compared to each validated ripple template using cosine similarity. For every
event, the highest similarity score and corresponding template were obtained both in the
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Figure 2.6: Ripple templates. Average ripple-band signals triggered by the peak of the
detected events, grouped by cluster of ripples. These triggered-averages of the ripple-band
formed the 14 templates used for ripple detection in the subsequent algorithmic steps.
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hippocampal contact and in its anatomically defined white-matter control by realigning
to the local peak in the ripple-band. Events were classified as genuine ripples only when
their match score exceeded 0.85 in the hippocampal macrocontact but remained below
this threshold in the control macrocontact (Fig. 2.7 B, F and J). This match score of 0.85
corresponded to the 95th percentile of the distribution of all match scores obtained in
white matter macrocontacts, representing a meaningful null distribution for transient,
non-specific fast-frequency events. This two-stage validation, which required both high
morphological similarity to verified sleep ripples and spatial specificity relative to the
white-matter reference, ensured that the final set of detected events reflected true, locally
generated hippocampal ripples (Fig. 2.7).

2.I11.1.b Characterization of ripple central frequency

Hippocampal ripple events were analysed from LFPs band-pass filtered between 55 and
200 Hz (zero-phase fourth-order Butterworth filter). Instantaneous phase and amplitude
were obtained using the Hilbert transform. Ripple onset and offset were defined as the
first and last time points at which the z-scored amplitude exceeded 2. Within these
limits, the unwrapped phase was used to compute the total number of oscillatory cycles
as the difference between phase values at offset and onset (in degrees) divided by 360. For
instance, an unwrapped phase change of 1800° corresponds to five cycles (1800/360 = 5).
The ripple central frequency was then calculated by dividing the number of cycles by the
event duration in seconds (e.g., 3cycles/400ms = 75Hz). This analysis was performed
separately in sleep (Fig. 6.7G,H) and rest recordings (Fig. 6.7H-J), with sleep events
further grouped by sleep stage (wake, N1, SWS, REM).

2.I11.1.c Ripple-triggered averages

Ripple-triggered averages were computed to characterize hippocampal LFPs, spike
train, and spectral dynamics as well as associated gamma activity from the MTL contacts
during rest and sleep sessions. For each hippocampal contact, detected events were
realigned to the local peak of the ripple-band signal to ensure consistent phase alignment
across ripples. Around each realigned peak, £250 ms (or £150 ms) of broadband LFPs
and corresponding time-frequency spectrograms (10-200 Hz, logarithmic spacing) were
extracted and averaged across events to obtain mean ripple-locked waveforms (Fig. 6.7E,F
and Fig. 6.8C). In Fig. 6.7F, ripple-triggered averages were computed on the same example
hippocampal macrocontact, from events detected in the task rest or during overnight
N1 sleep. In Fig. 6.8, ripples were detected on the macrocontact and realigned to the
local peak of the ripple-band signals obtained from the local and the distal tetrodes. In
Fig. 6.11, local spike trains were averaged in 24-ms bins, z-scored within neuron, and
averaged across ripples. In Fig. 6.12, gamma activity from MTL contacts were z-scored
within contact, and averaged across ripples.
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Figure 2.7: Ripple detection. Ripple detection on a single hippocampal macrocontact in
three different subjects during pre-learning rest (10 minutes): sub03300 (A—D), sub03266
(E-H), sub104 (I-L). (A, E and I) Top, distribution of the matching scores for all
events initially detected; bottom, percentage of the "good" events matching one of the
14 templates used for initial detection. (B, F and J) Average LFPs and corresponding
spectrograms triggered by the peak of all "good match" events (above threshold = 0.85
matching score for one of the template on the hippocampal macrocontact but not the
white matter macrocontact). (C, G and K) Same as B, F and J but for events which
did not match any of the templates (below threshold = 0.85). (C, G and K) Same as B,
F and J but for events which matched a template on the hippocampal macrocontact and
the reference white matter macrocontact (likely reflecting noise).
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2.1I1.2 Detection of cross-regional coactivity motifs

Pairwise coactivity motifs were derived from simultaneously recorded single-unit activity
during in-burst versus out-of-burst periods (Fig. 6.14 and Fig. 6.15), task epochs (Fig. 6.16
and Fig. 6.17) and hippocampal ripples. Bursts were detected as described above (see
section Chapter 2.11.2.c) for 1-, 2- and 6-Hz IMFs. For each recording day, units from the
MTL were included when at least five well-isolated neurons were available. Spike trains
were converted into binned firing-rate matrices using 25-ms bins. We then selected bins
overlapping with oscillatory bursts (Fig. 6.15, viewing and learning sessions concatenated),
photograph presentation and its subsequent inter-stimulus intervals in task (viewing versus
learning, best versus worst conditions, Fig. 6.16 and Fig. 6.17) or ripple events (£200 ms).
Control bins were drawn from out-of-burst epochs (Fig. 6.15A) or out-of-ripple intervals
of matched duration and distance from ripple events (Fig. 6.17C). Firing rates were
z-scored for each neuron, and the influence of overall population activity was removed by
regressing out the instantaneous population rate (P). Pairwise coactivity between neurons
i and j was defined as the Pearson correlation between their residual binned firing rate
(Fig. 5.19C), producing one coactivity matrix per condition. To assess the specificity of
these patterns, neuron identities were randomly permuted within each time bin, preserving
the instantaneous population profile but disrupting pairwise structure. Coactivity matrices
computed from the permuted data provided null distributions (Fig. 6.17D).

2.II1.3 Reactivation of coactivity motifs in hippocampal ripples

Reactivation was quantified by relating neuronal coactivity motifs expressed during
wake (evoked by photographs or during oscillatory bursts) to those measured during
pre- and post-learning ripples. For each recording day, the neuron-by-neuron coactivity
matrices were vectorized and concatenated across participants to form predictor and
response variables (n = 603 coactivity motifs from 6 participants and 8 recording days
with at least 5 simultaneously recorded MTL neurons). Group-level relationships were
estimated using GLMs.

For each waking condition, the following model (Model 1):

Y = /80 + Bwake Xwake + 5C0nd Crest +e€ (215)

was fitted to quantify the correspondence between waking and rest motifs, where Y is
the vector of ripple coactivity coefficients, X .1 the corresponding waking coefficients
(in-burst or out-of-burst, viewing or learning, best or worst recalled associations), and
Cest 1s a categorical factor indicating pre- or post-learning rest. Parameter estimates, 95%
confidence intervals, and p-values were obtained from Wald t-tests on fitted generalized
linear model (GLM) coefficients. Model 1 provided g coefficients (Seonq) and their 95%
confidence intervals reported in Fig. 6.15A,B (left panels) and Fig. 6.17C (left panel) and
are referred to as “Waking vs rest coactivity (/5)”.

Reactivation strength was then defined as the change in the slope linking waking and
ripple motifs across rest sessions, estimated from the interaction term in the following
model (Model 2):
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Y = 50 + Bwake Xwake + Bcond Crest + /Bint (Xwake X Orest) +e€ (216)

The interaction coefficients (f;,;) and their 95% confidence intervals extracted from
Model 2 represent the difference between post- and pre-learning wake-rest slopes and are
referred to as “Reactivation (APost — Pre)” in Fig. 6.15A,B (right panels), Fig. 6.16 and
Fig. 6.17C (right panel). The p-value of these interaction coefficients (8;,:) was used to
assess significance of the reactivation in Fig. 6.15A B (left panels) and Fig. 6.16A.

Differences in reactivation between waking conditions (in-burst vs out-of-burst, viewing
vs learning, best vs worst recalled associations) were tested with a combined model (Model
3) including a three-way interaction term Xygke * Crest * Ceong Where Ceppg indexes the
waking condition. The p-value of this three-way interaction coefficient was used to assess
significance in Fig. 6.15A,B (right panels), Fig. 6.16B and Fig. 6.17C (right panel).

At the subject level (Fig. 6.17A), reactivation was assessed as the partial correlation
between waking and ripple coactivity vectors computed separately for each recording day,
controlling for the alternate rest session (pre-learning rest controlled by post-learning rest
and vice versa).

In Fig.6.17C, reactivation was measured using out-of-ripple epochs, which were defined
as windows distant from ripple events. We matched the number and duration of these
control epochs with those of actual ripples so that all conditions were comparable.

2.1V Statistical analyses

Data analyses were conducted using Python version 3.10, using the following packages:
DABEST v2023.2.14 (Ho et al. 2019), scikit-learn v1.2.2 and nilearn v0.10.1 (Pedregosa
et al. 2011), NumPy v1.24.3 (Harris et al. 2020), SciPy v1.10.1 (Virtanen et al. 2020),
Stats-Models v0.14.0 (Seabold and Perktold 2010), Matplotlib v3.7.1 (Hunter 2007),
Pandas v1.5.3 (McKinney 2010), and Seaborn v0.11.0 (Waskom 2021), MNE-Python
v1.5.1 (Gramfort et al. 2013).

Symmetric distribution assumptions underpinned the two-sided statistical tests, visual-
ized using Gardner-Altman and Cumming plots from the DABEST Framework. These
plots illustrate effect sizes by comparing mean or median differences across groups. Each
plot consists of two panels: the top (or left) shows raw data distributions with group means
+ SEM (unless stated otherwise), and the bottom (or right) shows differences relative to
a reference group, calculated from 5,000 bootstrapped samples. Black dots represent the
mean (or median), black ticks indicate 95% confidence intervals, and bootstrapped error
distribution curves are included.

To compare two conditions, bootstrap tests were employed. These tests, which ac-
commodated both paired and unpaired comparisons, estimated the bootstrapped mean
difference (either absolute or as a percentage relative to one of the two variables) by
resampling the data 100,000 times (unless stated otherwise) with replacement. For paired
comparisons, indices were resampled to preserve the relationship between pairs, whereas
for unpaired comparisons, each condition was resampled independently. P values for these
tests were computed numerically, under the null hypothesis of zero difference. The p value
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was determined by multiplying the smaller proportion of bootstraps below or above zero
by two.

Median differences were preferred over mean differences when the original distributions
were skewed (visual inspection). In some instances, we visualized the bootstrapped mean
(or median) differences using histograms or boxplots, from which the corresponding p
values were derived. These histograms do not depict the distribution of raw data points but
rather represent empirical estimations of the sampling distribution of the mean difference,
obtained by the resampling approach described above. All confidence intervals (95% CI)
were calculated via bootstrapping with 100,000 resamples (unless stated otherwise). For
each interval, data were resampled randomly with replacement, and the 2.5th and 97.5th
percentiles of the bootstrapped distributions determined the lower and upper bounds of

the CI.

Two-sided t-tests or Wilcoxon signed-rank tests were also used to compare conditions,
depending on whether normality (assessed by the Shapiro-Wilk test) was met. Significance
of model coefficients was evaluated using two-sided Wald tests.
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3 Results: Assessing relational mem-
ory in human participants

“Les désordres et les maladies de cette faculté [...] nous apparaissent comme soumis & certaines
lois qui constituent le fond méme de la mémoire et en mettent a nu le mécanisme.”

“The disorders and diseases of this faculty [...] appear to us as governed by certain laws that
constitute the very foundation of memory and lay bare its mechanism.”

— Théodule Ribot, Les maladies de la mémoire (1888)
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3.1 Introduction

3.1.1 Relational memory

Relational memory refers to the ability to encode and retrieve the relationships between
separate elements of an experience, such as objects, places, people, or events. Rather than
storing isolated items independently, relational memory supports the flexible binding of
information into structured representations that can later be used to guide behaviour
and inference (Fichenbaum and Cohen 1993; Konkel and Cohen 2009). This form of
memory is thought to be a fundamental property of the hippocampal system and has
been described across mammals using behavioural paradigms based on paired-associate
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learning, contextual memory, or inferential reasoning (Bunsey and Eichenbaum 1996;
Dusek and Eichenbaum 1997; Konkel and Cohen 2009).

One of the simplest and most widely used paradigms to investigate relational memory
is paired-associate learning, in which two items are repeatedly associated so that pre-
sentation of one element later allows retrieval of the other (Calkins 1896). In contrast
to simpler forms of recognition memory, successful performance in these tasks requires
the formation of associations between distinct elements beyond memory for the items
themselves. Importantly, relational memory supports inferential behaviour, enabling
the establishment of links between items that were not directly experienced together,
but that share overlapping associations (Dusek and Eichenbaum 1997; Zeithamova et al.
2012). Lesion studies showed that the hippocampus is necessary for this form of memory,
especially when it depends on flexible retrieval of relationships between elements (Bunsey
and Eichenbaum 1996; Konkel and Cohen 2009).

3.1.2 The role of the hippocampal network in relational memory

The study of relational memory has therefore played an important role in linking
behavioural observations with hippocampal physiology. In animal models, hippocampal
lesions impair the acquisition and retrieval of contextual, spatial, and relational associations
while sparing simpler stimulus-response learning (O'Keefe and Nadel 1978; Bunsey and
Eichenbaum 1996; Dusek and Eichenbaum 1997). In humans, lesion studies similarly
demonstrated that damage to the hippocampus and broader medial temporal lobe disrupts
associative and episodic memory (Scoville and Milner 1957; Squire 1992a; Konkel et al.
2008). Consistent with these observations, direct brain recordings in humans revealed
coordinated neuronal and oscillatory activity within the hippocampus and medial temporal
lobe during declarative memory tasks (Fell et al. 2001; Rutishauser et al. 2010).

Importantly, relational memory paradigms also provide a useful behavioural context to
investigate the two-stage model of memory described in the general introduction. During
active wakefulness, learning and retrieval are expected to engage hippocampal theta-related
states coordinating neuronal activity across the medial temporal lobe. During subsequent
rest and sleep, recently formed representations are expected to reactivate during hippocam-
pal ripples, contributing to memory consolidation (Buzsaki 1989; McClelland et al. 1995;
Girardeau and Lopes-dos-Santos 2021). Consequently, a behavioural paradigm suitable for
investigating this model must engage hippocampal-dependent memory processes during
wakefulness while also allowing the study of offline neural activity after learning.

In the present work, I therefore used a relational memory task in which participants
learned associations between members of a social community. This task was designed to
promote hippocampal-dependent associative learning while providing well-controlled visual
and behavioural events for further electrophysiological analyses (Chapter 4). Importantly,
the task generated substantial variability in memory performance across participants and
across individual associations, providing a useful basis for examining the neural correlates
of successful learning, retrieval, and subsequent offline reactivation (Chapters 4, 5, 6).
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3.11 Investigating relational memory in humans using
a social community task

3.1I.1 Behavioural paradigm

Participants with drug-refractory epilepsy (Dataset 1, Fig. 2.1) performed a computer-
based relational memory task implemented in MATLAB using Psychophysics Toolbox 3
(PTB-3). The task involved learning associations among individuals forming a community,
in which each person was represented by a photograph and a name. Each recording day
consisted of five consecutive sessions: pre-learning rest, viewing, learning, post-learning
rest, and recall (total duration: approximately 1 hour, Fig 3.1).

>m v ©» ® ©® > © @
Pre-learning rest Viewing Learning Post-learning rest —— Recalling
10 min 8 min / 12 min 10 min 15 min
Photographs of people Paired-associates... Key Memory 1: Who knows Marie?
Elodie Denise Marie Antoine g Denise Marie Elodie Mohamed Antoine
9 3 : 9 3
0 : (}lﬁ ) =
o * 1 E ﬁ s K
‘ : i 1]
1is 1.5-3s 1s 1s 1s 2s 1s 1s RT<10s

Instructions: press SPACE bar
when you see the same
person twice in a row;
keep the gaze fixated

...paired-associates

Antoine Denise

f

Treasure
Chest

=

Memory 2: Can Marie get the key?

Marie

1s 1s 2s 1s 2s RT<10s

Figure 3.1: Schematic representing the layout of the relational memory task.

During the two rest sessions, participants sat still with eyes closed (10 minutes each
session). In the viewing session (8 minutes), they were familiarized with 144 photographs
of community members displayed for 1 second each and in random order, separated by
1.5-3 second inter-stimulus intervals sampled from a gamma distribution, during which
a central fixation dot was shown. This timing distribution allowed the task to remain
relatively brief while introducing occasional longer delays to help maintain attention of
the participants. Participants were instructed to maintain fixation on the central dot
during the inter-stimulus intervals. To ensure compliance, we asked them to press the
space bar whenever they detected that the same photograph was presented consecutively,
a repetition that we introduced at random intervals.

We then briefly familiarized participants to the structure of the learning session (1-2
minutes). During the learning session (10 minutes), participants viewed pairs of individuals
presented consecutively, one person after the next, with each pair described as “friends”
to facilitate the formation of associative memories (i.e., “paired associates”). Between
each pair, participants were instructed to maintain fixation on the displayed central dot.
Learning progress was assessed through intermittent multiple-choice questions: a cue
photograph appeared for 1 second, followed by a screen displaying three possible associates.
Participants had up to 10 seconds to identify the correct associate and respond using the
left, down, or right arrow keys. Learning questions appeared after the presentation of four
paired associates. In this community, one individual was intermittently shown holding a
key to a treasure chest and participants were asked to remember it. In total, participants
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were exposed 96 times to the paired associates, and answered 24 learning questions.

After the post-learning rest session, participants performed the recall session (15
minutes) to test retention of the learned associations. During recall, participants answered
two types of memory questions. The first type consisted of multiple-choice questions
identical to those used during learning, in which participants identified the correct associate
among three photographs (direct memory questions). The second type presented a single
photograph for 1 second, after which participants judged whether the depicted person
could help obtain the key based on the associations they had learned (indirect memory
questions). During these indirect memory questions, responses were permitted after a 2-
second delay, creating a fixed 3-second interval between cue onset and the earliest possible
motor response. This delay ensured that the visual display was directly comparable to
the viewing and learning photographs for analysis of event-related potentials and evoked
oscillations (Chapter 4.III). In total, participants answered 24 type 1 memory questions
and 72 type 2 memory questions. The recording day finished with a post-recall viewing
session, which we used as a second control session.

3.11.2 Variants of the memory task

3.I1.2.a Simple and complex tasks

Participants with drug-refractory epilepsy stayed at the hospital for several days, and
some participants were included in the study two or three days consecutively. Therefore, to
make sure the memory task was adapted to each recording session, we used two difficulty
levels. The simple version of the task contained six different people, producing four
paired associates to learn (Fig. 3.2A), while the complex one had eight people and six
paired associates (Fig. 3.2B). If the participants had a good performance on the first day
(Chapter 3.III) and they were willing to continue, we offered them to take the complex
task on the next days. Otherwise, we used the simple task on the second day. In both
cases, we used new photographs and names of the people forming the community on
subsequent days to ensure reproducibility across days.

3.11.2.b Population diversity

Subjects with epilepsy suffer from various cognitive deficits (Black et al. 2010;
Dinkelacker et al. 2016; Wang et al. 2020; Phuong et al. 2021), which can affect their
performance on relational memory tasks. Therefore, it was essential to evaluate the extent
of the cognitive deficit in the population with epilepsy included in this study. To do
this, we recruited healthy participants to perform a shortened version of the relational
memory task, which featured the simple and the complex versions of the task in the same
session (Fig. 3.3). This control cohort was matched to the cohort with epilepsy in age and
educational level using the Hungarian optimization algorithm (I<uhn 1955) (Table 3.1,
age, P = 0.051; paired t-test; education, P = 0.785, Wilcoxon test). This cohort allowed
us to compare the behavioural performance (accuracy, reaction time) of the controls with
the participants with epilepsy (Chapter 3.111.1.b) and to investigate the effect of the age
and the educational level on memory performance in this task (Chapter 3.111.2.a).
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Figure 3.2: Schematic representing the social community in the simple (A) and
the complex (B) versions of the task. Members are represented with a letter and
a number to indicate their position in the social community: "Z1" has the key to the
treasure chest, while "Z2" is in the community without a treasure chest. "Y1" is the direct
friend of the key owner, while "Y2" is the direct friend of "Z2". "X1" and "X3" are the
indirect friends of the key owner, while "X2" and "X3" are the indirect friends of "Z2".
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Figure 3.3: Schematic representing the memory task used for the control cohort.
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Demographics Epilepsy Controls p-value
Age (mean [95% CI]) 34.1[30.02, 38.19] | 35.58[30.87,39.88] | 0.051
Education (mean [95% CI]) | 12.14][11.43,12.85] | 12.17[11.47,12.88] | 0.785

Table 3.1: Demographic characteristics of paired cohorts

3.1II Quantifying behavioural performance

3.I1I.1 Basic performance metrics

3.1Il.1.a Group-level performance

Participants with epilepsy were able to learn the community structure (Fig. 3.4A,
left), with a clear improvement in accuracy (percentage correct responses) throughout the
learning session and significant retention of the paired associates after the 10-min rest
session (Fig. 3.4A, right, P = 0.00125; Wilcoxon test compared to chance). Participants
in the control cohort also showed learning and retention of the community structure
(Fig. 3.4B, P < 0.001; Wilcoxon test compared to chance). In addition, both participants
with epilepsy and paired controls performed above chance on the type 2 memory questions
(P =0.038 and P < 0.001, respectively), confirming correct understanding of the relational
memory task. Differences in memory accuracy between the two cohorts will be discussed
in Chapter 3.I11.1.b.

A Epileptic cohort *kk B Control cohort Sk
100 100 e
o0 W

60

80

60

% Correct

40 40 Chance

20 20+

0 o
T T T T T T T T
5 10 15 20 Memory 5 10 15 20 Memory
# Learning trial Test 1 # Learning trial Test 1

Figure 3.4: Average accuracy in the relational memory task. (A) Learning accuracy
(percentage correct trials, left) and average recall accuracy to type 1 memory questions
(percentage correct responses, right) in the cohort with epilepsy. (B) Same as in (A) but
for the control cohort. Data were analysed using Wilcoxon tests; ***P < 0.001.

By design, participants were allowed to respond immediately following the onset of
the multiple-choice questions at their own pace, making this paradigm well-suited for
quantifying reaction time during both the learning phase and the type 1 memory questions
(Fig. 3.5). Reaction time progressively decreased across the learning session in both
the epileptic and control cohorts (Fig. 3.5A-D). This reduction in reaction time over
successive questions may reflect improved confidence, motor execution (e.g. familiarity
with keyboard response), or a better understanding of the task structure (flexibility). To
further characterize this effect, we exploited a specific feature of the task design in the
control cohort, in which the complex version of the task was administered immediately
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after the simple version on the same day (Fig. 3.3). By comparing the reaction time within
and between these versions of the task (simple versus complex), we could differentiate
procedural (motor) from cognitive effects on learning. If this effect was purely driven by
motor learning, the reaction time at the end of the simple version should be identical
to the reaction time at the beginning of the complex version of the task. Conversely, if
this effect was purely cognitive, the reaction time at the beginning of the learning in the
complex version should be higher than that at the beginning of the learning in the simple
version, because the participants have more associations to learn.

Reaction time decreased across both the simple and complex versions of the task during
learning and memory questions (Fig. 3.5EF, [a, d and e]). Notably, despite the first eight
questions of the complex task being more demanding (six paired associates to remember
compared with four in the simple task), reaction time for these questions was lower than
in the corresponding simple condition (Fig. 3.5F, [b]). This result rules out a purely
cognitive effect on reaction time. In addition, the reaction time at the end of the simple
version was lower than that at the beginning of the complex version, also ruling out a
purely motor effect on reaction time (Fig. 3.5F, [c]). Moreover, reaction times for the
last eight questions did not differ between the simple and complex versions of the task
(Fig. 3.5F, [f]), suggesting the presence of a ceiling effect, with reaction times converging
to approximately one second.

Taken together, these observations indicate that reaction time varied systematically
across the session and across task versions, but did not scale monotonically with task
difficulty in this paradigm. This effect likely reflects a combination of cognitive and
procedural (motor) factors rather than memory demands alone.

3.III.1.b Across-group comparisons

Next, to estimate the extent of the cognitive deficit in the epileptic cohort, we compared
the behavioural performance of participants with epilepsy with their paired control subjects
in the simple version of the relational memory task. Participants with epilepsy showed lower
accuracy (Fig 3.5A-C) and higher reaction times (Fig 3.5D,E) than control participants
on learning and memory questions. The most pronounced differences were observed for
memory questions, reaching a 20% deficit in memory accuracy and up to a 1.8-second
delay in reaction time (Fig 3.5B,E). These results confirm that participants with epilepsy
included in this study perform worse than their paired controls, replicating the deficits
previously reported in this population (Black et al. 2010; Dinkelacker et al. 2016; Wang
et al. 2020; Phuong et al. 2021).

We next examined whether the control and epileptic cohorts were similarly affected by
increased task difficulty, i.e., six instead of four paired associates to remember. In the
epileptic cohort, average memory performance declined in the complex condition relative
to the simple condition, whereas no such decrease was observed in the control cohort
(Fig. 3.7).

In this task, participants learned and later recalled discrete paired associates, allowing
us to determine which individual associations were retained or forgotten following the
10-min rest period. Memory performance was quantified as the mean accuracy across
all questions probing knowledge of each paired associate. Based on this measure, paired
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Figure 3.5: Average reaction time in the relational memory task. (A) Learning
reaction time (in seconds, left) and average recall reaction time to type 1 memory questions
(in seconds, right) in the cohort with epilepsy. (B) Estimation of the difference in learning
reaction time between the average eight first (Start) or last (End) questions, in the
cohort with epilepsy. (C and D) Same as in (A and B) but for the control cohort in
the simple version of the task. (E) Box-and-whisker plot representing the reaction time
to multiple-choice questions in learning and memory sessions, from the simple (S) and
the complex (C) versions of the task, averaged across the eight first (Start) or last (End)
questions, in the control cohort. Specific comparisons (a-f) used in F are displayed on this
panel to improve clarity. (F) Estimation of the difference in reaction time between task
stages presented in E. Data were analysed by two-sided paired permutation tests; ***P <
0.001, **P < 0.01, n.s., not significant.
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Figure 3.6: Comparison of the behavioural performance between the two cohorts.
(A—C) Estimation of the difference in average accuracy (% correct responses) to the
learning (A), direct memory (B) and indirect memory (C) questions between the epileptic
and the control cohorts. (D—E) Estimation of the difference in average reaction time
(in seconds) to the learning (D), direct memory (E) and indirect memory (F) questions
between the epileptic and the control cohorts. Data were analysed by two-sided paired
permutation tests; ***P < 0.001, **P < 0.01.
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Figure 3.7: Comparison of the behavioural performance between the simple and
the complex versions of the task. (A—C) Estimation of the difference in average
accuracy (% correct responses) to the learning (A), direct memory (B) and indirect memory
(C) questions between the simple and the complex versions of the task, in the control
cohort. (D—E) Estimation of the difference in average accuracy (% correct responses)
to the learning (D), direct memory (E) and indirect memory (F) questions between the
simple and the complex versions of the task, in the epileptic cohort. Data were analysed
by two-sided paired permutation tests; ***P < 0.001, *P < 0.05, n.s., not significant.
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associates were ranked and divided into two categories: those with the highest and lowest
subsequent memory accuracy (Fig. 3.8A-C).

Participants in the control cohort performed near ceiling on this relational memory
task, with most individuals exhibiting ceiling-level accuracy for both simple and complex
memory questions (Fig. 3.7B,C). Consequently, controls showed a reduced performance
contrast between the best- and worst-remembered paired associates (Fig. 3.8D). These
results confirm that the behavioural task was sufficiently sensitive to track changes in
memory strength from acquisition through consolidation to recall in the epileptic cohort,

while the performance of the control subjects was constrained by ceiling effects.
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Figure 3.8: Definition of best and worst remembered paired associates. (A)
Example graph showing the average performance for all learning and memory questions
separated by paired associates (e.g., X1-Y1), in an example subject (sub121). As a
reminder, the position of each member of the community is marked using a letter and
a number (e.g., "X1"), and the structure of the community is described in Fig. 3.2. (B)
In the example subject shown in A, Y1-Z1 and Y2-Z2 were the paired associates giving
the highest average accuracy in the memory tests (best remembered), while X1-Y1 and
X2-Y2 were the worst remembered. (C) Estimation of the difference in average memory
performance for the best versus the worst remembered pairs, showing a 25% contrast on
average. (D) Estimation of the difference in best versus worst contrast (% correct) between
participants in the epileptic or the control cohort. Data were analysed by two-sided paired
permutation tests; ***P < 0.001.

Altogether, these findings suggest that the relational memory task was well calibrated to
probe memory acquisition and delayed recall over a 10-minute interval in participants with
epilepsy. Although performance was lower than in matched control subjects, participants
successfully learned and retained the paired associates, with substantial variability across
individual associations and levels of task difficulty. This within-subject variability will be
leveraged in subsequent analyses examining the neural correlates of learning and memory
in the epilepsy cohort (Chapter 4).

Moreover, we also observed a substantial variability in performance between subjects,
with some participants exhibiting ceiling accuracy while others performed near chance-
level, in particular for memory questions (Fig. 3.7). In the next section, we examine the
factors contributing to this between-subject variability.
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3.I11.2 Variability of performance between subjects

3.II1.2.a Demographic and cognitive contributors

Behavioural performance showed substantial variability across subjects, in particular in
the epilepsy cohort (Chapter 3.II1.1.a). To better characterize this diversity of responses,
we first evaluated the relationship between task performance and the two main demographic
measures: age and educational level.

To do this, we modelled both task accuracy and reaction time as functions of age
and educational level. Because accuracy values are bounded between 0 and 1, accuracy
was analysed using beta regression with a logit link function, which is appropriate for
proportion data. Prior to model fitting, accuracy values equal to 0 or 1 were adjusted using
the Smithson-Verkuijlen correction to map them to the open interval (0,1). Educational
level was mean-centred before inclusion in the models. Reaction times, which are strictly
positive and right-skewed, were analysed using a GLM assuming a Gamma distribution
with a logarithmic link function. This modelling approach ensures positive fitted values
and captures the multiplicative structure of reaction time variability. Models were fitted
using raw reaction time values, with the log link accounting for the positive, right-skewed
nature of the response.

For both accuracy and reaction time, separate models were fitted including age and
educational level as predictors. Model fit was assessed using Cox-Snell pseudo-R?, and
predictive performance was quantified using the Pearson correlation between observed and
model-predicted values on the response scale. Cox-Snell pseudo-R? is a likelihood-based
measure of model fit for generalized linear models, where larger values indicate that the
model explains the data better relative to a null model with no predictors. For example,
values near 0 indicate little improvement over the null model, values around 0.2-0.4 suggest
moderate explanatory power, and values above 0.5 indicate relatively strong model fit.

In both the epileptic and control cohorts, learning accuracy showed a modest association
with educational level, whereas no reliable relationship with age was observed (Fig. 3.9A,D).
In the epileptic cohort, educational level was a significant positive predictor of accuracy
for both types of memory questions (Fig. 3.9B,C), while age did not significantly influence
performance. In contrast, in the control cohort, accuracy on the memory questions was
not significantly related to either age or educational level (Fig. 3.9EF). Importantly, this
apparent absence of demographic effects in controls must be interpreted with caution, as
accuracy values in this population were strongly clustered near ceiling, thereby limiting
variability and reducing statistical power to detect such relationships (Fig. 3.7B,C).

In both the epileptic and control cohorts, reaction time showed systematic associations
with demographic variables, although the strength and consistency of these relationships
differed between groups (Fig. 3.10). In the control cohort, both age and educational
level reliably predicted reaction time across learning and memory phases, with older
age associated with slower responses and higher educational level associated with faster
responses (Fig. 3.10C,D). In contrast, in the epileptic cohort, demographic effects on
reaction time were weaker and less consistent. During learning, reaction time was not
reliably predicted by either age or educational level (Fig. 3.10A), whereas during the
memory phase, educational level, but not age, showed a modest association with faster
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Figure 3.9: Accuracy as a function of age and educational level. Accuracy was
modelled using beta regression with a logit link, including age and educational level
(years of schooling, YoS) as predictors. (A—C) Epileptic cohort and (D—F') control
cohort. For each cohort, panels show results for the learning phase (A, D), memory test
1 (B, E), and memory test 2 (C, F). In each panel, the left subpanel depicts predicted
accuracy as a function of age at two extreme levels of education (YoS = 9 and 16), while
the right subpanel depicts predicted accuracy as a function of educational level at two
extreme ages (18 and 60 years). Solid and dotted lines represent model-predicted marginal
effects, computed while holding the non-plotted covariate constant. Shaded areas indicate
95% confidence intervals for the estimated mean accuracy. Dots represent individual
participant data. Model fit is summarized above each panel using Cox—Snell pseudo- >
and the Pearson correlation between observed and predicted accuracy values. Regression
coefficients () and associated p-values are reported for age and education. **P < 0.01,
*P < 0.05, n.s., not significant.
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responses (Fig. 3.10B).
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Figure 3.10: Reaction time as a function of age and educational level. Reaction
times were modelled using GLMs with a Gamma distribution and a logarithmic link
function, including age and educational level (years of schooling, YoS) as predictors. (A-B)
Epileptic cohort and (C—D) control cohort. For each cohort, panels show results for the
learning phase (A, C) and memory test 1 (B, D). In each panel, the left subpanel depicts
predicted reaction time as a function of age at two extreme levels of education (YoS = 9 and
16), while the right subpanel depicts predicted reaction time as a function of educational
level at two extreme ages (18 and 60 years). Solid and dotted lines represent model-
predicted marginal effects, computed while holding the non-plotted covariate constant.
Shaded areas indicate 95% confidence intervals for the estimated mean reaction time. Dots
represent individual participant data. Model fit is summarized above each panel using
Cox-Snell pseudo-R? and the Pearson correlation between observed and model-predicted
reaction times. Regression coefficients () and associated p-values are reported for age
and education. ***P < 0.001, **P < 0.01, *P < 0.05, n.s., not significant.

These results can be interpreted in two different ways. First, education could be a
protective factor against the cognitive decline in participants with epilepsy. Alternatively,
epilepsy occurring early in life may disrupt schooling, making education more difficult
to complete and thereby indirectly affecting cognitive performance later in life. In order
to distinguish between these explanations, we examined the relationship between age at
epilepsy onset and accuracy in the memory task while controlling for age at inclusion
in the study (Fig. 3.11). Age at onset was a positive predictor of accuracy on memory
questions (Fig. 3.11B), indicating that earlier epilepsy onset was associated with lower
cognitive performance. This finding supports the interpretation that early-onset epilepsy
may contribute to later cognitive deficits, potentially through its impact on education
and schooling.
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Figure 3.11: Accuracy as a function of age at onset of epilepsy. Accuracy was
modelled using beta regression with a logit link, including age at inclusion in the protocol
and age at onset of epilepsy as predictors. Panels show results for the learning phase
(A), memory test 1 (B), and memory test 2 (C). In each panel, the left subpanel depicts
predicted accuracy as a function of age at two extreme ages at onset (Onset = 1 and
40), while the right subpanel depicts predicted accuracy as a function of age at onset at
two extreme ages at inclusion (18 and 60 years). Solid and dotted lines represent model-
predicted marginal effects, computed while holding the non-plotted covariate constant.
Shaded areas indicate 95% confidence intervals for the estimated mean accuracy. Dots
represent individual participant data. Model fit is summarized above each panel using
Cox—Snell pseudo-R? and the Pearson correlation between observed and predicted accuracy
values. Regression coefficients (/3) and associated p-values are reported for age at inclusion
in the study and age of onset of epilepsy. *P < 0.05, n.s., not significant.
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3.II1.2.b Standardised cognitive testing

Before their stay at the hospital for the diagnosis of the epileptic focus, patients with
epilepsy performed a battery of cognitive tests which help quantify the extent of their
cognitive deficit. These tests were run by a trained clinical psychologist, and helped refine
diagnosis and patient care. To further characterize the cognitive profile of the participants
with epilepsy included in this study, we collected these metrics from the Toulouse cohort
and compared the average scores between the high and low memory performers in our
memory task. High and low performers had >75% and <75% performance on both types
of memory questions, respectively.

Verbal memory was assessed using immediate recall of the Story Test from the Signoret
Memory Efficiency Battery, evaluating episodic verbal memory. Visual memory was
evaluated with the Rey-Osterrieth Complex Figure Test, assessing visuospatial memory
through delayed reproduction. Language was assessed using the DO80 Oral Picture
Naming Test, measuring lexical retrieval, and animal semantic fluency, assessing semantic
access and verbal production. Attention was evaluated with Trail Making Test Part
A (TMT-A), measuring visual scanning and processing speed, and the Zazzo Double
Cancellation Test, assessing selective and sustained attention. Working memory was
measured using the Backward Digit Span Test, evaluating short-term retention and
information manipulation. Executive functions were assessed using the Stroop Color
and Word Test, measuring inhibitory control, the TMT B-A completion time difference,
reflecting cognitive flexibility, and phonemic verbal fluency for the letter “P”, assessing
strategic retrieval and executive search processes. Tests with insufficient participant
completion were excluded.

All participants with epilepsy showed impaired performance relative to normative data,
in line with previous literature (Fig. 3.12A) (Black et al. 2010; Dinkelacker et al. 2016;
Wang et al. 2020; Phuong et al. 2021). We then examined differences between higher
and lower performers in the relational memory task to determine whether one group
exhibited greater cognitive deficits. No significant differences were observed between
higher and lower performers for verbal memory, visual memory, language, or attention. In
contrast, significant group differences were observed for working memory and were highly
significant for executive functions, with lower normative scores in the lower-performers
group (Fig. 3.12B).
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Figure 3.12: Neuropsychological factors associated with memory performance.
(A) Polar plot showing the average neuropsychological metrics (z-score) obtained by higher
and lower task performers during the pre-implantation screening. Dashed black circle
indicates z-score = 0, corresponding to the average score in the reference population.
Shaded areas indicate SEM. (B) Estimation of the difference in z-scores between the
higher and lower performers for the six neuropsychological metrics displayed in (A): verbal
memory, visual memory, language, attention, working memory, executive functions. Data
were analysed by two-sided unpaired permutation tests, ***P < 0.001, n.s., not significant.

3.IV Discussion

This chapter describes the behavioural task employed to investigate the neural mech-
anisms of the two-stage model of memory in human participants. Using a relational
memory task based on paired associates embedded within a social community, I showed
that participants with epilepsy were able to learn and retain relational associations across
wake and post-learning rest periods. Behavioural performance progressively improved
during learning and remained significantly above chance during recall, indicating successful
acquisition and retrieval of the community structure. Importantly, the task generated
substantial variability across paired associates, across task difficulty levels and across par-
ticipants. Compared with paired control participants, participants with epilepsy showed
lower accuracy and slower reaction times, particularly during memory retrieval, consistent
with previously described cognitive deficits associated with epilepsy (Black et al. 2010;
Dinkelacker et al. 2016; Wang et al. 2020; Phuong et al. 2021). Nevertheless, the task
remained sufficiently sensitive to distinguish best- and worst-remembered associations
within subjects and best and worst performers, providing a useful contrast for subsequent
neural analyses (Chapter 4.111.2.c).

The near-ceiling performance of the control cohort is an important feature of the task.
It indicates that the paradigm was sufficiently sensitive to reveal cognitive deficits in the
epileptic cohort, but it also suggests that it had limited range for detecting fine-grained
variability among control participants. In other words, the task was well calibrated to the
cognitive capacities of the participants with drug-refractory epilepsy, but less informative
for probing inter-individual differences in a standard population. Adapting this paradigm
to healthy participants would likely require increasing task difficulty, for example by
reducing the number of repetitions or increasing the complexity of the social community.
This ceiling effect should therefore be kept in mind when interpreting the absence of
strong demographic effects in controls.
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Reaction time in this task should also be interpreted with caution and not be treated
as a pure measure of memory strength. Reaction times progressively decreased across
learning in both cohorts, but did not scale monotonically with task difficulty. Comparisons
between the simple and complex versions of the task further suggested that this effect
could not be simply explained by memory load or motor learning. Rather, reaction time
likely reflected a combination of mnemonic, cognitive, and procedural factors, including
confidence, familiarity with the task structure, and motor execution. Hence, in the
following chapters I will focus on accuracy as a readout of memory performance, within
and between participants, in order to identify neural processes more closely linked with
mnemonic processing.

I further showed that behavioural variability was partially associated with demographic
and neuropsychological factors. Educational level was positively associated with memory
performance in the epileptic cohort, while earlier onset of epilepsy predicted lower memory
accuracy. These results suggest that education should not be interpreted solely as a
protective factor. Rather, education may partly reflect the cumulative impact of epilepsy
on development, schooling, and cognitive opportunity, particularly when seizures begin
early in life. In addition, lower performers exhibited more pronounced impairments
in working memory and executive functions compared with higher performers. This
association suggests that successful performance in this relational memory task depended
on more than associative memory alone. Participants had to maintain recently learned
associations, update the structure of the social community, and select the correct response
among distractors. These data suggest that relational memory performance in epilepsy
may reflect interactions between hippocampal memory processes and broader cognitive
functions supporting attentional control, maintenance of information, and flexible response
selection.

Together, these findings indicate that the relational memory task was well suited to this
patient population while producing substantial within- and between-subject variability. By
alternating periods of active wakefulness (learning and recall) with eyes-closed rest periods
before and after learning, the task also enables us to investigate the dynamics of MTL
electrophysiological activity within the two-stage model of memory processing. In the
following chapters, I describe the neural signatures of MTL, and particularly hippocampal,
activity during wakefulness (Chapters 4 and 5) and rest (Chapter 6).
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4 Results: A 2-Hz rhythm dominates
LFPs in the human hippocampus

“La mémoire est, par essence, un fait biologique ; par accident, un fait psychologique.”

“Memory is, in essence, a biological phenomenon; only incidentally is it a psychological one.”

— Théodule Ribot, Les maladies de la mémoire (1888)
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4.1 Introduction

In the general introduction, I argued that oscillatory activity provides a useful mecha-
nism for linking memory representations across scales, from local neuronal assemblies to
distributed brain networks (Chapter 1.II1.2). According to this view, theta oscillations
occupy a special place because they are associated in animal models with active be-
havioural states, including exploration, sensory acquisition, and memory-guided behaviour

(\ 'anderwolf

1969; Winson 1972; Winson 1978; Buzsaki 2002; Derdikman and Knierim

2014). During these states, theta rhythms are thought to organize neuronal firing and

to structure

communication within the hippocampal system, thereby supporting online

memory processing (O’Keefe and Recce 1993; Buzsaki 2010; Lisman and Jensen 2013;
Colgin 2016).
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Whether the human hippocampus expresses a comparable slow-oscillatory rhythm
remains an open question. As discussed in the general introduction, human sEEG studies
have reported heterogeneous slow-frequency oscillations during memory and navigation
tasks, with variations across tasks and frequency ranges (Chapter 1.IV.1). Hence, the
first step in identifying a putative human homologue of hippocampal theta requires
determining not only whether a slow rhythm is present, but also whether it exhibits the
behavioural-state dependence characteristic of theta in animal models, namely increased
expression during mnemonic engagement and reduced expression during resting states.

The relational memory task introduced in the previous chapter is suitable for addressing
this question (Chapter 3). Because it engages associative learning and retrieval, it allows us
to examine how hippocampal oscillatory components vary across periods of rest, viewing,
learning, and recall. Importantly, the task includes both eyes-closed resting sessions and
viewing periods in which participants process visual stimuli without explicit mnemonic
demands, providing two control conditions for dissociating memory-related oscillations
from spontaneous resting dynamics or passive sensory processing. Hence, this design is
appropriate to test whether any dominant slow oscillation in the human hippocampus
is selectively linked to mnemonic engagement, rather than reflecting visual stimulation
alone.

In this chapter, I therefore use direct hippocampal recordings from human participants
performing the relational memory task to test the existence of a dominant slow oscilla-
tory regime expressed during wakefulness. I first identify the principal slow-frequency
components in hippocampal LFPs using an unsupervised decomposition approach. I
then ask whether any of these rhythms is enhanced during mnemonic engagement and
associated with behavioural performance. Finally, because recordings obtained in patients
with drug-refractory epilepsy require particular caution, I evaluate whether the detected
rhythms are compatible with physiological signals rather than pathological or artifactual
phenomena secondary to our recording method.

Together, these analyses aim to determine whether the human hippocampus expresses
one or more dominant slow rhythms during memory-guided behaviour, and whether its
(or their) behavioural correlates resemble those expected from theta-like oscillations.

4.11 Prominent 2-Hz bursts structure hippocampal
LFPs

4.I1.1 Recording hippocampal LFPs with sEEG in humans

To characterize hippocampal network activity in humans, we recorded LFPs directly
from the hippocampus using sEEG. Thirty-five participants undergoing clinical monitoring
for pharmacoresistant epilepsy in two centers (Toulouse and Paris) were included in
this study. Electrode implantation followed clinical requirements only. Because the
MTL is commonly involved in seizure networks (Barba et al. 2021), electrodes were
often implanted in the hippocampus (Fig. 4.1A). In this manuscript, we focussed on
participants with at least one electrode implanted in the hippocampus. Participants were
implanted with standard and hybrid micro-macro depth electrodes (DIXI Medical® in
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Toulouse or Ad-Tech® Behnke-Fried in Paris). Hybrid electrodes incorporated both
macrocontacts and microelectrodes (tetrodes for DIXI Medical® electrodes or microwires
for Ad-Tech® electrodes). For consistency across the two centers, macrocontacts were
used to obtain LFPs and common average referencing was applied. Tetrodes were used
to identify single-neuron activity next to the macrocontact (Fig. 4.1B) and are used
from chapter 5.I1.1 onward. Anatomical localization of each macrocontact was obtained
by co-registering postoperative CT with preoperative MRI and mapping contacts to
individual hippocampal volumes (Fig. 4.1C,D). For additional methodological details, see
Chapter 2.1.1.
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Figure 4.1: Direct electrophysiological recordings from the human hippocampus.
(A) T1-weighted MRI showing contact locations from two representative depth electrodes
targeting the hippocampus. (B) Each hybrid electrode incorporated tetrodes extending
from the macrocontact shaft. (C and D) MNI template brain and 3D projection showing
hippocampal electrode contact locations across participants (axes: Post-Ant; Med-Lat;
Sup-Inf).

We further verified the location of hippocampal contacts along the antero-posterior and
medio-lateral axes of each participant’s hippocampus using their native three-dimensional
segmentation (Fig. 4.2A,B). Coverage was denser in the head of the hippocampus than in
the body, and virtually no contacts were located in the hippocampal tail (Fig. 4.2C,D).

4.11.2 Hippocampal LFPs are paced by a 2-Hz oscillation

Analysing brain oscillations often involves assuming that a given biological signal lies
within a strict frequency range. This approach is efficient when this biological phenomenon
is well established such as theta oscillations in mice, but it constrains the analysis to prior
knowledge. An alternative is to use unsupervised signal decomposition methods such as
empirical mode decomposition (EMD). EMD decomposes LFPs into their constituent
oscillatory components (referred to as intrinsic mode function (IMF)) without assuming
fixed frequency bands (Huang et al. 1998). However, several factors can influence the
spectral structure of LFPs across macrocontacts and subjects. As a result, the extracted
IMFs may overlap in frequency (mode mixing, (Huang et al. 1999)) or may not be detected
in a consistent manner across macrocontacts or participants (low consistency, (Clarke-
Williams et al. 2024)) . These issues make it challenging to ensure that IMFs are reliably
identified across subjects. To address these limitations, we used a recently introduced
version of masked EMD, referred to as tailored-masked EMD (tmEMD) (Clarke-Williams
2022; Clarke-Williams et al. 2024). This approach introduces controlled masking signals
during decomposition to reduce mode mixing and to improve the separation of oscillatory
components. In addition, mask parameters are optimized across subjects, which increases
the consistency of the detected components at the group level. tmEMD therefore provides
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Figure 4.2: Anatomical localization and distribution of hippocampal electrode
contacts. (A) Tl-weighted MRI showing posterior (top) and anterior (bottom) hip-
pocampal electrode contacts. Insets display higher magnifications of the right and left
hemispheres. (B) 3D hippocampal volumes segmented from the same subject’s MRI with
contact locations (blue dots) overlaid. Solid and dotted brown lines mark the detected
antero-posterior and medio-lateral axes, respectively. (C and D) Distribution of hip-
pocampal contacts along the antero-posterior (C) and medio-lateral (D) axes across all
participants. Of 170 contacts, 105 were located in the right hemisphere.
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a more stable and interpretable decomposition of hippocampal LFPs than standard EMD,
particularly in datasets with substantial inter-individual variability. Full methodological
details are provided in Chapter 2.1.1.

In participants who were awake and watching screen displays, we detected one oscillation
in the human hippocampus with a peak frequency around 6 Hz (peak [80% power band
(PB)]: 6.15 [3.75-8.50] Hz). In addition, we identified two slower rhythms centred near 2
Hz [peak (80% PB): 2.38 (1.25-3.50) Hz] and 1 Hz [peak (80% PB): 1.08 (0.65-1.50) Hz]
(Fig. 4.3).
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Figure 4.3: Tailored Masked Empirical Mode Decomposition in the human
hippocampus. (A) Left: Example hippocampal wide-band LFP traces with IMFs.
Right: Power spectral density (PSD) of the wide-band signal (dashed line) obtained from
macrocontact recording and the corresponding 1-, 2-; and 6-Hz IMFs. Note that the
2-Hz component showed a prominent peak whose amplitude was well above what could
be expected from the power law. (B) Heatmaps showing power distributions of 1-, 2-,
and 6-Hz IMFs across all hippocampal contacts, illustrating that IMFs were consistently
detected across participants. (C) Average power spectral densities across hippocampal
contacts, normalized to the maximal 2-Hz power, showing that IMFs exhibited low mode
mixing (thick lines indicate 80% power bands).

Alhough we detected 6-Hz oscillations in the human hippocampus, the most prominent
oscillation visible in the raw LEPs traces were at 2 Hz (Fig. 4.3A). These 2-Hz oscillations
were visible on both macrocontacts and tetrodes (Fig. 4.4).

We confirmed this observation by applying spectral parameterization (Donoghue et al.
2020); Chapter 2.I1.3, which separates the periodic components of the PSDs from the
broadband, aperiodic structure of the spectrum. This procedure allowed us to quantify
narrow-band oscillatory peaks independently of differences in overall spectral slope across
contacts or participants. After removing the aperiodic component, the periodic residuals
showed components in the 2-Hz and the 6-Hz frequency bands in the hippocampus, but the
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Figure 4.4: Example hippocampal LFPs showing a 2-Hz burst. Example 15-s
hippocampal tetrode recording showing a prominent 2-Hz burst. From top to bottom:
wide-band LFPs trace obtained from tetrode recording, IMFs, and the corresponding
wavelet spectrogram. Note that the cycles were markedly non-linear (asymmetric), with
the ascending phase being faster than the descending phase. This asymmetry was reported
in a previous study (Penner et al. 2022), and reveals the need to use signal processing
methods that are sensitive to non-linear signals, like the . This applies in particular to
the analysis of 2-Hz to gamma phase-amplitude coupling (PAC), because linear filters are
prone to non-specific interactions (Juan et al. 2021). This will be extensively discussed in
Chapter 5.

predominant peak was clearly the 2-Hz component (Fig. 4.5A). Specifically, the corrected
spectra yielded higher power at 2 Hz than at 1 Hz or 6 Hz (Fig. 4.5B), and the computed
2-Hz/6-Hz peak power ratio was consistently positive across hippocampal contacts (mean
ratio [95% CIJ: 0.21 [0.15-0.27]; Fig. 4.5C). These results suggest that hippocampal activity
is dominated by a 2-Hz rhythm.
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Figure 4.5: 2-Hz oscillations dominate in the human hippocampus. (A) PSDs
corrected for the power law and averaged across hippocampal macrocontacts free of IEDs.
The dominant peak lies in the 2-Hz frequency band, while some activity is also visible in
the 6-Hz band, consistent with our detection of this oscillatory component using EMD
in Fig. 4.3. Shaded areas indicate mean + SEM. (B) Estimation plots showing median
differences between corrected 1-, 2-; and 6-Hz peak power (left), and between 2-Hz and
6-Hz peak power (right). (C) Distribution showing positive 2-Hz/6-Hz peak power ratios
in hippocampal contacts. Data were analysed by two-sided paired permutation tests;
AP < 0.001.
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4.11.3 Hippocampal 2-Hz oscillations are transient
Hippocampal 2-Hz activity appeared as transient oscillatory bursts and was observable

across subjects and along the hippocampal formation (Fig. 4.6).
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Figure 4.6: Examples of hippocampal 2-Hz bursts. (A) 3D hippocampal volumes
showing electrode contact locations used in panels B and C. (B) Example 15-s hippocampal
macrocontact recordings showing 2-Hz oscillations with corresponding spectrograms and
(IMFs) from five participants (one row per participant). (C) PSDs averaged over the
10-min active sessions corresponding to the recordings shown in panel B. All contacts
were free of IEDs (from top to bottom: 0, 0.34, 0.79, 0.33, and 0.24 discharges detected
per minute).

To quantify these events, we used wavelet spectrograms to detect bursts defined as
periods of increased power within the 1-4 Hz range, retaining only events lasting at least two
oscillatory cycles (Fig. 4.7A). For each burst, we then measured onset, offset, and duration,
expressed both in seconds and in number of cycles (Fig. 4.7B). Full methodological details
are provided in Chapter 2.I1.2. Across subjects, the maximal burst duration showed
substantial variability (Fig. 4.7C), consistent with the transient expression of these 2-Hz
events (mean maximal number [95% confidence interval (CI)]: 19.6 [15.8-23.4] cycles per
burst).

Before interpreting this 2-Hz activity as a candidate hippocampal oscillation, it was
important to verify that it reflected a genuine local signal rather than an artefact of
recording, referencing, or epileptiform activity. This is particularly relevant in sEEG

102



A sub111 Burst 1: Burst 2
8.3 cycles, 4.7 s 14.1cycles, 7.2's

sub111

=)

,_
[
T
w

Burstcounts # U0

=
<
4n
Rec. days counts #
w

o
o

10 20 30 40 50
ax. burst duration (cycles)

0 5 10 15 20
Burst duration (cycles)

=

30 sub111

JWQ

T T T T T T
320 325 330 335 340 345 0 4 6 8 10 5 10 15 20 25
Recording time (s) Burst duration (s) Max. burst duration (s)

o

IMF (2)  Frequency (Hz)
>

Burst counts #

Rec. days counts #
w

o

=)

o

Figure 4.7: Detection of hippocampal 2-Hz bursts. (A) Example 27-s hippocampal
LFP showing 2-Hz oscillatory bursts with corresponding spectrogram and 2-Hz IMF. (B)
Distributions of burst durations measured in cycles (top) and seconds (bottom) for the
hippocampal macrocontact shown in panel A. A total of 174 bursts lasting at least two
cycles were detected in this recall session. Arrowheads indicate the durations of the two
bursts visible in panel A. (C) Distributions of maximal burst duration in cycles (top) and
seconds (bottom) per recording day across participants.

obtained from patients with drug-resistant epilepsy, where pathological activity and
methodological choices can shape the spectral content of the LFPs. We therefore next
evaluated several complementary features of the signal to assess whether the observed
2-Hz oscillations were consistent with a physiological hippocampal oscillation.

4.11.4 Validation of 2-Hz oscillations

4.11.4.a Phase reversal of hippocampal 2-Hz oscillations

Hippocampal pyramidal cells are arranged in a well-defined laminar structure, which
creates a consistent somato-dendritic axis that allows oscillations to be detected in
LFPs (Buzsaki et al. 2012). When large groups of these neurons receive synchronized
post-synaptic currents, the resulting transmembrane currents sum in space and form a
macroscopic current dipole. This dipole generates extracellular voltage gradients that
can be measured by depth electrodes as LFPs. Because this dipole is aligned across the
pyramidal layer, LF'Ps recorded on linearly arranged contacts, i.e., spanning the somato-
dendritic axis, would show a phase reversal: a same oscillatory cycle will have opposed
phase on contacts located on opposite sides of the dipole. In the human hippocampus,
layers are organized along the para-sagittal axis thus the dipole lies predominantly along
the medio-lateral axis. The trajectories of the electrode shafts in our recordings positioned
adjacent macrocontacts along this medio-lateral axis (Fig. 4.2A, left anterior contacts and
Fig. 4.8A). By taking the average LFPs from three neighboring macrocontacts aligned to
the positive peaks of 2-Hz cycles detected on the deepest contact (“Hpc 1a” in Fig. 4.8A),
we observed a clear 2-Hz phase reversal (Fig. 4.8B). We next quantified this reversal
by extracting the 2-Hz instantaneous phase from IMFs on each macrocontact using the
Hilbert transform, and applying circular statistics to determine the mean phase difference
between all contact pairs (Fig. 4.8C). This reversal is consistent with a locally generated
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oscillation rather than a volume-conducted signal from a distal source (see Chapter 5.11.1
for further evidence).
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Figure 4.8: Phase reversal of hippocampal 2-Hz oscillations. (A) 3D hippocampal
volumes showing three linearly arranged recording contacts from the same electrode shaft
(“Hpc 1a, 1b, and 1¢”). (B) Average LFP traces aligned to hippocampal 2-Hz oscillatory
peaks, showing polarity reversal across adjacent contacts. Shaded areas indicate mean
+ SEM. (C) Heatmap of average phase differences between the three contacts.

4.11.4.b  Slow-oscillation amplitude and IEDs rate

Given that these recordings were obtained from participants with drug-resistant epilepsy
we next verified that hippocampal 2-Hz was not a by-product of the underlying pathology.
[EDs are a common feature of epilepsy (Dinkelacker et al. 2016) and can be reliably detected
(Janca et al. 2015), Fig. 4.9 from sEEG (for further details on IEDs see Chapter 2.1.1).
IEDs rate provides an objective measure of how strongly a given tissue is affected by
epileptiform activity.

In these recordings, hippocampal macrocontacts with lower IEDs rates showed more
prominent slow oscillations (Fig. 4.10). Consistently, 2-Hz power was negatively correlated
with IEDs rate (Spearman r = —0.25P < 0.001), whereas 6-Hz power showed no significant
relationship (Spearman r = 0.06, P = 0.336). These results suggest that hippocampal
2-Hz rhythm is physiological and is not driven by epileptiform processes.

4.11.4.c Local reference impairs the detection of slow oscillations

Referencing has been shown to have an influence on the spectral content of the LFPs,
and in particular local referencing methods such as bipolar or local reference can impair
the detection of slow oscillations (Bdodizs et al. 2001; Parish et al. 2023). To investigate
whether this was the case in our recordings, we compared two re-referencing montages
commonly used with macrocontacts (common-average reference (CAR) versus bipolar
reference), and with microelectrodes (monopolar versus local reference). Bipolar and local
reference involve subtracting signal from adjacent macrocontacts or tetrodes, respectively.
Raw signals and in particular slow oscillatory bursts were dramatically affected by bipolar
and local reference (Fig. 4.11A): they became either invisible or they showed inconsistent
phase distortions (Appendix A). Across all hippocampal macrocontacts, bipolar/local
reference impaired detectability of these slower oscillations (Fig. 4.11B-D). For this reason,
all analyses in this manuscript use the CAR, which better preserves slow oscillatory
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Figure 4.9: Detection of interictal epileptiform discharges. (A) 3D hippocampal
volumes showing the three recording sites used in panel B. (B) Example simultaneous
3-s recording from three hippocampal contacts, with IEDs detected on “Hpc 17 (yellow
arrowheads). (C) Example 10-s LFP trace and spectrogram from “Hpc 17 (left) and
corresponding averages triggered by IEDs (right). (D) LFP and spectrogram averages
triggered by IEDs across all hippocampal contacts before (left) and after z-scoring (right),
showing a broadband power increase above 6 Hz.
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Figure 4.10: Hippocampal slow oscillations are more prominent outside irritative
zones. Estimation plots showing median differences in 1-, 2-, and 6-Hz power between
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threshold (0.5, 1, 2, and 5 min!). Data were analysed using two-sided paired permutation
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components. Further analyses related to the impact of local referencing on the detection
of slow oscillations are presented in Appendix A.
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Figure 4.11: Local reference impairs detection of slow oscillations. (A) Example
10-s recording from a hybrid hippocampal electrode showing macrocontact LFPs traces
re-referenced using a common average (CAR, purple) or a bipolar (pink) montage, and
tetrode LFPs traces before (black) and after (gray) local reference, with corresponding
spectrograms. (B) Schematic illustrating local reference: monopolar signals were initially
acquired from a distal white-matter contact used as reference and then re-referenced either
to the median computed across all macrocontacts (common average reference, CAR) or by
subtracting adjacent macrocontacts (e.g., Mac 1 — Mac 2) or tetrodes (e.g., Tet 1 — Tet 2)
from the same hybrid electrode. (C and D) Estimation plots showing mean differences in
hippocampal 1-, 2-, and 6-Hz power after applying bipolar reference to macrocontacts
(relative to CAR, panel C) and local reference to tetrodes (relative to monopolar, panel D).
Data were analysed using two-sided paired permutation tests; ***P < 0.001, *P < 0.05;
n.s., not significant.

Having established that the observed 2-Hz activity is consistent with a genuine hip-
pocampal oscillation, the next question is when this rhythm is expressed during the task.
Is it simply present during wakefulness in general, or is it specifically enhanced when
participants are engaged in mnemonic processing? Does its expression follow changes
in arousal, visual stimulation, or active memory demands? In the next section, we ad-
dress these questions by examining how hippocampal 2-Hz activity varies across viewing,
learning, recall, and rest.
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4.1I1 Hippocampal 2-Hz is selectively evoked in the
memory task

Hippocampal theta oscillations in rodents increase during exploratory behaviour and
during memory encoding and recall (Chapter 1.I11.2.b). In rabbits, bats, and cats, they are
also tightly linked with sensory acquisition and are therefore considered a key mechanism of
active sensing (Chapter 1.I11.2). If hippocampal 2-Hz oscillations constitute a comparable
functional state in humans, they should similarly be enhanced during states of higher
arousal, like mnemonic engagement, and evoked by memory-relevant visual cues. We
therefore next examined how hippocampal 2-Hz bursts varied across the different stages
of the relational memory task, and whether their expression tracked memory processing
and behavioural performance.

4.111.1 Hippocampal 2-Hz power increase with mnemonic en-

gagement

To address this question we compared the changes in oscillatory power while participants
were engaged in the relational memory task presented in Chapter 3. Focussing on
hippocampal macrocontacts free of IEDs, we observed that mnemonic engagement - here
defined as task periods involving active acquisition or retrieval of associations rather than
passive viewing - was associated with enhanced expression of the slow oscillatory component
in the hippocampus. Indeed, 2-Hz oscillations exhibited significantly greater power during
both learning and recall than during resting or viewing sessions (Fig. 4.13; learning, P <
0.001; recalling, P = 0.006; paired permutation tests compared to pre-learning rest).
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Figure 4.12: Hippocampal 2-Hz power increases with mnemonic engagement.
(A) PSDs from an example hippocampal electrode contact across task stages. (B) Group-
level estimation plot showing mean hippocampal 2-Hz power across task stages relative
to pre-learning rest (left) or viewing (right). Data were analysed by two-sided paired
permutation tests; ***P < 0.001, **P < 0.01; n.s., not significant.

No comparable modulation was seen for the 1-Hz or 6-Hz bands (Fig. 4.13A). Linear
mixed-effects models (LMEMSs) which included subjects as a random effect confirmed
that this enhancement was specific to 2-Hz and did not extend to adjacent frequencies
(Fig. 4.13B; learning, P < 0.001; recalling, P = 0.040; Wald tests). The recording day
finished with a post-recall viewing session, which we used to confirm that the changes in
oscillation power during the memory recall session were not merely reflecting passage of
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time. Indeed, 2-Hz power in this post-recall viewing session was not different than in the
pre-learning viewing session (P = 0.095, paired permutation tests; P = 0.464, Wald tests).
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Figure 4.13: Hippocampal oscillatory dynamics during the memory task —
controls. (A) Group-level estimation plot showing mean hippocampal 1-Hz (left) and 6-
Hz (right) power differences relative to pre-learning rest. Data were analysed by two-sided
paired permutation tests; ***P < 0.001, *P < 0.05; n.s., not significant. (B) Heatmap of
B coeflicients from a LMEM predicting hippocampal 1-, 2-, or 6-Hz power as a function
of task stage (pre-learning rest as the reference level), with subject treated as a random
effect. Data were analysed by two-sided paired permutation tests in A; in B, black squares
indicate significant coefficients (Wald test, P < 0.05). ***P < 0.001, *P < 0.05; n.s., not

significant.

4.111.2 Hippocampal 2-Hz bursts are evoked by mnemonic cues

While hippocampal 2-Hz activity varies with overall mnemonic engagement of the
participants, it remains unclear when these oscillatory bursts occur during the task. Be-
cause visual stimuli evoke strong ERPs in the hippocampus, which manifest as broadband,
non-oscillatory deflections in the LFPs, it is essential to separate these evoked responses
from genuine oscillatory activity. Thus, to tease apart 2-Hz bursts from these evoked
responses, we next analyse LFPs dynamics at different times relative to stimulus onset.

4.111.2.a ERPs are modulated by mnemonic engagement

Hippocampal ERPs have been extensively studied in the early days of sEEG investiga-
tions (Halgren et al. 1980; Grunwald et al. 1998; Fernandez et al. 1999; Trautner et al.
2004; Axmacher et al. 2010). This body of work has shown that the late ERPs deflection
occurring at 600 ms post stimulus onset (hP600) was more pronounced for familiar as
opposed to novel stimuli (Trautner et al. 2004; Barbeau et al. 2017), and it was modulated
by memory (Fernandez et al. 1999). Hence, we first aimed at replicating these results in
our behavioural task. For this, we measured average LFPs after the onset of photographs
in the viewing, learning and recalling phases of the memory task (Fig. 4.14).

Consistently with earlier reports, the magnitude of the ERP deflection (hP600) was
greater after the onset of learning and recalling photographs than after viewing photographs
(Fig. 4.15A). This effect could simply be due to the habituation of the visual system to
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Figure 4.14: Hippocampal ERP across task sessions. Group-level average hip-
pocampal LFPs aligned to the onset of viewing (left), learning (middle), or recall (right)
photographic cues, with corresponding contact-level averages shown as a heatmap below.
Contacts are sorted by the mean negative deflection in the recall condition for clarity.
“Photograph 1”7 and “Photograph 2” denote the first and second paired associates presented
during learning, respectively. Shaded areas indicate mean £+ SEM.

the stimuli. In order to test this hypothesis, we also compared ERP deflections evoked
by paired associates with the best recall performance with those worst remembered, and
presented during the recall session. Interestingly, the hippocampal ERP deflections were
more pronounced for best than worst remembered stimuli (Fig. 4.15B), confirming that
hippocampal LFP responses to visual stimuli are modulated by the mnemonic content of
the photographs presented.
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Figure 4.15: Hippocampal ERP deflections are modulated by mnemonic en-
gagement. (A) Group-level average hippocampal LFPs showing contrasts between
viewing and learning or recall sessions. ERP have a greater deflection after the onset
of learning and recalling photographs than after viewing photographs. (B) Group-level
average hippocampal LFPs showing contrasts between best and worst recalled associations
during memory recall. Shaded areas indicate mean + SEM. Data were analysed with
cluster-based permutation tests; ***P < 0.001, **P < 0.01, *P < 0.05; n.s., not significant.
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4.111.2.b Hippocampal 2-Hz is an evoked oscillation and follows the ERPs

Should 2-Hz oscillations be important for mnemonic processing, they should occur after
the onset of memory-relevant cues. Having characterized the early hippocampal response,
we next asked whether 2-Hz oscillations appear once the hP600 ERP has resolved, i.e.,
during the inter-stimulus interval (Fig. 4.16).

Photograph

ERP Evoked oscillatory burst

Evoked

1 2 3
Time from photograph onset (s)

Figure 4.16: Example hippocampal ERP and evoked 2-Hz burst. Peri-stimulus
average of hippocampal LFPs recorded from an example macrocontact with corresponding
spectrogram, showing an ERPs followed by a transient 2-Hz oscillation burst occurring
during the inter-stimulus interval period.

To assess whether 2-Hz was evoked by photograph onset, we measured wavelet spectro-
grams after each stimulus in the three active phases of the memory task, and compared the
mean amplitude after stimulus onset to the baseline, pre-stimulus period. Hippocampal
2-Hz amplitude was higher after the onset of learning and recalling photographs, but
not viewing photographs (Fig. 4.17A). Moreover, the 2-Hz evoked (baseline-corrected)
amplitude was higher in learning and recalling than in viewing (Fig. 4.17B), a difference
not observed for the 1- and 6-Hz oscillations (Fig. 4.17D). Finally, during the presentation
of learning photographs, the evoked 2-Hz amplitude for paired associates that were subse-
quently best remembered was greater than that for those subsequently worst remembered
(Fig. 4.17C), a phenomenon known as the subsequent-memory effect (Wagner et al. 1998;
Brewer et al. 1998).

Taken together, these results show that mnemonic cues trigger an early evoked response
that evolves into a slower, sustained 2-Hz oscillation in the human hippocampus. To
better link these two processes, we next measured the correlation between the magnitude
of the ERP deflection and the amplitude of the evoked oscillations at 1, 2 and 6 Hz in the
recall session. Interestingly, hippocampal macrocontacts with the most pronounced ERP
deflections also had the highest evoked 2-Hz amplitude, but not the highest 1- or 6-Hz
amplitude (Fig. 4.18).
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4.111.2.c Hippocampal 2-Hz bursts track mnemonic engagement

Having characterized how 2 Hz amplitude relates to visual stimulus presentation, we
next asked whether burst rate and duration of 2-Hz oscillations also track mnemonic
engagement across the different task sessions. We observed that hippocampal 2-Hz bursts
were more frequent and longer during learning and recall than during viewing sessions
(Fig. 4.19A-D). Moreover, burst rate and duration were negatively correlated with time as
learning progressed, but not in other task sessions (rate: learning, Pearson r = -0.48, P <
0.001; other task sessions, r > -0.20, P > 0.161; duration: learning, r = -0.33, P = 0.020;
other task sessions, r > -0.120, P > 0.399, Fig. 4.19B,D). In contrast, no increase in burst
rate or duration was observed for 6-Hz bursts in learning and recall sessions relative to
viewing (Fig. 4.19E,G). Moreover, we observed positive correlations between time and
6-Hz rate and duration in the viewing session (Fig. 4.19F H) suggesting a general effect
of task disengagement on 6-Hz dynamics (rate: viewing, Pearson r = 0.58, P < 0.001;
duration: viewing, r = 0.52, P < 0.001).

The previous analyses showed that hippocampal 2-Hz bursts tracked mnemonic en-
gagement across task sessions. We next asked whether these oscillatory events were also
associated with successful memory formation by relating burst dynamics to subsequent
recall performance. First, leveraging within-subject variability across paired associates,
we found that photographs that were best remembered during recall were associated with
higher 2-Hz burst occurrence during learning (Fig. 4.20A). Next, leveraging between-subject
variability, we compared hippocampal 2-Hz bursts between participants who correctly
remembered at least three quarters of the associations (“higher performers”) and the
remaining participants (“lower performers”). Critically, higher performers showed greater
2-Hz burst rate and longer burst duration than lower performers (Fig. 4.20B,C). Together,
these findings indicate that mnemonic engagement was associated with a slow oscillatory
response in the human hippocampus expressed as stimulus-locked 2-Hz bursts. This
transient activity was most prominent during acquisition of new associations, decreased
as learning progressed, and was associated with better subsequent recall performance.

4.111.3 Hippocampal 2-Hz oscillations are not evoked by motor
activity

One remaining question is whether hippocampal 2-Hz oscillations reflect mnemonic
processing specifically, or whether they can also be elicited by repetitive motor behaviour
alone. Indeed, in rodents, theta power increases with locomotion, reflecting the acquisition
of new sensory information during exploratory behaviour. Although locomotion is not
a confounding factor in our relational memory task, we examined whether movement
alone could elicit 2-Hz oscillations in humans. To do so, participants remained seated and
performed repetitive foot movements (“stepping”) for 10 minutes, following a 10-minute
eyes-closed rest period (Fig. 4.21A). Interestingly, stepping provides a relevant control
because the interval between consecutive foot movements is approximately 500 milliseconds
(Fig. 4.21B). Across the three participants who showed clear 2-Hz activity during learning,
stepping did not significantly elicit 2-Hz oscillations (Fig. 4.21C-H).
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Figure 4.19: Hippocampal 2-Hz bursts across task sessions. (A—-D) Hippocampal
2-Hz bursts were more frequent (A, B) and longer (C, D) during learning and recall than
during viewing sessions. A, C Estimation plots showing the median difference in 2-Hz
burst rate during learning and recall relative to viewing. B, D Time course showing
expression dynamics of hippocampal 2-Hz burst rate (B) and duration (D) in the relational
memory task, averaged across participants and contacts. Burst rate and duration were
negatively correlated with time as learning progressed (rate: learning, Pearson r = -0.48, P
< 0.001; other task sessions, r > -0.20, P > 0.161; duration: learning, r = -0.33, P = 0.020;
other task sessions, r > -0.120, P > 0.399). (E-H) Same as A-D for 6-Hz bursts, showing
no increase in burst rate or duration in learning and recall sessions relative to viewing
(E, G), and the positive correlations with time in the viewing session (F, H), suggesting
a general effect of task disengagement on 6-Hz dynamics. Burst rate and duration were
positively correlated with time in the viewing session (rate: viewing, Pearson r = 0.58, P
< 0.001; duration: viewing, r = 0.52, P < 0.001). Data were analysed using two-sided
paired permutation tests in A, C, E and G; ***P < 0.001, *P < 0.05; n.s., not significant.
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Figure 4.21: Stepping movement does not elicit 2-Hz oscillations in the human
hippocampus. (A-B) After a 10-minute rest session, participants performed repetitive
stepping movements with their feet while seated (A). Note the 500-millisecond period
between two movement onsets (B). (C—E) 3D hippocampal volumes showing electrode
contact locations (top) and corresponding PSDs (bottom) from three example participants.
(F—H) Estimation plots showing the median difference in 1-Hz (F), 2-Hz (G), and 6-Hz
(H) oscillatory power during stepping and learning relative to their associated baseline
rest sessions. Despite a modest trend, 2-Hz power was not significantly increased during
stepping.
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4.1V Discussion

Using direct recordings from the human hippocampus during a relational memory task,
I identified a prominent slow oscillation centered around 2 Hz that dominated hippocampal
LFPs during wakefulness. This rhythm was detected consistently across participants using
an unsupervised decomposition approach and appeared as transient oscillatory bursts
visible in the raw signal. Rather than forming a continuous oscillation, hippocampal 2-Hz
activity occurred in transient bursts, suggesting that slow oscillatory states in the human
hippocampus may be recruited on-demand during specific behavioural epochs.

Moreover, several observations support the view that this activity reflects a physi-
ological hippocampal rhythm rather than an artifact of epileptiform activity or signal
processing. In particular, 2-Hz oscillations sometimes exhibited a clear laminar phase
reversal across adjacent hippocampal contacts and were most prominent in contacts free
of IEDs. Additional results supporting this claim will be presented in the next chapter,
with modulation of single-neuron activity by the 2-Hz oscillation.

Importantly, hippocampal 2-Hz activity showed behavioural correlates expected from
a theta-like state in animal models. Its power and burst dynamics (rate and duration)
increased selectively during mnemonic engagement, were evoked by memory-relevant
cues, and were associated with subsequently higher memory performance. More precisely,
memory-relevant cues first elicited a hippocampal evoked response (Fernandez et al. 1999),
followed by a sustained 2-Hz oscillatory burst whose amplitude correlated with the ERP
deflection, suggesting a functional link between these two processes. In contrast, passive
viewing and repetitive motor activity did not produce comparable increases in 2-Hz
expression. It is important to note that even though the spectral decomposition methods
employed here were sensitive to neighbouring 1- and 6-Hz components, these frequency
bands did not show comparable relationships with mnemonic engagement or behavioural
performance. Together, these findings suggest that the dominant slow oscillation observed
in the human hippocampus at 2 Hz is linked specifically to memory-guided behaviour
rather than to visual stimulation or movement alone.

The stepping experiment should nevertheless be interpreted with caution, as it was
performed in a limited number of participants and involved a simplified form of move-
ment compared with natural locomotion. Previous human sEEG studies investigating
hippocampal oscillations during movement and navigation have reported heterogeneous
results (Halgren et al. 1978; Bohbot et al. 2017; Aghajan et al. 2017; Seeber et al. 2025).
Further work will therefore be required to determine how hippocampal 2-Hz oscillations
relate to locomotion and ambulatory exploratory behaviours in humans. Importantly, such
studies should also carefully consider referencing methods, as local bipolar referencing
may strongly attenuate slow oscillations and thereby bias the detection of slow-frequency
hippocampal rhythms.

Although crucial in defining the properties of a neural oscillation, behavioural correlates
alone are not sufficient to establish whether hippocampal 2-Hz constitutes a putative
functional homologue of theta oscillations, as described in other mammals. In rodents,
one of the defining properties of theta is its ability to organize neuronal firing and
gamma activity within hippocampal circuits (O Keefe and Recce 1993; Bragin et al. 1995a;
Csicsvari et al. 1999; Klausberger and Somogyi 2008). If the human 2-Hz rhythm plays a
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comparable role, it should similarly coordinate neuronal dynamics locally and in partner
structures. Hence, in the next chapter I investigate whether hippocampal 2-Hz oscillations
modulate neuronal firing and gamma activity locally (Chapter 5.11) and across the MTL
(Chapter 5.11I).
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5 Results: Hippocampal 2-Hz orga-
nizes neuronal activity in the MTL

“Gamma oscillations can be uniquely identified by the rhythm-generating circuit from which they
emerge and the current circuit from which they are recorded.”

“Les oscillations gamma peuvent étre identifiées de maniére unique par le circuit qui génére le
rythme dont elles émergent et par le circuit neuronal dans lequel elles sont enregistrées.”

— Antonio Fernandez-Ruiz et al.,
Over and above frequency: Gamma oscillations as units of neural circuit operations (2023)
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5.1 Introduction

In the previous chapter, I identified a dominant 2-Hz oscillation in the human hip-
pocampus. This rhythm was transient, appeared as bursts, and was selectively enhanced
during mnemonic engagement. It also showed a clear relation with memory performance,
suggesting that it is not a passive feature of the recorded signal but a meaningful com-
ponent of hippocampal activity during behaviour. The next question is whether this
rhythm does more than track memory demands. If it is a theta-like rhythm, it should
also organize local neural activity, as theta does in animal models.
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In rodents, theta is not only associated with active wake states, but it also coordinates
neuronal firing and local network dynamics. At the cellular level, spikes are phase-locked
to ongoing theta, and gamma activity is modulated by theta phase, indicating that this
rhythm structures both spike timing and cross-frequency coupling within the hippocampal
circuit (O’Keefe and Recce 1993; Bragin et al. 1995a; Csicsvari et al. 1999; Klausberger
and Somogyi 2008). More broadly, theta provides a temporal structure for coordinating
neuronal activity in the hippocampus and connected brain regions, by creating recurring
periods of increased excitability and synchrony (Fries 2005; Buzsaki 2010). This makes
theta a plausible mechanism for organizing the neuronal dynamics that support memory
processing.

This chapter asks whether the human hippocampal 2-Hz rhythm passes these additional
criteria. I first test whether hippocampal neurons are preferentially locked to the phase of
2-Hz oscillations, and whether this coupling is stronger than for other slow rhythms. I
then examine whether gamma activity is also modulated by 2-Hz phase, both within the
hippocampus and across the MTL. Finally, I ask whether this coordination is especially
prominent during mnemonic engagement, when the 2-Hz rhythm was most visible in the
previous chapter.

Taken together, these analyses are meant to determine whether the human hippocampal
2-Hz rhythm is not only behaviourally relevant, but also capable of organizing local and
distributed neural activity in a way that is consistent with a theta-like function.

5.11 Hippocampal neuronal activity is preferentially
modulated at 2 Hz

Oscillations at 2 Hz can be observed in the hippocampal LFPs. These oscillations
are transient, and selectively evoked by mnemonic cues. However, a 2-Hz oscillation is a
particularly slow rhythm in comparison to the timescale of the cellular (ensemble spiking
activity) and local network (gamma oscillations) processes at play in the hippocampus.
To solve this apparent paradox, we next investigated whether 2-Hz oscillations modulate
ensemble spiking and gamma activity locally within the hippocampus.

5.11.1 Hippocampal neurons are paced at 2-Hz

5.11.1.a Basic firing properties of hippocampal neurons reveal 2-Hz rhyth-
micity

Using tetrode LFP recordings, we isolated single-neuron activity from the human
hippocampus while participants were engaged in the relational memory task as well as
watching a sitcom series (see Chapter 2.1.1 for details on the datasets and Chapter 2.1.2
for isolation of single-units). In the hippocampus, 211 neurons were identified from 18
participants who had tetrodes in this structure. Because tetrodes protruded between the
two deepest macrocontacts, neurons were mostly sampled from the medial parts of the
hippocampus (Fig. 5.1A). The majority of neurons detected had a low firing rate, below 5
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Hz (Fig. 5.1B) and broad spiking waveforms (Fig. 5.1C-E), consistent with the proportion
of pyramidal neurons observed in the rodent hippocampus (Csicsvari et al. 1998; Csicsvari
et al. 1999). Thus, broad-spiking units were considered as putative pyramidal neurons
(pPYR), while those with narrow spikes were considered as putative interneurons (pINT).
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Figure 5.1: Basic properties of hippocampal neurons. (A) 3D hippocampal volumes
showing tetrode locations (black crosshairs). (B) Mean firing rates of hippocampal neurons
follow a log distribution, with most (73%) firing below 5 Hz. (C—D) Using peak amplitude
asymmetry (b -a /b + a) and trough-to-peak latency (c¢) measured on the spike waveforms
of individual neurons (C), pPYR (broad spikes) and pINT (narrow spikes) were separated
(D). (E) Proportion of pPYR and pINT neurons showing that the majority (83%) of
hippocampal neurons were classified as pPYR.

Next, we examined the rhythmic structure in spike trains by computing single-neuron
autocorrelograms and inter-spike intervals (ISIs) at slow timescales. Several hippocampal
neurons recorded from different subjects displayed clear rhythmicity at 2 Hz (Fig. 5.2A-C),
indicating that the hippocampal 2-Hz rhythm can also be detected directly at the level of
single-neuron activity. These neurons showed typical properties of pyramidal cells: broad
spikes and low firing rates (<5 Hz). One neuron exhibited 6-Hz rhythmicity (Fig. 5.2D),
confirming that our experimental setup was capable of detecting higher-frequency rhythmic
firing, although such cases were less common.

5.I1I1.1.b Hippocampal neurons prefer 2-Hz oscillations

If hippocampal neurons are entrained by the 2-Hz oscillation, their spike trains should
lock more strongly to the 2-Hz phase than to the phase of other slow-frequency oscillations.
We assessed this coupling by measuring PPC at 1-, 2- and 6-Hz using the IMFs detected
from the macrocontact adjacent to the tetrodes. The observed pairwise-phase consistency
(PPC) values were then compared with a null distribution obtained by randomly permuting
the phase of each IMF in the Fourier domain (see Chapter 2.1.3.b for methodological
details). This measure allowed us to compare coupling across frequencies while controlling
for potential power-law confounds. Single-neuron locking was higher for 2-Hz than 1- or
6-Hz oscillations in the hippocampus (Fig. 5.3A-D). Phase-coupling to 2-Hz oscillations
was comparable between putative pyramidal neurons (pPYR) and interneurons (pINT)

120



A Waveforms Short ACG Long ACG PSD ISIs
il 07 = 200
©10+ | £ S
/\/- g ' e G100
251 E
= : <)
ic § o 0
= T T rrrror . S QL
-1.0 1 -2 - 0 1 2 1.2 610 RN NS
B - . 800
i :
T s
—_— ; 154 e P 600+
——— g s 3 400
o 9 (&)
/\[— g g 5604
i o
ENE 2 1 0 1 2 T2 610 "TE S
- - = 1 S O L O
C = . 100
O 3
-\ - . 3.0 P @ 75
\_— -§ o5 S g 504
: - o
o [
£ 2 : °
ic 20 c
10 1 07 0 25 2 10 1 2 T2 610 A T
- - - - SEESIESEES)
D S s
s 15 3 ,, 3004
o 2 <
=N ¢
5] o
2 20 10 g 100
= o
ic o ol
-1.0 1 -25 0 25 -1 05 0 0.5 1 12 610 SR §<§ §
Time (ms) Time (ms) Time from spike (s) Frequency (Hz) ISI (ms) <

Figure 5.2: 2-Hz rhythmicity of hippocampal neurons. (A-D) Example hippocampal
neurons exhibiting 2-Hz (A-C) and 6-Hz (D) rhythmicity. From left to right: mean spike
waveform across tetrode channels; short- (millisecond) and long- (second) timescale spike
autocorrelograms (ACGs); PSDs; and ISI distributions. Long ACGs were cropped at t=0
for clarity. Note that both hippocampal neurons with broad and narrow spike waveforms
could exhibit 2-Hz rhythmicity.
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(Fig. 5.3E-G). Hence, this result confirms that the 2-Hz rhythm organizes single-neuron
and population activity locally in the hippocampus.
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Figure 5.3: Hippocampal single-neurons preferentially lock to the phase of
2-Hz oscillations. (A) Firing-phase histograms of an example neuron relative to 1-,
2-, and 6-Hz oscillations. (B) Spike-phase consistency (z-score) differences between 1-Hz
and 2- or 6-Hz oscillations (left) and between 2- and 6-Hz oscillations (right) across
hippocampal neurons. (C) Percentage of hippocampal neurons significantly coupled to
1-, 2-, or 6-Hz oscillations, defined by PPC z-scores above 2 (left) or 5 (right). (D)
Proportion of hippocampal neurons preferring 1-, 2-; or 6-Hz oscillations. (E, F) Both
putative hippocampal pyramidal neurons (pPYR) and interneurons (pINT) were coupled
to hippocampal 2-Hz phase. (E) Firing-phase histograms from two example subjects
showing pPYR and pINT cells with comparable 2-Hz modulation depth, and either
similar (left) or different (right) preferred phases. (F) Median differences in spike-phase
consistency at 2 Hz between pPYR and pINT cells. Data were analysed using two-sided
paired permutation tests; ***P < 0.001, **P < 0.01, *P < 0.05; n.s., not significant.

5.I1.2 Hippocampal gamma oscillations are preferentially modu-
lated at 2 Hz

5.11.2.a Hippocampal gamma activity is preferentially coupled to 2-Hz phase

In rodents, fast gamma oscillations reflect the activity of local networks, namely the
interaction between pyramidal neurons and interneurons (Fernandez-Ruiz et al. 2023).
First, we confirmed that neuronal spiking correlated with local gamma-band (60-160 Hz)
activity in humans as well (see Chapter 2.1.3.b and (Manning et al. 2009; Miller 2010;
Watson et al. 2018)). In addition, rodent gamma oscillations couple with theta, and
this theta-gamma phase-amplitude coupling (PAC) is crucial for memory acquisition and
recall (Lisman and Jensen 2013; Colgin 2016). Consequently, we then tested whether
gamma-band activity was coupled to hippocampal 2-Hz phase. By measuring the average
of gamma activity and population firing rate triggered by individual oscillatory cycles

of 1-, 2- and 6-Hz oscillations, we showed clear entrainment of gamma activity at 2-Hz
(Fig. 5.4).
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Figure 5.4: Illustration of gamma and neuronal splklng co-modulation at 2-Hz.
Average hippocampal LFPs, instantaneous population firing rate, gamma amplitude,
and corresponding spectrogram aligned to 1-Hz (left), 2-Hz (middle), and 6-Hz (right)
oscillatory cycles in an example participant. This illustrates the modulation of local
networks at 2-Hz.

Next, we quantified this relationship by measuring the coupling between local hip-
pocampal gamma amplitude and the phase of 1-, 2- and 6-Hz oscillations, using EMD and
the Kullback-Leibler divergence (see Chapter 2.11.5 for further details on the methodology).
This measure of PAC was then compared to IMFs with randomly permuted phases, as we
did in Chapter 5.II.1.b with neuronal spiking activity. Critically, because 2-Hz bursts are
profoundly non-linear (see Fig. 4.4 and (Penner et al. 2022)), it is essential to use methods
that are adapted to this type of signal, like the EMD. Indeed, using conventional linear
filters would otherwise result in spurious PAC (Juan et al. 2021). In our data, gamma
amplitude was significantly more strongly coupled to the 2-Hz phase than to the 1- or
6-Hz phases (Fig. 5.5), which shows that 2-Hz oscillations also entrain gamma activity
locally in the hippocampus.

The antero-posterior axis of the human hippocampus is analogous to the dorso-ventral
axis of the rodent hippocampus (Strange et al. 2014) along which substantial histological,
anatomical, and functional diversity has been reported (Moser and Moser 1998; Fanselow
and Dong 2010). Important differences between anterior and posterior subdivisions have
also been described in humans (Gonzdlez-Arnay et al. 2024). Notably, the cellular layer
is more compact in the posterior hippocampus, which could produce a more organized
dipole and potentially stronger slow oscillations. We therefore measured gamma coupling
separately in the anterior and posterior hippocampus and found that gamma activity
was more strongly coupled to the 2-Hz than to 1- or 6-Hz oscillations in both regions
(Fig. 5.6A), despite weaker statistical power in the posterior hippocampus (Fig 4.2C).
LMEM analyses confirmed that gamma coupling to 2-Hz did not correlate with the
antero-posterior position of the macrocontacts along the hippocampus (Fig. 5.6B).
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Figure 5.5: Gamma activity coupling to hippocampal oscillations. (A) Median
differences in PAC (z-score) for hippocampal gamma envelopes between 1-Hz and 2- or
6-Hz oscillations (left) and between 2- and 6-Hz oscillations (right). (B) Estimation
plots showing median PAC (z-score) differences between 1-Hz and 2- or 6-Hz oscillations
(left), and between 2- and 6-Hz oscillations (right) when coupling values were averaged
per recording day. (C) Percentage of hippocampal macrocontacts with gamma activity
significantly coupled to 1-, 2-; or 6-Hz oscillations, defined by PAC z-scores above 2 (top)
or 5 (bottom). (D) Proportion of hippocampal macrocontacts showing gamma-coupling
preference for 1-, 2-; or 6-Hz oscillations. (E) Leave-one-day-out analysis of oscillatory
preference demonstrating that the 2-Hz preference is not driven by any single recording
day. Data were analysed using two-sided paired permutation tests; ***P < 0.001, *P <
0.05; n.s., not significant.
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Figure 5.6: Anatomical gradients of gamma coupling to hippocampal slow
oscillations. (A) Top: Distribution of hippocampal macrocontacts along the antero-
posterior axis, separating anterior (black) and posterior (gray) sites. Bottom: Median
PAC (z-score) differences between 1-Hz and 2- or 6-Hz oscillations across posterior (left)
and anterior (right) contacts, showing a consistent 2-Hz preference in both regions. Data
were analysed using two-sided paired permutation tests; ***P < 0.001, *P < 0.05; n.s.,
not significant. (B) Heatmap of 8 coefficients from linear regression predicting PAC
(z-score) to 1-, 2-, or 6-Hz oscillations as a function of antero-posterior or medio-lateral
macrocontact position. No coefficients reached significance.

5.11.2.b Holo-Hilbert amplitude modulation analysis confirms prevailing 2-Hz
hippocampal modulation of gamma activity

Because measures of PAC can be influenced by signal-processing choices, in particular
by band-pass filtering of fast-frequency activity (Juan et al. 2021), we next sought to
confirm these results using an independent and fully unsupervised approach. For this,
we applied Holo-Hilbert Spectral Analysis (HHSA), a method based on EMD and the
Hilbert transform that identifies rhythmic fluctuations in the instantaneous amplitude of
IMFs. Unlike conventional filtering-based approaches, HHSA does not require predefined
frequency bands and is robust to spurious PAC introduced by linear filters (Huang et al.
1998; Juan et al. 2021). This makes HHSA a useful unsupervised method for characterizing
cross-frequency interactions directly from the structure of the gamma amplitude itself. A
mathematical intuition for HHSA is provided in Chapter 2.11.5.

Using this approach, we confirmed that gamma amplitude was predominantly modu-
lated at 2 Hz (Fig. 5.7A,B), particularly at electrode contacts free from IEDs (Fig. 5.7C).
Additional analyses from mouse dorsal CA1 revealed a clear modulation of gamma am-
plitude at ~7 Hz, further validating the sensitivity of this method for detecting genuine
cross-frequency coupling (Fig. 5.7D,E). Thus, the preferential coupling between hippocam-
pal gamma activity and 2-Hz phase in humans was recovered using two independent
analytical frameworks: conventional phase-amplitude coupling analyses and the fully
unsupervised HHSA.

Taken together, these results show that the hippocampal 2-Hz rhythm is fast enough to
organize neuronal firing and gamma activity locally within the hippocampus. They also
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Figure 5.7: Holo-Hilbert spectral analysis reveals gamma amplitude modulation
by 2-Hz in the human hippocampus. (A) Holospectrum averaged across time,
IMFs, and hippocampal macrocontacts (z-scored), showing preferential modulation of
fast-frequency signals by 2-Hz oscillations in humans. (B) Estimation plot showing mean
differences in amplitude modulation between 1-Hz and 2- or 6-Hz oscillations across
hippocampal macrocontacts. (C) Estimation plot showing stronger 2-Hz versus 6-Hz
modulation in contacts free of IEDs compared with those containing IEDs. (Unpaired test.)
(D) Holospectrum averaged over dorsal CA1 hippocampal contacts in mice, revealing
preferential modulation of fast-frequency signals by ~7-Hz oscillations. (E) Quantification
of panel D using the same method as in panel B, showing dominant amplitude modulation
at ~7 Hz in mice (n = 12 sessions, 6 mice). Data were analysed using two-sided paired
permutation tests, except in (C), where an unpaired test was applied; ***P < 0.001; n.s.,
not significant.
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provide additional evidence that 2-Hz oscillations entrain local network activity and do not
merely reflect volume conduction. However, hippocampal theta in animal models is not
restricted to local circuits, but also synchronizes activity across distributed brain regions.
Therefore, we next asked whether hippocampal 2-Hz similarly coordinates neuronal and
oscillatory activity across the broader MTL network.

5.1I1 Hippocampal 2-Hz synchronizes neuronal activ-
ity across MTL regions

In rodents, theta oscillations synchronize neuronal activity in various distributed brain
regions including the entorhinal cortex (Mizuseki et al. 2009; Fernandez-Ruiz et al. 2021),
amygdala (Seidenbecher et al. 2003; Lesting et al. 2011; Bienvenu et al. 2012), prefrontal
cortex (Adhikari et al. 2010; Lesting et al. 2011), medial septum (Hangya et al. 2009;
Fuhrmann et al. 2015; Kirdly et al. 2023), and brainstem nuclei (Vertes and Kocsis 1997;
Lu et al. 2020). In humans, the MTL (hippocampus, entorhinal cortex, parahippocampal
cortex and amygdala) shares dense anatomical connections with the hippocampus (Lavenex
and Amaral 2000), making it a suitable candidate for functional connectivity at 2 Hz.
To illustrate this, we used openly available structural data (Skoch et al. 2022) obtained
from diffusion-weighted MRI (DW-MRI) in 88 human participants. Because the relational
memory task we employed was based on the presentation of visual stimuli, in this analysis
we focussed on the connectivity of the hippocampus with regions located along the ventral
visual stream: MTL, temporal and occipital lobes. The hippocampus showed preferential
connectivity with the entorhinal and parahippocampal cortices, followed by the amygdala,
the temporal pole and the fusiform gyrus (Fig. 5.8), confirming the relevance of MTL
structures for studying functional connectivity with the hippocampus at 2 Hz.

Because epilepsy networks involve distributed brain regions, participants recruited
in this study had electrodes targeting other MTL regions (entorhinal cortex, amygdala,
parahippocampal cortex) and areas outside the MTL (e.g., temporal cortices) (Fig. 5.9).
Hence, these recordings allowed us to assess whether 2-Hz oscillations organized neuronal
firing and gamma activity in other partner structures of the hippocampus located in the
temporal lobe.

5.I11.1 2-Hz oscillations are preferentially observed in the MTL

5.1I11.1.a 2-Hz power dominates in the MTL and particularly in the hippocam-
pus

The first question we addressed is whether 2-Hz oscillations can be observed in the
LEPs recorded from the MTL, and how they compared with hippocampal 6 Hz oscillations.
By computing the average of MTL LFPs triggered by the 2-Hz cycles detected in the
hippocampus in an example subject, we revealed clear 2-Hz oscillations synchronized across
MTL structures (Fig. 5.10). This effect was not as clear in a control temporal cortical
region (inferior temporal cortex). Interestingly, the peak of the 2-Hz burst was time-shifted
across the MTL, beginning in the entorhinal cortex, followed by the hippocampus, the
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Figure 5.8: Hippocampal structural connectivity with temporal and occipital
regions. (A) Average structural connectivity derived from DW-MRI data (Skoch et al.
2022) showing the mean connectivity value between MTL, temporal cortex and occipital
cortex regions. Mean connectivity is represented by the width of the edges of the graph,
and is thresholded at 0.02 for simplicity. (B and C) Violin plot showing the distribution
of connectivity values between the right (B) and left (C) hippocampi and all other regions
presented in A. For clarity, only ipsilateral connections are displayed. The red vertical line
indicates the threshold used in (A). (D) Connectivity between contralateral hippocampi
was modest.
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Figure 5.9: Electrode contact localization across temporal lobe regions. (A) MNI
template brain showing electrode contact locations across temporal lobe regions in all
participants. In this study, the MTL consisted of the hippocampus, the entorhinal cortex,
the parahippocampal cortex and the amygdala. (B) 3D projection of electrode contacts
on the MNI brain. Left and right hemispheres are expanded for clarity (axes: Post-Ant,
posterior-anterior; Med-Lat, medio-lateral; Sup-Inf, superior-inferior).

129



parahippocampal cortex, the amygdala and the temporal pole. This observation suggests
a propagation of the 2-Hz bursts across MTL regions as well as the temporal pole.
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Figure 5.10: Trigger average of MTL LFPs by hippocampal 2-Hz, illustrating

entrainment of MTL LFPs at 2 Hz and showing that 2-Hz oscillations propagate across
MTL structures.

Next, to quantify this phenomenon, we measured the power spectral density (PSD) in
macrocontacts located across MTL and non-MTL structures. Extra-hippocampal MTL
regions had significantly higher power at 2 Hz than 6 Hz, whereas non-MTL temporal
cortices were dominated by 6-8-Hz oscillations (Fig. 5.11).
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Figure 5.11: Slow-frequency oscillations across the temporal lobe. (A) PSDs
corrected for the power law and averaged across hippocampal (HPC), extra-hippocampal
MTL (extra-HPC MTL), and non-MTL temporal macrocontacts free of IEDs. Shaded
areas indicate mean + SEM. (B) Estimation plots showing mean differences between
corrected 2-Hz and 6-8-Hz peak power in the regions shown in panel A. (C) Estimation
plots showing higher 2-Hz/6-8-Hz power ratios in extra-HPC MTL and hippocampal
contacts compared with non-MTL regions (left), and higher 2-Hz/6-8-Hz power ratios in
hippocampal compared with extra-HPC MTL regions (right). Data were analysed using
two-sided paired permutation tests; ***P < 0.001, **P < 0.01.

These results show that despite a stronger prevalence of 2-Hz oscillations in the
hippocampus, this oscillation is also prominent in other MTL structures, but not in
temporal neocortical regions (fusiform gyrus, inferior, middle and superior temporal
cortices) which are primarily paced by a 6-8-Hz oscillation.
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5.II1.1.b Prominent 6—8-Hz oscillations in the non-MTL were detected using
tmEMD

In other temporal cortices, 6-8-Hz oscillations dominated. We took advantage of this
clear distinction between 2-Hz and 6-8-Hz oscillations to verify that the tmEMD algorithm
was able to detect 6-Hz oscillations in these regions. Using recordings from the superior
temporal cortex, we showed that 6-8-Hz oscillations could be reliably detected across
macrocontacts, confirming the viability of the tmEMD method in detecting oscillations in
this frequency band in our dataset (Fig. 5.12).
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Figure 5.12: Slow-frequency oscillatory components in the superior temporal
cortex. (A) LFPs signals recorded from Superior Temporal Cortex (STC) contacts
revealed four oscillatory components detected by tmEMD, with peak frequencies near
1 Hz (peak [80% power band, PBJ: 1.0 [0.45-1.50] Hz), 2 Hz (2.4 [0.95-3.75] Hz), 4 Hz (4.3
[2.50-6.00] Hz), and 8 Hz (8.4 [4.75-12.00] Hz). Importantly, note that these oscillations
are not continuous, but also manifest as transient bursts. Left: Example STC wide-band
LFPs trace with its constituent IMFs. Right: Corresponding PSDs. Note that the 8-Hz
component showed a prominent peak whose amplitude was well above what could be
expected from the power law. (B) Heatmaps showing power distributions of 1-, 2-, 4-, and
8-Hz IMFs across all STC contacts. (C) Average PSDs across STC contacts, normalized
to the maximal 2-Hz power in the hippocampus for comparison with Fig. 4.3 (thick lines
denote 80% power bands).

5.I1I1.1.c 2-Hz oscillations are not directly evoked by mnemonic cues outside
the hippocampus

Because 2-Hz oscillations dominated in extra-hippocampal MTL structures, we further
tested whether they were related to the onset of visual photographs. ERPs were clearly
visible in the amygdala, but in contrast to the hippocampus, recalling photographs elicited
weaker ERP deflections than viewing photographs (Fig. 5.13A). In addition, there was no
difference between the ERPs evoked by best and worst recalled pairs (Fig. 5.13B). These
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findings together suggest that amygdala ERPs were not specifically linked to mnemonic
processing, but were instead more strongly influenced by stimulus novelty.
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Figure 5.13: ERPs in the amygdala. (A) ERPs deflections were weaker after the onset
of recall compared with viewing photographs. (B) ERPs deflections were not different
between best and worst recalled associations in the recall session. Data were analysed
using cluster-based permutation tests; ***P < 0.001, **P < 0.01.

LFPs (2)

In order to better characterize the link between cue onset and 2-Hz oscillations in
the MTL, we computed the correlation between the magnitude of the ERP deflection
and the amplitude of the evoked oscillations at 1-, 2- and 6-Hz in the recall session, like
we did for hippocampal macrocontacts in Chapter 4.I11.2. Importantly, ERPs deflection
did not correlate with evoked 2-Hz bursts outside the hippocampus (Fig. 5.14). Overall,
these results suggest that 2-Hz oscillations are primarily evoked by mnemonic cues in the
hippocampus.

5.1I1.2 MTL local activity is paced by hippocampal 2-Hz

After having observed the presence of 2-Hz oscillations in MTL LFPs, we tested whether
local activity in the MTL (single-neurons and gamma) was also entrained by hippocampal
2-Hz.

5.III.2.a MTL neurons are paced at 2-Hz

Some participants had hybrid micro-macro electrodes in MTL regions, allowing us to
record from single-neuron activity in the MTL. This provided the opportunity to test
whether the 2-Hz rhythm could also be observed in the autocorrelograms of these neurons.
Even though these recordings were relatively sparse (n = 46 total extra-hippocampal
MTL neurons), single-neuron spike trains across MTL regions exhibited prominent 2-Hz
rhythmicity (Fig. 5.15), as described above in the hippocampus (Fig. 5.2).

In addition, in two participants we recorded single-neurons from temporal neocortical
regions. This was permitted by the introduction of new hybrid electrodes with tetrodes
protruding between the eight and ninth macrocontacts (see Chapter 2.1.1 on electrode
models for further details). Notably, some neurons recorded outside the MTL (e.g.,
superior temporal cortex) displayed 6-Hz rhythmicity (Fig. 5.15, bottom row). This result
confirmed that the 6-8-Hz oscillations observed in raw LFPs recorded from temporal
neocortical regions could also pace local neuronal activity (Fig. 5.12).
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Figure 5.14: ERP deflection does not correlate with evoked 2-Hz bursts outside
the hippocampus. (A—C) Correlations between ERPs deflection and evoked 1-, 2-,
and 6-Hz amplitudes during recall in the entorhinal cortex (A), parahippocampal cortex
(B), and amygdala (C). No correlation reached significance (n.s.). Note that the mean
ERP deflection was measured over post-stimulus time windows corresponding to the
main negative deflection observed in the grand averages for each region: 0.3-0.9 s for
entorhinal cortex, 0.15-0.6 s for parahippocampal cortex, and 0.15-0.5 s for amygdala
macrocontacts (see Fig. 5.13A for an example using contacts in the amygdala). Alternative
time windows were also tested, but none revealed significant correlations with evoked
oscillatory amplitude.
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Figure 5.15: 2-Hz rhythmicity of MTL neurons. Example neurons recorded from MTL
tetrodes exhibiting 2-Hz rhythmicity, compared with a neuron recorded in the superior
temporal cortex showing 6-Hz rhythmicity (bottom). From left to right: mean spike
waveform across tetrode channels; short- (millisecond) and long- (second) timescale spike
autocorrelograms (ACGs); PSDs; and ISI distributions. Long-timescale autocorrelograms
(ACGs) are cropped at t = 0 for clarity.
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To confirm that MTL neurons were entrained by 2-Hz oscillations detected in the
hippocampus, we next measured PPC between extra-hippocampal MTL neurons and
hippocampal phase. Consistently, MTL neurons better locked to hippocampal 2-Hz than
to 1- or 6-Hz oscillatory phase (Fig. 5.16) and showed a strong preference for the phase of
2-Hz oscillations. Unfortunately, our single-neuron recordings in the temporal cortex were
too sparse and provided too few neurons in these regions to run statistical measurements
of phase-locking to the hippocampus. To overcome this technical limitation, in the next
section we focus on gamma oscillations recorded from macrocontacts in the MTL and
non-MTL regions, interpreted as a proxy for local neuronal activity (see Chapter 2.1.3.b
and Fig. 2.3).
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Figure 5.16: MTL neurons preferentially couple to the phase of hippocampal
2-Hz oscillations. (A) Firing-phase histograms of an example entorhinal cortex (EC)
neuron relative to 1-, 2-; and 6-Hz hippocampal oscillations. (B) Median differences in
pairwise spike-phase consistency (PPC, z-score) between hippocampal 1-Hz and 2- or
6-Hz rhythms for MTL neurons. (C) Percentage of MTL neurons preferentially coupled
to 1-, 2-, or 6-Hz hippocampal oscillations.

5.I11.2.b Hippocampal 2-Hz synchronizes MTL gamma oscillations

Next, we assessed whether the amplitude of extra-hippocampal MTL gamma activity
was preferentially coupled to the phase of hippocampal slow oscillations. We computed PAC
between all pairs of MTL-hippocampus macrocontacts, which also revealed preferential
coupling at 2-Hz (Fig. 5.17A,B, D-F). We then trained a LMEM on gamma activity
recorded in the MTL and the temporal cortex to compare the interaction between frequency
(1-, 2- and 6-Hz) and region (MTL versus non-MTL). We included the anatomical
(euclidean) distance between pairs of contacts as a fixed effect in the model, while
recording days were treated as a random effect. This analysis revealed a synergistic effect
between MTL region and 2-Hz (Fig. 5.17C, significant frequency x region interaction
term), confirming that the hippocampal 2-Hz oscillations preferentially modulated gamma
activity in the MTL.

Finally, we evaluated whether this preferential modulation of gamma MTL at 2-Hz
translated into synchronization relevant for mnemonic processes. For each hippocampal
contact, we computed the difference between all MTL or non-MTL preferred 2-Hz phase
(Fig. 5.17A, see Chapter 2.IL1.5 for further details). By taking the inverse of this phase
difference, we obtained a measure of phase synchronization between MTL and non-MTL
contacts, reporting the tendency of gamma activity to be locked at the same hippocampal
2-Hz phase. Phase synchronization was higher for MTL contacts than non-MTL contacts
only during the learning and the recalling sessions, a difference not observed at 1 or 6 Hz
(Fig. 5.18).
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Figure 5.17: Gamma coupling to hippocampal slow oscillations in the MTL.
(A) Gamma amplitude averaged across hippocampal 2-Hz phase bins, revealing phase
synchronization within the MTL: the preferred 2-Hz phase of gamma patterns is consistent
between MTL contacts, but not non-MTL ones (e.g., inferior temporal cortex, ITC). (B)
Median differences in phase-amplitude coupling (z-score) between hippocampal 1-Hz and
2- or 6-Hz rhythms for MTL gamma envelopes. (C) Regression coefficients showing the
MTL versus non-MTL contribution to phase-amplitude coupling across 1-, 2-, and 6-Hz
rhythms. Statistics indicate the frequency x region interaction term. (D) Percentage of
MTL contacts significantly coupled to 1-, 2-; or 6-Hz hippocampal oscillations, defined by
pairwise spike-phase consistency z-scores above 2 (top) or 5 (bottom). (E) Proportion of
MTL contacts preferring 1-, 2-; or 6-Hz hippocampal oscillations. (F) Leave-one-day-out
analysis of oscillatory preference, showing that no individual recording day accounted for
the observed preference of MTL gamma amplitude to the hippocampal 2-Hz phase. Data
were analysed by two-sided paired permutation tests, except in (C), where Wald t-tests
on LMEM coefficients were used; ***P < 0.001, **P < 0.01; n.s., not significant.
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Figure 5.18: Synchronization of MTL gamma patterns by 2-Hz phase. (A)
Estimation plot showing the difference in 2-Hz phase synchronization between MTL and
non-MTL gamma patterns across viewing, learning, and recalling sessions. (B) Estimation
plot showing median differences in 1-Hz (left) and 6-Hz (right) phase synchronization
between MTL and non-MTL gamma patterns during learning, revealing no effect at 1
and 6 Hz. (C) Estimation plot showing median differences in 2-Hz phase synchronization
between MTL and non-MTL gamma patterns during recall relative to viewing, revealing
no effect for non-MTL contacts. Data were analysed by two-sided paired permutation
tests; ***P < 0.001, **P < 0.01; n.s., not significant.

We then tested whether this coordination was preferentially expressed in slow-oscillatory
burst events by comparing neuronal and network activity inside versus outside hippocampal
2-Hz bursts during learning and recall. Phase-amplitude coupling between hippocampal
2-Hz and MTL gamma-band activity was stronger inside than outside them (Fig. 5.19A).
Gamma activity across MTL regions also showed stronger phase synchronization to hip-
pocampal 2-Hz oscillations inside bursts (Fig. 5.19B). At the population level, MTL
neuron spiking coactivity was elevated during in-burst compared to out-of-burst periods
(Fig. 5.19C, Chapter 2.I11.2 and Chapter 6.1II for details on the measure of coactivity).
Together, these results indicate that the hippocampal slow-oscillatory architecture coordi-
nates neural activity across the MTL, with coordination concentrated within transient
burst events that synchronize distributed population dynamics during human memory
processing.
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Figure 5.19: Synchronization of MTL gamma patterns in oscillatory bursts. (A)
Phase-amplitude coupling difference for MTL gamma envelopes relative to hippocampal
2-Hz rhythm during (in-burst) versus outside (out-of-burst) 2-Hz burst events. (B)
Estimation plot showing higher oscillatory phase synchronization in MTL versus non-MTL
gamma activity patterns inside but not outside 2-Hz bursts. (C) Median differences
in MTL neuron coactivity for in-burst versus out-of-burst periods at 1-, 2- and 6-Hz.
Increased coactivity during hippocampal 2-Hz but not 1- and 6-Hz bursts indicates that
2-Hz bursts were specifically associated with a stronger organization of neuronal coactivity
motifs across the MTL. Statistics were assessed using two-sided paired permutation tests.
AP < 0.001, **P < 0.01; n.s., not significant.

5.IV Discussion

In this chapter, I showed that the hippocampal 2-Hz rhythm organizes neuronal
activity locally within the human hippocampus and across distributed MTL regions. At
the local level, hippocampal neurons preferentially locked to the phase of 2-Hz oscillations,
and gamma activity was more strongly modulated at 2 Hz than at neighbouring slow
frequencies (1 and 6 Hz). These findings indicate that the 2-Hz rhythm structures both
neuronal firing and local network dynamics, consistent with the properties expected from
a theta-like oscillation. Although I had too few tetrodes with both putative pyramidal
neurons and interneurons to draw strong cell-type conclusions, both cell classes were
nonetheless phase-locked to 2-Hz, supporting the view that this rhythm acts at the level
of the neuronal population.

Importantly, this organization extended beyond the hippocampus itself. Extra-
hippocampal MTL regions also showed prominent 2-Hz oscillations, and neuronal as
well as gamma-band activity in these regions synchronized preferentially to hippocampal
2-Hz phase. Notably, this pattern was observed in the entorhinal cortex and amygdala,
two structures known in rodents to synchronize with hippocampal theta during memory-
related states. This coordination was especially visible during learning and recall, and
was stronger during 2-Hz burst periods than outside them. In addition, MTL neuronal
coactivity was increased during hippocampal 2-Hz bursts, suggesting that these events
were associated with a stronger organization of population activity across the MTL.
Overall, these observations indicate that transient 2-Hz bursts contribute to the online
coordination of distributed neuronal assemblies during memory-guided behaviour.
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This effect was most prominent in the hippocampus, but 2-Hz oscillations were also
present in extra-hippocampal MTL structures. In contrast, temporal neocortical regions
were dominated by 6-8-Hz oscillations. However, the single-neuron recordings in the
temporal cortex were sparse, which limited my ability to assess the functional relevance of
these oscillations in detail. Further studies could therefore explore whether these 6-8-Hz
rhythms support different forms of temporal-lobe processing, and how they relate to the
slower hippocampal rhythm described here.

Because measures of phase-amplitude coupling (PAC) can be affected by signal-
processing choices, particularly when the underlying oscillation is strongly non-linear, I
used methods based on empirical mode decomposition and Holo-Hilbert Spectral Analysis
(HHSA) to confirm the gamma findings. These approaches are designed to avoid the
biases introduced by conventional filtering. In this dataset, they confirmed that gamma
activity was preferentially modulated at 2 Hz, supporting the view that this effect reflects
genuine cross-frequency organization rather than an analysis artefact.

The previous chapter showed that hippocampal 2-Hz is selectively evoked during
mnemonic engagement, while the present one shows that this rhythm organizes neuronal
coactivity across the MTL. Together, these findings raise the question of whether the
coordinated activity patterns formed during wakefulness are later reactivated during
offline states. According to the two-stage model of memory (Chapter 1.111.3), neuronal
assemblies engaged during active wake states should subsequently be reactivated during
hippocampal ripple events, supporting memory consolidation. In addition, because
theta oscillations in other mammals are also prominently expressed during REM sleep
(Chapter 1.II1.2), an important remaining question is whether the hippocampal 2-Hz
rhythm also re-expresses during human REM sleep. However, direct evidence for these
two phenomena are currently lacking in humans (see Chapter 1.IV.1 and Chapter 1.1V.2).
Therefore, in the next chapter, I investigate hippocampal activity during rest and sleep,
focusing on the relationship between 2-Hz oscillations, ripple events, and the reactivation
of neuronal coactivity patterns formed during task wake states.

139



6 Results: Neural activity in the of-
fline human hippocampus

“Ce que voit un sujet dépend a la fois de ce qu’il regarde
et de ce que son expérience antérieure, visuelle et conceptuelle, lui a appris a voir.”

“What one sees depends both on what one is looking at
and also upon what his previous visual-conceptual experience has taught him to see.”

— Thomas S. Kuhn, The Structure of Scientific Revolutions (1962)
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6.] Introduction

The previous chapters identified a prominent 2-Hz rhythm in the human hippocampus
which exhibited properties expected from a theta-like oscillation. Hippocampal 2-Hz bursts
were more prevalent during mnemonic engagement, were evoked by memory-relevant cues,
and organized neuronal firing and gamma activity locally within the hippocampus and
across distributed MTL regions. In particular, transient 2-Hz bursts were associated
with increased neuronal coactivity, suggesting that this rhythm contributes to the online
coordination of neuronal assemblies during memory processing.

According to the two-stage model of memory, however, memory formation does not
end with the online coordination of neuronal activity during active wake states. Instead,
activity motifs formed during learning are reactivated during offline states such as rest
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and sleep, thereby supporting memory consolidation (Buzsaki 1989; McClelland et al.
1995; Wilson and MceNaughton 1994). In rodents, this offline stage is associated with
hippocampal sharp-wave ripples occurring predominantly during low-cholinergic states
such as slow-wave sleep and rest (Buzsiki 1986; Wilson and McNaughton 1994; Girardeau
et al. 2009; Ego-Stengel and Wilson 2009; Roux et al. 2017). In parallel, theta oscillations
re-express during REM sleep, suggesting that complementary oscillatory states organize
online and offline memory processes across behavioural states (Jouvet et al. 1959; Jouvet
1969; Winson 1972).

The results obtained so far therefore raise two related questions. First, if hippocampal
2-Hz is a genuine theta-like thythm, does it also characterize human REM sleep, as theta
does in other mammals? Second, do the neuronal coactivity motifs coordinated during
waking 2-Hz bursts subsequently reactivate during hippocampal ripple events in offline
states? Addressing these questions is essential to determine whether the physiological
organization described in the previous chapters extends to the offline stage of the two-stage
memory model.

In this chapter, I therefore investigate hippocampal activity during rest and overnight
sleep. I first characterize the expression of 2-Hz oscillations and ripple events across
behavioural states, and compare their physiological properties with those previously
described in animal models. I then test whether neuronal coactivity motifs formed during
waking 2-Hz bursts are preferentially reactivated during post-learning hippocampal ripples.
Finally, I evaluate whether this reactivation relates to behavioural performance, thereby
linking online network coordination with offline memory consolidation in humans.

6.I1 Hippocampal physiology across sleep stages

We conducted overnight polysomnography in seven participants who enrolled in the
memory task. These participants were recorded continuously for the entire duration of their
stay at the hospital (24-hour recordings), and underwent three nights of polysomnography
according to the American Academy of Sleep Medicine guidelines (Troester et al. 2023).
Sleep stages were detected by a trained clinician using scalp EEG, electrooculography
(EOG) and electromyography (EMG), and were grouped into the following: wake, light-
sleep (N1), slow-wave sleep (SWS; N2 and N3), REM (Fig. 6.1). Note that for all analyses
presented in this chapter, "wake" does not include micro-arousals detected during the
night, but refers to epochs of clear wake occurring during the day.

REM
N3
WAKE ]
r T T T T T
20:00 00:00 04:00 08:00 12:00 16:00

Time (hh:mm)

Figure 6.1: Example of sleep staging in one participant.
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6.1I.1 Hippocampal 2-Hz features REM sleep but not SWS

We first inspected hippocampal LFP raw traces to evaluate whether 2-Hz oscillations
were visible in hippocampal LFPs during REM sleep in humans. Importantly, 2-Hz bursts
were directly identifiable in the raw traces during REM sleep but not SWS (Fig. 6.2).
Instead, SWS showed non-oscillatory, "de-structured" LFPs, consistent with what can
be seen from the rodent hippocampus. This signature typically reflects the sum of
transient delta waves occurring on a broadband, aperiodic background. Note that the
REM oscillatory cycles were more symmetrical than those occurring during the memory
task (Fig. 4.4), a characteristic previously reported in rodents (Buzsiki et al. 1983) referred
to as "most regular rhythmic slow activity in REM sleep” (Belluscio et al. 2012). We
further verified that 2-Hz bursts were observed alongside rapid eye movements recorded
from the electrooculograms (Fig. 6.3).
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Figure 6.2: Raw hippocampal LFPs display 2-Hz bursts in human REM sleep
but not during SWS. Example 14-s recording epochs from different recording epochs of
an example night with wake, N1, SWS, and REM stages showing hippocampal LFPs and
corresponding spectrograms, revealing a clear 2-Hz burst during REM sleep. Note the
symmetrical oscillatory cycles during REM sleep compared with the asymmetrical cycles
reported during task engagement (Fig. 4.4), and the aperiodic signal occurring during
SWS.

0

Next, to quantify the presence of 2-Hz oscillations in REM sleep, we computed PSDs
on 30-second epochs after matching the number of epochs detected between sleep stages.
PSDs obtained from the example contact shown in Fig. 6.2 are presented in Fig. 6.4A.
Across all recording nights, 2-Hz but neither 1-Hz nor 6-Hz power was higher in REM
compared with SWS (Fig. 6.4B), confirming the presence of 2-Hz oscillations in REM but

142



EOGL

EOGR
o 2.5
o
-
- 0
O
o
I -25

(2]
o

15

Frequency (Hz)

2 4 6 8 10 12 14 16 18
Time (s)

Figure 6.3: 2-Hz bursts can be observed alongside rapid eye movements. Example
20-s recording epochs during REM stage showing right (EOG R) and left (EOG L)
electrooculograms, hippocampal LFPs and corresponding spectrogram, with example 2-Hz
bursts during REM. Rapid eye movements were clearly visible in the electrooculograms,
confirming the correct staging of REM sleep.
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not SWS in the human hippocampus. This result is in line with earlier work in rodents
and cats, which describe theta oscillations emerging during REM sleep (Buzsiki et al.
1983). Moreover, by replicating analogous observations obtained from several other studies
in humans (Freemon and Walter 1970; Giaquinto 1973; Bddizs et al. 2001; Clemens et al.
2009), these data further suggest that the 2-Hz rhythm is a putative homologue of rodent
theta.
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Figure 6.4: 2-Hz oscillations feature human hippocampal LFPs during REM
sleep. (A) Power spectral densities from the same contact used in Fig. 6.2, averaged over
at least 100 randomly selected epochs per stage, showing prominent 2-Hz power featuring
REM sleep. Note the elevated <1-Hz power during SWS, without a clearly identifiable
peak in the PSD. This is consistent with the broadband, aperiodic nature of the raw
LFPs traces. (B) Estimation plots showing mean differences in 1-, 2-, and 6-Hz power
across sleep stages, revealing consistently higher 2-Hz, but not 1- or 6-Hz, power in REM
compared with SWS. Data were analysed using two-sided paired permutation tests; ***P
< 0.001, *P < 0.05; n.s., not significant.

6.I1.2 Validation of hippocampal ripples

6.I1.2.a Hippocampal ripples feature SWS and rest sessions

In animal models, fast-frequency ripple events (100-250 Hz) occur during rest and sleep
and support offline memory consolidation (Wilson and McNaughton 1994). Hippocampal
ripples also occur in humans (Bragin et al. 1999a; Clemens et al. 2007; Staresina et
al. 2015; Chen et al. 2021; Staresina et al. 2023), where they could similarly support
post-learning consolidation. To validate the ripple detection algorithm employed in our
dataset, we first examined hippocampal ripple activity during sleep, as well as during
pre- and post-learning rest sessions of the relational memory task. Ripples showed fast-
frequency oscillatory cycles clearly visible in the raw LFPs traces (Fig. 6.5) and were
associated with the characteristic slow-frequency, high-amplitude delta-waves described
earlier (Fig. 6.2). Notably, the amplitude and the phase of the delta-waves but not the
ripples were dramatically impaired by bipolar referencing (Fig. 6.6).

We further characterized the ripples detected in our dataset by measuring their central
frequency using phase unwrapping (see Chapter 2.III.1.b for additional details), which
does not rely on amplitude normalization. Even though ripples had a central frequency

144



>
o

Wide-band
(x1000)
Wide-band
(x1000)

Ripple freq.: 73 Hz Ripple freq.: 71 Hz

Frequency (Hz)

Frequency (Hz)

0 200 400 -100
Time from ripple peak (ms)

_ D |, _

0 200 400 -100
Time from ripple peak (ms)

(x1000)

Wide-band )

Wide-band
(x1000)

Ripple freq.: 69 Hz Ripple freq.: 82 Hz

Frequency (Hz)
Frequency (Hz)

-400 -200 0 200 400  -100

0 200 400  -100 100
Time from ripple peak (ms)

Time from ripple peak (ms)

Figure 6.5: Example of detected ripples. (A-D) Representative ripples detected during
SWS on a single macrocontact with corresponding wide-band LFPs and spectrograms.
In this macrocontact, median and mean ripple frequencies were 73.9 Hz and 74.3 Hz,
respectively. Right insets provide magnified views of individual ripples. Black horizontal
bars indicate ripple duration (onset to offset), and white, dotted horizontal lines mark

the ripple central frequency measured using phase unwrapping (see Chapter 2.111.1.b for
further methodological details).

145



A 14 — Mac 1

—— Mac 2
Bipolar

L

LFPs

-24

-3+ B

"

B " — Mac 1

— Mac 2
04 Bipolar

il

T T T T
020 -0.15 -0.10 -0.05 ©0.00 005 0.10 O

I
o
o

I
o
~

|
o
N
o
o
o
N
o
~
o
o

|

L

A

-3
-4 4
T T T T T T T T T T T T T T
-06 -04 -02 00 02 04 06 -0.15 -0.10 -0.05 0.00 0.05 0.10 0.15
— Mac 1
—— Mac 2
Bipolar

LFPs e

!
3}
|

L

T T T T T T
-06 -04 -02 00 02 04 06 -0.15 -0.10 -0.05 0.00 0.05 0.10 0.15
D 1 — Mac1
—— Mac 2
7 Bipolar
04
—14

06 -04 -02 00 02 04 06 -015 -010 -005 000 005 010 015

E M — )
o Bipolar
] /\(
\,\.///

-06 -04 -02 00 02 04 06 -015 -010 -005 000 005 010 0.5
Time from ripple peak (s) Time from ripple peak (s)

LFPs

L

LFPs
N

4l

Figure 6.6: Bipolar referencing impairs the delta-waves. (A—E) LFPs traces centred
on five example ripples before (Mac 1, Mac 2) and after bipolar referencing. Note that
the bipolar referencing behaves unexpectedly: the slow component of the delta-wave is
sometimes lost (B), preserved and reduced (C), or, most often, flipped in polarity (A, D
and E).

146



distributed around 70 Hz [mean (95% CI): 70.60 (69.92-71.28) Hz] (Fig. 6.7TA-C), despite
the use of a broad ripple frequency band during initial detection of the ripples (60-180
Hz, see Chapter 2.1I1.1). In addition, ripple central frequency was comparable between
SWS, N1 and task rest sessions (Fig. 6.7D-F), confirming that we detected similar events
during task rest sessions and overnight sleep.
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Figure 6.7: Characterization of ripple frequency. (A) Ripple-triggered average LFPs
and spectrograms from hippocampal macrocontacts across participants. Shaded areas
indicate mean + SEM. (B) Average LFPs and spectrograms triggered by hippocampal
ripples during rest or overnight sleep N1, recorded from the same macrocontact in the
same participant, showing that ripples had the same morphology across these states. (C)
Distribution of ripple central frequencies across all detected SWS ripples, pooled across
participants used in F. Note that our algorithm detected ripples up to 90 Hz. Black
vertical dotted line indicates the median frequency (70.9 Hz, mean = 71.6 Hz). (D)
Estimation plot showing mean paired differences in ripple central frequency between rest
and overnight N1 or SWS sessions (using the same contacts from the same subjects; n = 6
participants recorded across all sessions). (E and F') Estimation plots showing comparable
ripple central frequency (E) and amplitude (F) between pre- and post-learning rest. Data
were analysed using two-sided paired permutation tests; ***P < 0.001, **P < 0.01; n.s.,
not significant.

Ripples detected in our human dataset had a central frequency slower than that of
events reported from the mouse hippocampus (Buzsaki 1986), which is consistent with
canonical description in humans (Bragin et al. 1999a; Liu et al. 2022; Maslarova et al.
2025). However, mouse ripples were recorded from microelectrodes (tetrodes, silicon
probes), which have different electrical properties than the macrocontacts used in our
study and could thus affect the frequency of the ripples. Hence, we tested whether the
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difference in ripple frequency could be explained by different electrode types by visualizing
LFPs recorded simultaneously from a hippocampal macrocontact and a local tetrode
(from the same hybrid micro-macro electrode), in a 10-min rest session (Fig. 6.8A).

PSDs computed over the entire recording session displayed a peak at 70 Hz in both
hippocampal macrocontact and the local tetrode, indicating a similar frequency content
overall (Fig. 6.8B). As a control, we used another, distal tetrode located in a non-MTL
region which exhibited a prominent peak in the ripple band (90 Hz). Then, we computed
the average LFPs on the local and the distal tetrodes, triggered by ripples detected from
macrocontacts (Fig. 6.8C). In the hippocampal tetrode, but not in the non-MTL tetrode,
ripples were clearly visible on this average trace. Moreover, the central frequency of the
ripples was comparable in the hippocampal tetrode and the macrocontact, showing that
electrode type is not likely to explain the difference observed between human and mouse
ripples. Interestingly, the phase of the delta-wave was reversed between macrocontact
and tetrode events (Fig. 6.8A,C), mirroring the phase reversal reported with laminar
electrodes penetrating the dorsal CA1 pyramidal layer dipole in mice (Castelli et al. 2025;
Lopes-Dos-Santos et al. 2025).

On a side note, during one recording day we recorded fast-ripples using tetrodes located
in the seizure onset zone (Fig. 6.9). These events were clearly visible in the raw LFP traces
of the tetrodes and in their corresponding spectrograms. Consistent with previous reports
describing these pathological events (Bragin et al. 1999a; Bragin et al. 1999b; Foffani et al.
2007; Valero et al. 2017; Liu et al. 2022), fast-ripples had a central frequency of ~300 Hz.
The layout of our hybrid electrodes provided useful information about fast-ripples: as
they protrude between the two deepest macrocontacts at ~45 degrees angle, tetrodes were
usually spaced by a few millimeters. In this example, one tetrode recorded extracellular
action potentials (Tetrode 1), while the other did not (Tetrode 2). Fast-ripples were
visible on both tetrodes, with the amplitude of the events being most prominent on the
tetrode containing spiking activity. This observation confirms that oscillatory events
with a central frequency above 100 Hz could be recorded with high signal-to-noise ratio
in our setup, which provides greater confidence about the validity of the "physiological"
ripples (with central frequency of ~70 Hz) used throughout this manuscript. Note that
this recording day was not included in the main analyses of this manuscript.

In rodents, ripples occur at a higher rate in low-cholinergic behavioural states like
slow-wave sleep and rest compared with active exploration, movement and REM sleep.
However, previous studies in humans reported ripples in both high and low cholinergic
states (Axmacher et al. 2008; Chen et al. 2021; Dickey et al. 2022b; Dickey et al. 2022a),
raising questions about the behavioural state dependence of ripples in humans. In our
dataset, ripples were more frequent in slow-wave and N1 sleep than wake and REM
(Fig. 6.10A,B), and during rest sessions compared with active sessions of the memory
task (Fig. 6.10C). Note that the ripple rate was comparable between N1 sleep and rest
sessions of the memory task (Fig. 6.10A). This observation is consistent with the state of
drowsiness characteristic of these short (10-min) rest sessions, which is the behavioural
definition of N1 sleep. These results are consistent with the mouse literature, suggesting
that the biological pathways giving rise to ripples in humans are down-regulated during
high-cholinergic states (Maslarova et al. 2025).
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Figure 6.8: Hippocampal ripples share the same properties between macro-
contacts and tetrodes. (A) Example 2-s rest recording showing LFP traces and
corresponding spectrograms from a hybrid hippocampal electrode (macrocontact and
local tetrode) and from a distal, non-MTL tetrode serving as a control. Insets: 500-ms
magnified views around detected ripples. Black arrowheads indicate two example hip-
pocampal ripples detected on the macrocontact. (B) Average power spectral densities
across pre- and post-learning rest sessions showing a peak at 70 Hz on the macrocontact
and hippocampal tetrode. The distal tetrode shows a peak at 90 Hz. (C) Ripple-triggered
average LFPs and spectrograms aligned to the local peak of the macrocontact or tetrode
signals, showing that ripples were visible and had the same frequency on both the hip-
pocampal macrocontact and local tetrode but not on the distal, non-MTL tetrode.
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Figure 6.9: Example hippocampal fast-ripple detected in one participant. Left:
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activity while tetrode 2 did not. Fast-ripples were clearly identifiable on both tetrodes.
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Figure 6.10: Hippocampal ripples are predominant in task rests, N1 and slow-
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sessions of the memory task and overnight sleep stages. (B) Estimation plot showing mean
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Data were analysed using two-sided paired permutation tests except in A where unpaired
tests were employed; ***P < 0.001, **P < 0.01; n.s., not significant.
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6.II1.2.b Ripple modulation of neuronal activity and propagation to the MTL

To further validate that the events detected were genuine ripples, we tested whether
single-neuron activity was modulated by hippocampal ripples. We leveraged rest recordings
to compute single-neuron averages triggered by ripples (Fig. 6.11A). This analysis revealed
up- and downregulated neurons by hippocampal ripples, consistent with earlier findings
(Maslarova et al. 2025) and suggesting that single-neuron activity is modulated by ripples
in our recordings. However, these averages showed substantial variability due to the
relatively low number of ripples detected during rest sessions. In addition, some ripples
were detected from hippocampal macrocontacts located at a distance from the tetrodes
used to record neuronal spiking (for example anterior versus posterior hippocampus), which
likely contributed to temporal shifts between ripple events and local neuronal modulation.
To obtain a more reliable estimate of ripple-related neuronal dynamics, we therefore
computed ripple-triggered averages using overnight sleep recordings, which contained a
larger number of ripples (Fig. 6.11B). This analysis revealed a clear positive modulation
of the neurons recorded from the hippocampus, and a refractory period following each
ripple for up to 4250 ms. This result confirms that ripples modulate neuronal activity in
the hippocampus.
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Figure 6.11: Hippocampal single-neuron activity is modulated by ripples. (A)
Wide-band (z-score) and ripple-band (z-score) LFP traces averaged around ripples detected
from an example subject (top), together with a heatmap representing single-neuron activity
(z-score) averaged around ripples. (B) Average firing rate of hippocampal neurons (z-score)
around ripples (top), together with a heatmap representing single-neuron activity (z-score,
bottom) detected during SWS. Note the refractory period of up to +250 ms.

Next, we tested whether ripples propagated to other structures of the MTL, beyond the
hippocampus. We used LFP traces recorded during overnight sleep, and extracted ripple-
band amplitude from MTL and non-MTL regions around ripples (Fig. 6.12). Average
ripple-band activity in the MTL was significantly elevated, thereby confirming that
hippocampal ripples propagated preferentially to other MTL regions.

151



A sub03300 B sub03309

0-/“~\/ 0]
-1 ~14

250

LFPs

LFPs
o 4
%
o =
1 I

250
HPC 1 A _/L 1004 HPC 1 A 1OO_JK
0+ 0 0 § 0
o 18—%\\/\ 10—"/\,\ 9 25—% 25 /\
N 04 0 e
© -10- g o _\/
3 2 20 287
£ 107 10 _E' ;
E 0 0- & oA oA
o 20 20 2 5 ‘ N =
g PHe ’\4 \ s 1 prc N ” / \
£ o{. J 0 € o o 8'4//
y 100 A 100
504 AmY \ﬁ 50 A AMY ! ,/\
0 0 i 0 i 0-
T T T T T T T T T T T T T T
-04  -02 0 0.2 0.4 50 0 50 -04  -02 0 0.2 0.4 50 0 50
Time from HPC 1 ripple (s) Time (ms) Time from HPC 1 ripple (s) Time (ms)
C sub03340 D sub03378
e M 14 & O—Jwv/ 0.0
[T (™
3 04 = 4 -0.54

1004 HPC 1 \ 100—* 100‘% 100'./\
EE 0+ ! N - | i i
o 20 20 g o 24 J 283 /
2 HPC 2 H 3 HPC 2 h A//\\
2 H 2 0 H !
= 0+ 04 ! = b : i
g 0 j g 100+ j 0+ !
© - PHC 10 I~ & { {
3 /\x\\g/k i N o 507 i
S o4 H o H
g 2 . 254 ; g 0 0- ‘
4 t ;
AMY : so4 MY 50 /\
0_| T g T T 0 T : T 0% T ; T T 0 i
-0.4 -0.2 0 0.2 0.4 -50 0 50 -0.4 -0.2 0 0.2 04 50 0 50
Time from HPC 1 ripple (s) Time (ms) Time from HPC 1 ripple (s) Time (ms)
E sub03266 F
o 0 0.0
w -0.5- HPC
- 4 Modulated
106— 100 ; 23/23
4 oA | 0- I
2 p q
G 254 HPC2 ! 25+ |
£ ! :
o 01 | 0 :
g o] °] !
Z 07
T T I: T T -5 T i T
-0.4 -0.2 0 0.2 0.4 -50 0 50
Time from HPC 1 ripple (s) Time (ms)

Figure 6.12: Hippocampal ripples propagate preferentially to MTL regions. (A—
E) Average wide-band hippocampal LFPs traces (top) with ripple-band MTL instantaneous
amplitude (bottom) around ripples detected in the hippocampus during SWS. “HPC 1”
refers to the channel used for hippocampal detection, whereas “HPC 27 refers to a channel
located in another hippocampal site (e.g., anterior site if ripples are detected posteriorly).
A magnified view is displayed on the right to improve visibility at short time-lags. Five
example subjects are shown. (F) Proportion of hippocampal, extra-hippocampal MTL, and
non-MTL contacts in which the ripple-band amplitude signal was significantly modulated
around the detected ripples.
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6.II1.2.c Temporal constraints in the occurrence of hippocampal ripples

Ripples are transient events that are followed by a refractory period during which the
probability of observing another ripple is reduced. This phenomenon is thought to reflect
the time required for the hippocampal network to recover after a ripple event, and has
been observed in rodents (Buzsiki 1986). We thus tested whether ripples detected in
our dataset were followed by a refractory period, and whether this refractory period was
consistent with that observed in rodents. To do this, we computed the distribution of
inter-ripple intervals during overnight slow-wave sleep in humans (Fig. 6.13A,B), and in
mice (Fig. 6.13C,D). In humans, we observed a peak in the distribution of inter-ripple
intervals at 620 milliseconds (Fig. 6.13B), confirming that ripples are followed by a
refractory period. Interestingly, the distribution of inter-ripple intervals in mice also
showed a peak, but at a much shorter interval of 120 milliseconds (Fig. 6.13D). Also,
ripple-triggered averages of single-neuron activity in humans showed a refractory period
of up to +250 ms (Fig. 6.11B), which may also reveal internal temporal constraints on
the hippocampal network to produce consecutive ripples.
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Figure 6.13: Inter-ripple intervals of hippocampal ripples in mice and humans.
(A) Example 2-second tetrode recording from the human hippocampus showing the LFPs
and corresponding spectrogram of consecutive ripples. (B) Histogram and kernel density
estimations (black curve) showing the distribution of intervals between consecutive ripples
detected in the human hippocampus during overnight slow-wave sleep (SWS); grey curves
indicate inter-ripple interval statistics from individual recording nights; red dashed line
indicates the peak of the distribution (620 milliseconds). (C) Example 2-second tetrode
recording from the mouse hippocampus (dorsal CA1) showing the LFPs and corresponding
spectrogram of consecutive ripples. Note that ripple central frequency is faster in mice.
(D) Same as in A for 12 mice recorded during >90 minutes, showing that inter-ripple
intervals peak at 120 milliseconds in mice.
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6.III Neuronal coactivity motifs in 2-Hz bursts reac-
tivate in post-learning hippocampal ripples

In Chapter 6.11.2 we showed that human hippocampal ripples occurred predominantly
during slow-wave sleep and rest, modulated local neuronal activity and propagated to
the MTL. The core aim of this chapter is to test whether ripples play a functional role in
memory. In this section, we thus address the following hypothesis: are coactivity motifs
formed in 2-Hz bursts during learning reactivated in hippocampal ripples during post-
learning rest? To do this, we first define coactivity motifs, then test whether coactivity
motifs formed in 2-Hz bursts are preferentially reactivated in ripples, and finally explore
the link between reactivation and memory performance.

6.I11I.1 Coactivity motifs formed during 2-Hz bursts reactivate
in post-learning hippocampal ripples

The notion of coactivity (or cofiring) derives from the theory of neuronal assemblies
(Hebb’s theory, (Hebb 1949)) according to which pairs of neurons which send action
potentials in synchrony are part of the same functional units and jointly encode information
about the world (Buzsdki 2010). In this view, coactivity reports the tendency of two
neurons to be active together, and can be measured using correlations. Because all neurons
of a given population are exposed to the same electrical environment, their activity co-
fluctuates. This results in a high correlation between neurons in the same population,
which blurs the information contained in the joint activity of neuronal pairs. Hence, it is
necessary to control for the activity of the population when computing the correlation
between the spike trains of two single neurons in order to identify the specific statistical
relationship (i.e., coactivity) between these two neurons.

To assess reactivation, we continuously monitored MTL neurons across task sessions
and we extracted spiking coactivity motifs computed within hippocampal 2-Hz bursts
detected during viewing and learning, and compared these in-burst coactivity motifs
with those during hippocampal ripples in pre- and post-learning rest (Fig. 6.14A). We
also extracted waking spiking motifs outside 2-Hz bursts during viewing and learning,
and compared these out-of-burst motifs with ripple activity in pre- and post-learning
rest. Pre-learning ripples constitute a necessary control to isolate experience-dependent
reactivation from intrinsic ripple-related synchrony (Wilson and McNaughton 1994; O'Neill
et al. 2008; Dupret et al. 2010; van de Ven et al. 2016; Lopes-dos-Santos et al. 2018;
Tingley and Peyrache 2020; Castelli et al. 2025). Without this control, an increase in
neuronal coactivity could be attributed to offline reactivation of the wake experience
(e.g., learning) while in fact it may instead reflect the intrinsically high synchrony of
hippocampal ripples (Buzsaki 2015), which can occur in the absence of experience-specific
reactivation (Giri et al. 2024).

For each task session, we computed MTL coactivity motifs using pairwise neuron-
neuron (i,j) correlations while regressing out the activity of the remaining population
(Fig. 6.14B; n = 603 coactivity motifs from 6 participants with at least 5 simultaneously
recorded MTL neurons). This procedure returned correlation matrices representing
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the population coactivity structure in each session. Offline reactivation was quantified
using GLMs predicting ripple coactivity from waking motifs, with the interaction term
capturing changes in waking-ripple correlation between post- and pre-learning rest. Further
methodological details on the reactivation analyses can be found in Chapter 2.111.3.
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Figure 6.14: Coactivity motifs detected from neuronal activity in the MTL. (A
and B) Reactivation of waking (viewing and learning sessions) MTL coactivity motifs
during hippocampal ripples. MTL ensemble spike trains in hippocampal ripples from both
pre- and post-learning rest, and those in waking 2-Hz bursts (in-burst) versus those outside
(out-of-burst) were extracted (A). Coactivity motifs were derived from neuron-neuron (i,j)
correlations after regressing out population activity P (B).

Following learning, ripples exhibited significantly stronger reactivation for coactivity
motifs nested within 2-Hz bursts than for those outside 2-Hz bursts (Fig. 6.15A; in-burst,
P < 0.001; out-of-burst, P = 0.202; in-burst versus out-of-burst, P = 0.025; Wald tests).
This was not the case for coactivity motifs detected within 1-Hz or 6-Hz bursts which were
not reactivated in post-learning ripples (Fig. 6.15B). These results show that spiking motifs
structured by 2-Hz oscillatory bursts are preferentially reactivated during post-learning
rest ripples.

6.I111.2 Reactivation is relevant for behavioural performance

We next evaluated whether MTL neuronal coactivity motifs formed during different
stages of the memory task were differently reactivated. To do this, we constructed
coactivity motifs after the onset of photographic stimuli during the learning or the viewing
sessions. Population coactivity evoked by photographic stimuli during learning reactivated
more strongly in post-learning ripples than that evoked during viewing (Fig. 6.16A, P <
0.001; viewing, P = 0.622; learning versus viewing, P < 0.001; Wald tests). Moreover,
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Figure 6.15: Preferential reactivation of 2-Hz structured spiking motifs in
hippocampal ripples. (A) 3 coefficients from GLMs quantifying the similarity between
waking (in-burst or out-of-burst) and ripple coactivity motifs in pre- and post-learning
rest (left), and corresponding reactivation (right, post-learning minus pre-learning 3). (B)
B coefficients from GLMs quantifying the relationship between in-burst waking (1-, 2-
and 6-Hz) and ripple coactivity motifs in pre- and post-learning rest, and corresponding
reactivation (post minus pre). Reactivation was significant only for 2-Hz bursts. Error
bars show +95% confidence intervals. Data were analysed by two-sided Wald t-tests on
GLM coefficients; ***P < 0.001, *P < 0.05; n.s., not significant.

coactivity in 2-Hz bursts elicited by photographs that were later best remembered showed
the strongest post-learning ripple reactivation (Fig. 6.16B; best and worst recalled, both
Ps < 0.001; best versus worst recalled, P = 0.043; Wald tests).
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Figure 6.16: Reactivation and memory consolidation. (A) Reactivation of learning-
but not viewing-related coactivity motifs. (B) Reactivation of coactivity motifs detected
during learning trials leading to best versus worst subsequent memory performance. Error
bars show +95% confidence intervals. Data were analysed by two-sided Wald t-tests on
GLM coefficients; ***P < 0.001, *P < 0.05; n.s., not significant.

We finally ran several controls to confirm that these results were robust and reliable.
First, we computed reactivation from coactivity motifs detected in individual subjects, to
show that reactivation was consistently present across participants (Fig. 6.17A). We further
verified that the difference between learning and viewing was not explained by differences
in firing rate in these two states (Fig. 6.17B). Next, to test the specific contribution of
ripples to reactivation, we measured it using coactivity motifs constructed from epochs
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as distant as possible from ripples. Indeed, reactivation was specific to ripple events as
it did not occur outside ripples (Fig. 6.17C). Finally, to verify that this effect could be
attributed to genuine pairwise coactivity formed during wake, we shuffled the neuronal
identity before building the coactivity motifs. This control preserves the total number
of spikes and their precise timing but destroys the specific pairwise relations between
individual neurons. Under these conditions, reactivation was strongly reduced, whereas
reactivation computed from the original coactivity structure remained significantly above
chance levels (Fig. 6.17D). Further methodological details can be found in Chapter 2.111.2.
Together, these control analyses confirm that the observed reactivation reflected the
selective re-expression of neuronal coactivity motifs formed during active wakefulness,
specifically during hippocampal ripple events, rather than nonspecific changes in firing
rate or random spike coincidences.
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Figure 6.17: Reactivation controls. (A) Estimation plots showing matrix-wise corre-
lations between viewing- or learning-related coactivity motifs and pre- or post-learning
ripples (n = 8 recording days, 6 subjects). Out of the 8 recording days, 6 showed sig-
nificant reactivation of learning-related coactivity motifs. (B) Estimation plots showing
similar single-neuron firing rates between pre- and post-learning ripples (left) and between
viewing and learning sessions (right), ruling out firing-rate differences as a confound.
(C) B coefficients from GLMs quantifying the relationship between waking (in-burst or
out-of-burst) and out-of-ripple coactivity motifs in pre- and post-learning rest, and corre-
sponding reactivation (post minus pre). Out-of-ripple epochs were defined as periods most
distant from ripple events. (D) Reactivation measured from coactivity motifs computed
on shuffled versus intact (actual) spike trains. For each time bin, neuron identities were
permuted to disrupt pairwise correlations. The actual reactivation exceeded the shuffled
distribution by 2.80 standard deviations. Error bars show £95% confidence intervals.
Data were analysed using two-sided paired permutation tests (A and B), and Wald t-tests
on GLM coefficients (C); ***P < 0.001, n.s., not significant.

Together, these findings show that 2-Hz-structured waking neuronal coactivity motifs
are preferentially reactivated within hippocampal ripples, supporting offline consolidation
in humans.

6.1V Discussion

In this chapter, I investigated hippocampal activity during offline states and tested
whether the physiological organization observed during wakefulness extends to rest and
sleep in humans. I first showed that the hippocampal 2-Hz rhythm, previously associated
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with mnemonic engagement during wake, was also prominently expressed during REM
sleep but not during SWS. This behavioural-state dependence resembles the expression
of theta oscillations in other mammals and further supports the view that hippocampal
2-Hz constitutes a human theta-like thythm. Importantly, this result suggests that the
2-Hz rhythm is not restricted to active wakefulness, but may instead reflect a more
general hippocampal state associated with information processing across behavioural
states, whether driven by external sensory input or generated internally.

In parallel, I characterized hippocampal ripples during rest and overnight sleep. These
events exhibited the physiological features expected from ripples described in animal
models: they occurred predominantly during low-cholinergic states such as SWS and rest,
displayed characteristic ripple-frequency oscillations coupled to slower deflections, and
modulated neuronal activity within the hippocampus. Ripple-band activity also propa-
gated preferentially to other MTL structures, consistent with the distributed anatomical
organization of the hippocampal network. In addition, although human ripples occurred
at a slower central frequency and with longer inter-ripple intervals than in mice, they
nevertheless displayed similar physiological constraints and behavioural-state dependence.
Together, these observations indicate that the human hippocampus alternates between
distinct oscillatory regimes across behavioural states, with 2-Hz activity predominating
during active wakefulness and REM sleep, and ripple events predominating during offline
rest and SWS.

Most importantly, I showed that neuronal coactivity motifs formed during waking
2-Hz bursts were preferentially reactivated during hippocampal ripples in post-learning
rest. This reactivation was specific to motifs formed within 2-Hz bursts, was not observed
for neighbouring slow rhythms, and was strongest for learning-related and subsequently
remembered associations. These findings therefore link online coordination during waking
2-Hz bursts with offline ripple-associated reactivation, supporting the idea that transient
2-Hz states contribute to the formation of neuronal assemblies that are later re-expressed
during memory consolidation. Importantly, these effects were observed consistently
across participants and remained robust after controlling for firing-rate differences, ripple
occurrence, and random pairwise spike relationships.

Although overnight polysomnography was available in a subset of participants, the
recordings nevertheless provided sufficient coverage to compare hippocampal activity across
wakefulness, REM, and SWS within the same individuals. Further studies combining
long-term recordings with larger neuronal samples will, however, be useful to better
characterize how 2-Hz oscillations and ripple dynamics interact across sleep stages in
humans.

Taken together, these results provide converging evidence that the human hippocampus
exhibits a two-stage organization of memory-related activity analogous to that described
in animal models. During active wake states, 2-Hz oscillations organize neuronal and
network activity during mnemonic processing, whereas during offline states, hippocampal
ripples support the re-expression of these coordinated activity patterns.
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7 General discussion

“Le comportement acquis repose sur le raffinement et le développement ultérieur de circuits
cérébraux

ayant évolué pour produire des comportements adaptés a ’environnement naturel.”

“Learned behavior is dependent on a refinement and further development of brain circuitry
that has evolved to generate adaptive behavior in the natural environment.”

— C.H. Vanderwolf and D.P. Cain,

The behavioral neurobiology of learning and memory: a conceptual reorientation (1994)
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7.1 Summary of the main findings

The aim of this thesis was to test whether key principles of the two-stage model of
memory extend to the human hippocampal system (Buzsiki 1989). In animal models,
memory-related activity is organized across two complementary states. During active wake-
fulness, theta oscillations coordinate neuronal assemblies involved in encoding and retrieval
(Chapter 1.I11.2). During offline states, hippocampal ripples promote the reactivation of
these assemblies and support memory consolidation (Girardeau and Lopes-dos-Santos
2021) (Chapter 1.I11.2.b). The main question addressed here was whether a comparable
organization could be identified in humans using direct recordings of hippocampal and
MTL activity.

The first step was to establish a behavioural task adapted for evaluating the two-
stage memory model in humans (Chapter 3). I used a relational memory task in which
participants learned associations between members of a social community. This task was
designed to engage hippocampus-dependent memory while providing well-defined visual
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and motor events for electrophysiological analyses. Participants with epilepsy were able
to learn and later recall the associations above chance, although they performed worse
and responded more slowly than paired controls. Notably, performance varied across
participants and across paired associates. This variability was essential for the rest of the
thesis, because it allowed neural activity to be related not only to task events, but also to
memory performance.

The second step was to characterize hippocampal activity during active wakefulness
(Chapter 4). I identified a prominent slow oscillation centred around 2 Hz in the hu-
man hippocampus. This oscillation was visible in the raw LFPs, was detected using
unsupervised spectral decomposition, and occurred as transient bursts rather than as a con-
tinuous rhythm. Importantly, hippocampal 2-Hz was strongest in contacts without IEDs,
sometimes showed a clear laminar phase reversal, and was impaired by local referencing.
Moreover, 2-Hz oscillations were observed directly from single-neuron autocorrelograms.
These features indicate that the 2-Hz rhythm is a physiological oscillation that can be
detected in the human hippocampus when spatially distributed activity is preserved.

The behavioural correlates of this rhythm were central to the interpretation of the
thesis. Hippocampal 2-Hz bursts were selectively recruited during mnemonic engagement:
they were stronger during learning and recall than during passive viewing, were evoked
by memory-relevant visual cues, decreased as learning progressed, and were associated
with better subsequent recall. In contrast, comparable effects were not observed for
neighbouring 1- or 6-Hz rhythms. Repetitive stepping movements did not robustly elicit
hippocampal 2-Hz, although this control should be interpreted cautiously because it was
limited to a small number of participants and did not reproduce natural locomotion.
Together, these results support the view that hippocampal 2-Hz oscillations are linked to
memory-guided behaviour but not visual stimulation or movement alone.

The third step was to determine whether this rhythm has the physiological properties
expected from a theta-like coordination mechanism (Chapter 5). I showed that hippocam-
pal neurons phase-locked preferentially to 2-Hz cycles, and that hippocampal gamma
activity was more strongly modulated at 2 Hz than at neighbouring slow frequencies. This
organization was not restricted to the hippocampus. Extra-hippocampal MTL regions,
that is the entorhinal cortex, parahippocampal cortex and amygdala, also synchronized
their neuronal and gamma-band activity to hippocampal 2-Hz phase. In addition, neu-
ronal coactivity across the MTL increased during hippocampal 2-Hz bursts specifically.
These findings indicate that transient 2-Hz events define temporal windows during which
distributed neuronal ensembles are coordinated across the human MTL. The observation
of subsequent memory effects at 2 Hz further suggests that these bursts are linked to
behaviourally relevant memory processing.

The final step was to test whether the online coactivity motifs formed during 2-Hz
bursts reappeared during offline states (Chapter 6). First, I showed that hippocampal 2-Hz
activity was expressed during REM sleep but not during SWS, whereas hippocampal ripples
were most frequent during rest and SWS. This state dependence resembles the alternation
between theta-associated and ripple-associated regimes described in other mammals.
Second, I showed that neuronal coactivity motifs formed during waking 2-Hz bursts were
preferentially reactivated during hippocampal ripples in post-learning rest, controlling for
pre-learning rest effects. This reactivation was stronger for learning-related motifs and for
associations that were later remembered. Together, these findings raise the possibility that
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transient 2-Hz bursts may "tag" behaviourally relevant neuronal assemblies for subsequent
consolidation. In this interpretation, 2-Hz bursts would not simply coordinate ongoing
mnemonic processing, but could also transiently mark distributed assemblies for later
reactivation during hippocampal ripples. To my knowledge, this provides the first direct
evidence in humans that single-neuron coactivity motifs formed during memory-guided
behaviour are reactivated during offline, post-learning hippocampal ripples.

Overall, these findings support the main hypothesis of the thesis. The human hippocam-
pal system exhibits an organization consistent with the two-stage memory model (Fig. 0.1).
During active wakefulness, transient 2-Hz bursts coordinate neuronal activity across the
MTL. During offline states, hippocampal ripples reactivate coactivity motifs formed during
these bursts. The frequency of the organizing rhythm differs from the canonical rodent
theta range, but the functional logic is comparable: slow oscillatory events organize
population activity during online memory processing and link it to ripple-mediated offline
reactivation.

7.I11 Is human hippocampal 2-Hz a putative homo-
logue of type 2 theta?

A central issue raised by these results is whether hippocampal 2-Hz activity should be
considered a putative human homologue of theta oscillations. This question cannot be
answered by analysing the frequency band alone. In animal models, theta is not simply
a band-limited oscillation. It is a state-dependent hippocampal rhythm generated by
specific pathways, shaped by neuromodulatory tone (in particular acetylcholine), and
defined by its ability to coordinate neuronal firing and network activity (Chapter 1.I11.2).
Therefore, the relevant comparison is not whether human hippocampal activity falls within
the same frequency range as rodent theta, but whether it shares the same functional and
physiological organization.

In this view, the 2-Hz rhythm described in this thesis resembles a putative homologue
of type 2 theta (Chapter 1.II1.2). In rodents and rabbits, type 1 theta is classically
associated with locomotion and movement-related exploration, whereas type 2 theta is
slower, disrupted by anticholinergic drugs, and expressed during immobility, arousal, and
sensory processing (Vanderwolf 1969; Kramis et al. 1975; Vanderwolf 1975). The human
2-Hz rhythm described here was not primarily linked to movement. It was evoked by
mnemonic visual cues and increased during learning and recall. These properties are
closer to a type 2-like state than to a movement-related type 1 theta state. Critically, the
re-expression of hippocampal 2-Hz bursts during REM sleep is another strong argument
in favour of the homology hypothesis.

This interpretation is consistent with the broader comparative literature. In species
outside the canonical rat and mouse model, including rabbits, cats, bats and non-human
primates, hippocampal rhythmic activity is often less continuous and more closely linked to
active sensing and mnemonic demands than to locomotion alone (Green and Arduini 1954;
Ulanovsky and Moss 2007; Jutras et al. 2013). In this respect, the intermittency of human
hippocampal 2-Hz should not be viewed as a weakness of the analogy. It may instead be
one of the relevant comparative features. Although rodent theta often appears continuous
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during active exploration, it is itself strongly state-dependent, tracking locomotion (type
1) and states of high arousal (type 2). During natural exploration, continuous locomotion,
head movements, sniffing and other forms of olfactory sampling may therefore create
the appearance of a sustained rhythm in rodents. More generally, neural oscillations
are expressed in many brain regions as transient bursts rather than continuous rhythms,
including theta in the temporal (Fig. 5.12A) and frontal cortices, alpha in the occipital
cortex during cognitive tasks, and beta in the motor cortex (Raghavachari et al. 2001;
Feingold et al. 2015; Zhang et al. 2018a; Halgren et al. 2019; Tal et al. 2020; West et al.
2023; Boroujeni and Womelsdorf 2023; Schmidt et al. 2023). The human hippocampus
may therefore transiently enter slow oscillatory states when memory-guided behaviour
requires coordinated network activity.

Recent pharmacological evidence also supports this interpretation. Scopolamine, a
muscarinic antagonist, disrupted human hippocampal "slow-theta" in the 2-4 Hz range
during memory encoding, and this effect was specific to visually-evoked oscillations
(Gedankien et al. 2023; Gedankien et al. 2026). These findings are important because
cholinergic sensitivity is one of the classical criteria distinguishing type 2 theta in animal
models (Vanderwolf 1975; Kramis et al. 1975; Sainsbury and Montoya 1984). Although
these pharmacological studies in humans employed a different cognitive task from the one
used in this thesis, they support the idea that 2-Hz rhythm I identified here could also be
dependent on cholinergic inputs.

The present findings also agree with the view proposed by Jacobs and colleagues that
human hippocampal theta should be understood as a slower rhythm than rodent theta,
rather than as a direct 8-Hz replica (Jacobs 2014). The data presented here extend
this view by showing that a 2-Hz hippocampal rhythm is not merely present during
memory tasks: it organizes neuronal firing, gamma activity, MTL-wide coactivity, and
subsequent ripple-associated reactivation. Thus, the putative homology lies less in the
absolute frequency than in the function of the rhythm as a state-dependent coordination
mechanism.

At the same time, the present work does not exclude the existence of other theta-
like states in humans. In particular, type 1 theta remains largely unresolved. The
stepping control used here was useful because it isolated rhythmic movement from explicit
memory demands, but it did not reproduce real-world locomotion, vestibular input, active
navigation or sensorimotor exploration. Human studies using ambulatory recordings have
reported theta—range effects during spatial navigation and movement-related behaviour
(Aghajan et al. 2017; Stangl et al. 2021; Maoz et al. 2023; Seeber et al. 2025). Future
work will therefore need to determine Whether humans express multiple theta-like regimes,
including a movement-related rhythm, and how these regimes relate to the 2-Hz mnemonic
rhythm described in this thesis.
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Figure 7.1: Human 2-Hz in a putative evolutionary continuum. In this thesis, [
propose that transient hippocampal 2-Hz oscillations extend an evolutionary continuum
of theta-like rhythms in mammals (Vanderwolf 1969; Winson 1974; Liberson and Cadilhac
1953; Jung and Kornmiiller 1938; Sainsbury and Montoya 1984; Ulanovsky and Moss 2007;
Perentos et al. 2022; Maclean et al. 1955; Brown 1968; Shimazono et al. 1960; Arnolds
et al. 1979a; Mao et al. 2021; Brazier 1968; Arnolds et al. 1980), because they are recruited
during mnemonic engagement (Chapter 4), are evoked by behaviourally relevant cues
(Chapter 4), coordinate single-neuron and gamma activity across the hippocampus and
other MTL regions (Chapter 5), are re-expressed during REM sleep (Chapter 6, (Irecmon
and Walter 1970; Giaquinto 1973; Bédizs et al. 2001; Clemens et al. 2009)), and are
disrupted by anticholinergic drugs (Gedankien et al. 2023; Gedankien et al. 20206).

7.1I1 Why would human hippocampal rhythms be
slower?

The identification of a 2-Hz hippocampal oscillation raises a larger question: why
is the dominant organizing rhythm of the human hippocampus slower than the theta
oscillation typically reported in rodents? One possibility is that this frequency difference
reflects scaling constraints (Perentos et al. 2022; Mao et al. 2021). As brains increase
in size, axonal conduction paths become longer and communication between distant
regions becomes more difficult to coordinate precisely. Slow rhythms provide broader
temporal windows for synchronization, which may facilitate bidirectional interactions
across distributed circuits despite longer conduction delays (Buzsaki et al. 2013). From
this perspective, slower hippocampal rhythms in humans may preserve the logic of theta
coordination while adapting it to the temporal constraints of a larger brain.

This explanation is probably incomplete on its own. Brain size affects conduction
delays, but the frequency of hippocampal rhythms is also shaped by cellular morphology,
synaptic integration and circuit architecture. Recent work on human hippocampal tissue
suggests that human pyramidal neurons differ substantially from their rodent counterparts.
Human CA1 pyramidal neurons have larger dendritic trees, more oblique dendrites and
membrane properties tuned to slow theta frequencies (3-Hz resonance, (Mertens et al.
2024)). Human CAS3 circuits also appear to use sparse and broad recurrent connectivity,
with synaptic properties favouring reliable integration over longer temporal windows
(Watson et al. 2024). More generally, comparative histological studies indicate that human
cortical and hippocampal tissue is characterized by lower neuronal density and greater
inter-neuronal distances than in rodents, together with increased dendritic complexity and
higher perisomatic branching density (I<anari et al. 2025). These observations suggest
that slow hippocampal rhythms may emerge from a sparse but spatially extended circuit
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architecture, in which distributed neurons require broader temporal windows for effective
coordination.

The sparse nature of human hippocampal coding may further favour slow coordination
(Waydo et al. 2006; Wixted et al. 2014; Urgolites et al. 2022; Tallman et al. 2025).
Importantly, this form of sparsity differs from the anatomical sparsity discussed above.
Here, sparsity refers to the selectivity and distribution of neuronal representations. Human
single-neuron studies have repeatedly shown highly selective responses to concepts, persons,
places or episodes (Quiroga et al. 2005). If the neurons contributing to a given neuronal
assembly are sparsely distributed across the hippocampus and connected MTL regions,
then coordinating them may require wider temporal integration windows than those used
by compact local assemblies located in the denser dorsal CA1 pyramidal layer of the
rodent (Kanari et al. 2025). A 2-Hz rhythm provides such a window. It can organize
local neuronal firing and gamma-band activity while allowing enough time for distributed
regions of the MTL to align their excitable windows (Fries 2005).

The same scaling logic may also apply to hippocampal ripples. In rodents, ripple
frequencies often lie above 120 Hz, whereas human hippocampal ripples are commonly
observed at slower frequencies, around 70-90 Hz (Bragin et al. 1999a; Liu et al. 2022). In
this thesis, ripples showed the expected physiological properties and state dependence, but
their frequency and their temporal organization was slower than in mice. This suggests
that both theta-like and ripple-like regimes may be shifted toward slower timescales in
humans. The important point is that the relationship between rhythms is preserved: a
slow oscillatory regime coordinates neuronal activity during wake and REM sleep, whereas
a faster ripple regime is expressed during offline rest and SWS.

This interpretation argues against a strict frequency-band definition of hippocampal
physiology. If the same organizing principle is implemented at different timescales across
species, then frequency bands defined in rodents cannot simply be transferred to humans.
An oscillation should instead be defined by its state dependence, anatomical pathways,
cellular correlates, cross-frequency interactions and behavioural relevance (Fernandez-Ruiz
et al. 2023). In this sense, the hippocampal 2-Hz rhythm described here is not important
because it occupies a particular frequency range. It is important because it coordinates
the relevant biological levels: neuronal spikes, local gamma activity and distributed MTL
networks.

7.1V  Why has hippocampal 2-Hz remained elusive?

One important aspect of the present findings is that the 2-Hz hippocampal oscillation
was prominent in our dataset, yet it has not become central in the human sEEG literature.
Several methodological and conceptual factors may explain this discrepancy.

First, human sEEG studies have often inherited frequency definitions from rodent
electrophysiology and scalp EEG. As a result, analyses frequently focus on theta ranges
beginning at 3 or 4 Hz, whereas activity below this limit is treated as delta, baseline drift,
sleep-related activity or pathology. This convention can make a 2-Hz rhythm invisible by
definition. If the high-pass filter is set above 1 Hz and the theta band begins at 3 Hz, a
rhythm centred around 2 Hz may be attenuated, excluded or interpreted as non-specific
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slow activity. This is especially problematic in the hippocampus, where the relevant
human rhythm may fall precisely at the boundary between conventional delta and theta
bands.

Second, referencing strongly affects the visibility of slow, spatially distributed oscil-
lations. In Appendix A, I showed that local referencing (local microwires or bipolar
reference) can cancel slow oscillations when adjacent contacts contain similar signals, or
distort them when the phase relationship differs across contacts. This effect is expected
to be more dramatic for slow rhythms than for spatially localized faster activity. Previous
studies using bipolar or local referencing may therefore have underestimated hippocampal
2-Hz oscillations, especially if the rhythm was coherent across nearby contacts. This point
is consistent with early reports of human hippocampal rhythmic slow oscillations during
REM sleep which were abolished using bipolar referencing (Bodizs et al. 2001).

Third, because sEEG recordings are usually obtained in patients with epilepsy, slow
activity is often interpreted as abnormal. This caution is justified, particularly near
the seizure onset zone or in contacts with IEDs. However, it can also lead to excessive
dismissal of physiological slow rhythms. The solution is not to ignore pathology, but
to separate physiological from pathological activity using anatomical location, interictal
markers, behavioural state, phase organization, neuronal coupling and by reproducing
observations across participants and studies. Large-scale normative sEEG datasets based
on recordings from non-epileptic regions, such as the atlas described by Frauscher and
colleagues, are useful in this respect (Frauscher et al. 2018). Importantly, this study
explored data from 106 patients and also reported prominent delta-band (0.75-2.25 Hz),
but not theta-band power in the "'normal" human hippocampus. This provides additional
confidence in the physiological relevance of the 2-Hz oscillations described in this thesis.

Finally, many memory tasks use short inter-stimulus intervals. This is partly because
experiments in clinical settings are constrained by time, but also because longer delays
between stimuli can make cognitive tasks feel less natural and less engaging for participants.
These tasks therefore focus on time windows of a few hundred milliseconds after stimulus
onset. However, as I showed in Figs. 4.16, 4.14 and 4.15, the hippocampus is characterized
by large ERP deflections caused by visual stimuli, in particular when the images are
presented several times and have mnemonic value. These ERPs are characterized by
prominent, transient deflections in the LFPs which can spread across frequencies, in
particular in the theta-band range (Fig. 4.16). Moreover, because 2-Hz oscillations have a
period of approximately 500 ms, detecting them requires long analysis windows in order
to capture several cycles of the oscillation. This is necessary to disentangle transient
deflections from genuine oscillatory events. Consequently, prominent ERPs may confound
the detection of genuine slow oscillatory activity in the hippocampus.

Together, these factors suggest that hippocampal 2-Hz has remained elusive not because
it is weak or irrelevant, but probably because it falls between conventional analytical
categories. Indeed, it is slower than the theta band usually inherited from rodent studies,
more spatially extended than rhythms preserved by bipolar referencing, and can be difficult
to distinguish from large stimulus-evoked ERPs.
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7.V Limitations

Several limitations should be considered when interpreting these findings. The first
concerns the study population. All electrophysiological recordings were obtained from
patients with drug-resistant epilepsy. This population provides rare access to human
hippocampal and single-neuron activity, but it also introduces potential confounds related
to interictal activity, anti-seizure medication, brain lesions and sleep disruption. I reduced
these confounds by focusing on contacts outside irritative regions when possible, excluding
epochs with IEDs, and showing that 2-Hz oscillations were strongest in physiologically
"cleaner" contacts. Despite this caution, controls cannot make the dataset equivalent to
recordings from healthy participants. However, it is important to note that early sEEG
recordings in patients with schizophrenia also reported hippocampal LFPs activity "almost
entirely dominated by delta activity" during wakefulness and REM sleep (Brazier 1968;
Brazier 1970; Freemon and Walter 1970). Obtained in a different clinical population,
these observations suggest that prominent slow hippocampal oscillations are not specific
to epilepsy and may instead reflect a general feature of human hippocampal physiology.

Patients with epilepsy often exhibit significant cognitive impairments, which can affect
performance across a wide range of memory tasks (Black et al. 2010; Dinkelacker et al.
2016; Wang et al. 2020; Phuong et al. 2021). Using paired controls and standardized
neuropsychological assessments, I was able to replicate this observation in the population
studied here. This point is important for interpreting the results. When separating
participants into "best and worst" performers, it is possible that these groups partly
reflected differences in the severity of the underlying pathology, with the best performers
corresponding to patients whose brain function was relatively preserved. Interestingly,
the most prominent hippocampal 2-Hz bursts were observed in these better-performing
participants, which further supports the idea that 2-Hz represents a physiological mode of
hippocampal activity rather than a pathological phenomenon.

Importantly, epilepsy is also associated with impairments in social cognition (Monti and
Meletti 2015; Bora and Meletti 2016; Ziaei et al. 2023). Although the present task did not
involve natural social interactions, it relied on learning friendships and navigating a social
community structure, which may have introduced additional cognitive demands for this
patient population. Future studies combining sEEG with more ecologically valid social
paradigms could therefore help clarify how hippocampal and MTL dynamics contribute to
social cognition in epilepsy, and whether disruptions of transient oscillatory coordination
participate in the social and relational difficulties frequently observed in these patients.

A related limitation is sparse implantation schemes, resulting in sparse sampling of
brain regions. Electrode placement was determined solely by clinical need. Consequently,
coverage was uneven across hippocampal subfields, MTL regions and temporal cortical
areas. This is especially important for the single-neuron analyses. Although the results
show phase-locking and coactivity effects across neurons, the number of simultaneously
recorded units in any given region was limited. Therefore, I think that the coactivity motifs
studied here should be viewed as partial samples of larger assemblies. Denser recordings
will be required to determine how these motifs are organized across hippocampal subfields
and how they interact with entorhinal, amygdala and neocortical populations (Paulk et al.
2022; Lee et al. 2024).
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Another limitation in the experimental setup employed in this thesis is the absence
of an eye-tracking system. The visual cues used in the task were photographs of people,
and it has been previously reported that eye movements can influence hippocampal and
MTL activity (Jutras et al. 2009; Hoffman et al. 2013; Katz et al. 2020; Katz et al. 2022).
Although the design minimized motor confounds by using a fixed cross in the center of
the screen between visual stimuli and by comparing memory cues with passive viewing, it
did not directly measure gaze and fixation. Even though it is technically challenging to
implement in the clinical setting, future studies should combine sEEG with eye tracking
to determine how hippocampal 2-Hz bursts relate to visual sampling and saccades.

In addition, the offline reactivation analyses were performed during rest rather than
during full overnight sleep. This was a practical and conceptual choice. Rest sessions
were acquired immediately before and after learning, allowing comparison of pre- and
post-learning ripples while maintaining stable single-neuron recordings. However, long
sleep recordings would provide a more complete test of memory consolidation. Such
experiments are technically demanding because they require stable tracking of single
neurons across pre-learning sleep, task wakefulness and post-learning sleep, often over
more than 36 hours. This remains particularly difficult with current clinical microwire
recordings. Nevertheless, it is an important future goal, because it would allow direct
testing of whether 2-Hz-coordinated motifs reactivate during SWS ripples and whether
this predicts memory retention after a full night of sleep (van Beest et al. 2025).

The interpretation of homology should also remain cautious. The data support a
putative theta-like role for human hippocampal 2-Hz, but they do not establish a one-to-
one identity with rodent theta. Homology requires converging evidence across anatomy,
development, microcircuit mechanisms, pharmacology and behaviour. The present thesis
contributes behavioural-state, electrophysiological and neuronal evidence, but it does not
directly test septal inputs, cholinergic dependence, or the precise cellular generators of
the rhythm. At the same time, the interpretation proposed here is closer to homology
than analogy because it is based on comparative observations across mammals, sharing a
common ancestry. In this interpretation, the human 2-Hz oscillation would not represent
an independently evolved solution to cross-regional neuronal coordination, but rather a
species-adapted expression of an ancestral hippocampal organizing mechanism operating
at a slower timescale. Nevertheless, this interpretation remains speculative, and for this
reason I have used the term "theta-like" or "putative" homologue throughout this thesis.

Finally, the results are mainly correlational. The association between 2-Hz bursts,
neuronal coordination, ripple reactivation and memory performance is consistent with a
causal role, but it does not prove one. Establishing causality will require perturbation.
This could involve electrical stimulation (Suthana et al. 2012; Jacobs et al. 2016; Titiz
et al. 2017) or pharmacological manipulation (Gedankien et al. 2023; Gedankien et al.
2026). However, such experiments are challenging to implement in humans, in particular
in this clinical context.

7.VI Future directions

The results of this thesis open several directions for future work. A first question is
whether hippocampal 2-Hz bursts are specific to visual associative memory or reflect a more
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general state of mnemonic engagement, arousal, or both. The relational memory task used
photographs and names, and the most prominent bursts were evoked by visual memory
cues. Future studies could test auditory, tactile, olfactory or multimodal associations. If
2-Hz bursts are consistently evoked by memory-relevant cues across sensory modalities,
this would support the idea that they reflect mnemonic engagement rather than visual
processing. Such experiments could also help determine whether 2-Hz bursts actively
contribute to the selection or "tagging" of neuronal assemblies for subsequent offline
reactivation, or whether they simply accompany successful encoding states. Conversely,
modality-specific differences could reveal how hippocampal processes adapt to distinct
sensory modalities engaging different brain networks and behavioural demands.

A second and related perspective is to test more natural forms of episodic memory.
The social-community task captured relational learning, but everyday memory often
involves temporally extended events, spatial context, goals or emotions. In addition,
everyday memory relies on fluctuating internal states, which can shape what will be
remembered, and the strength or persistence of memories. Recent developments in chronic
neurostimulation implants for epilepsy (Silva et al. 2021) now make it possible to track
hippocampal dynamics continuously across days or weeks (van Rheede et al. 2022). Such
approaches could help determine how hippocampal 2-Hz bursts evolve across behavioural
states and whether they predict long-term memory formation and maintenance. Future
paradigms could therefore combine chronic recordings with short narrative episodes,
naturalistic videos or virtual environments experienced repeatedly over extended periods.
These approaches would allow testing whether 2-Hz bursts organize the binding of items,
places and temporal context, and whether they contribute to the later reconstruction of
rich episodic experiences rather than simple recall of learned associations.

Navigation remains a particularly important case. Human navigation studies have
reported hippocampal theta-range activity, but results vary across tasks, recording methods
and referencing schemes (Ekstrom et al. 2005; Watrous et al. 2011; Clemens et al. 2013;
Watrous et al. 2013; Aghajan et al. 2017; Stangl et al. 2021; Maoz et al. 2023; Seeber et al.
2025). The present findings suggest that future navigation studies should avoid assuming
that the relevant hippocampal rhythm must lie in the rodent theta range. They should
preserve slow oscillations, avoid local bipolar referencing when possible, and distinguish
hippocampal 2-Hz from temporal neocortical 6-8-Hz oscillations. Real-world navigation,
vestibular stimulation and active locomotion will be especially useful to determine whether
humans express a movement-related theta-like rhythm distinct from the mnemonic 2-Hz
rhythm described in this thesis (Topalovic et al. 2020; Topalovic et al. 2023).

A third direction concerns the 6-8-Hz rhythm observed in the temporal neocortex.
In this thesis, temporal cortical regions outside the MTL were dominated by 6-8-Hz
oscillations, whereas the hippocampus was dominated by 2-Hz bursts. The functional
relationship between these rhythms remains unclear. One possibility is that they reflect
distinct coordination regimes. Alternatively, they could form a cross-regional hierarchy,
in which temporal cortical theta-band oscillations are nested within slower hippocampal
windows. Future analyses examining cross-frequency nesting between hippocampal 2-Hz
and temporal neocortical 6-8-Hz oscillations could help clarify this relationship.

A fourth direction is to study what happens outside 2-Hz bursts. The absence of a
detected oscillatory burst does not mean that the hippocampus is "silent" or disconnected
from other brain regions. Out-of-burst epochs may contain higher firing rates, stronger
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aperiodic activity, different fractal dynamics, or non-oscillatory forms of communication.
They may support local processing, sensory updating, or transitions between network
states. Understanding these periods is important because the most distinctive feature of
the human hippocampal rhythm may be its intermittency. Unlike rodent theta during
locomotion, the human 2-Hz rhythm does not appear to pace hippocampal activity
continuously. The alternation between burst and non-burst states may therefore be central
to human hippocampal function.

Another interesting direction concerns the relationship between hippocampal 2-Hz
bursts during REM sleep and the "sawtooth waves" previously described in scalp EEG.
Sawtooth waves have traditionally been treated as a distinct REM sleep phenomenon,
although sEEG studies reported prominent 2-4 Hz oscillations in mesiotemporal regions
during these events (Frauscher et al. 2020). The spectral and behavioural similarities with
the hippocampal 2-Hz bursts described in this thesis suggest that these phenomena may
be related. At the same time, an important difference concerns ripple dynamics, since the
present results showed lower hippocampal ripple rates during REM sleep, consistent with
results from other studies in mammals. Future work should therefore directly compare
hippocampal 2-Hz bursts and scalp-detected sawtooth waves, determine whether they
recruit similar hippocampo-cortical networks, and clarify whether they reflect the same or
partially distinct REM sleep processes.

Finally, future studies should aim for denser and longer recordings of human single-
neuron activity. The present results show that coactivity motifs formed during waking
2-Hz bursts can reactivate during post-learning ripples, but they capture only a small
fraction of the underlying neuronal population. High-density microelectrode arrays (Paulk
et al. 2022; Lee et al. 2024) could allow neuronal assemblies to be formally detected and
tracked across the day and overnight sleep (Lopes-dos-Santos et al. 2013). This would
provide a direct test of the full two-stage model in humans (Buzsaki 1989), from online
assembly formation to sleep reactivation and long-term memory retention.

Beyond their theoretical implications, these findings may also have translational rele-
vance. If memory formation depends on transient 2-Hz coordination across hippocampal
and limbic networks, then restoring or reinforcing this coordination could represent a
potential target for neuromodulation. Recent work showed that stimulation of the Papez
circuit at 2 Hz (anterior thalamus) reduced seizures and was associated with improved
memory outcomes in patients with temporal lobe epilepsy (Kremen et al. 2025). Although
these effects should not be interpreted as a direct replication of the physiological rhythm
described in this thesis, they support the broader idea that slow-frequency modulation of
hippocampo-limbic circuits can influence both memory and network excitability. Future
studies should therefore test whether memory-related stimulation effects depend not
only on stimulation frequency, but also on behavioural state and ongoing physiological
oscillatory dynamics.
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A Appendix: Local referencing

In Chapter 4.I1.4.c, we observed that local referencing methods such as bipolar or local
referencing impairs the detection of slow oscillations in the LFPs. This observation arises
from the fact that slow oscillations are often spatially widespread and can be detected
across multiple contacts located in the same region of interest. When using bipolar or local
referencing, the subtraction of adjacent contacts can lead to the cancellation of these slow
oscillatory components, making them less visible or even undetectable in the re-referenced
signal (Fig. 4.11A). However, this is true only if the oscillatory cycles detected from two
adjacent contacts have the same phase. To illustrate this phenomenon, we time-shifted
one of the macrocontact signals presented in Fig. 4.11A (100, 280, 460 ms), and repeated
the bipolar subtraction on these rolled signals (Fig. A.1). Interestingly, when the two
signals were in phase, bipolar referencing led to the cancellation of the 2-Hz oscillatory
burst (Fig. A.1A; D, 0 ms and 460 ms). However, when the two signals were out of phase,
bipolar referencing resulted in an apparent increase in 2-Hz power, associated with a
phase distortion of the resulting signal (Fig. A.1B, C, 100 ms and 260 ms).

Although visually striking, these examples were obtained by artificially shifting one
signal’s phase by a substantial time interval. This may not occur in real recordings, as the
phase delay of an oscillation detected on adjacent macrocontacts is constrained by their
distance, the propagation speed of the oscillation, and the underlying dipole orientations.
We therefore examined whether such amplification of the 2-Hz bursts could occur in our
data. In some instances, bipolar referencing produced an apparent increase in 2-Hz power,
accompanied by phase distortion of the resulting signal (Fig. A.2). Although rare, these
cases show that bipolar referencing can yield either a decrease or an increase in 2-Hz
power, depending on the phase relationship between the original signals.

Next, we investigated whether the phase difference between two adjacent macrocontacts
could predict the change in 2-Hz amplitude induced by bipolar referencing across detected
2-Hz bursts. LFPs signals recorded in viewing, learning and recall sessions from two
adjacent macrocontacts (Mac 1, Mac 2; common median reference) were aggregated and
z-scored. A bipolar signal was constructed by subtracting the signals recorded from
the two adjacent macrocontacts and subsequently z-scored. IMFs were extracted using
tmEMD, and the instantaneous phase and amplitude of the 2-Hz IMF were obtained for
each of the three signals ("Mac 1", "Mac 2" and "Bipolar"). For each 2-Hz burst initially
detected on the deepest macrocontact, we computed the mean phase difference between
the 2-Hz IMF of the two adjacent macrocontacts before bipolar referencing ("Mac 1" and
"Mac 2"). Phase differences were computed using circular subtraction and summarized
using the circular mean, and expressed in absolute phase values. Consequently, a phase
difference of 0° indicates that the two signals are in phase, while a phase difference of 180°
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Figure A.1: Bipolar refer-
ence with different phase
relationships. (A) Example
LFP signals from two adjacent
macrocontacts (top) and their
bipolar reference (bottom), as
in Fig. 4.11A. The 2-Hz oscilla-
tory burst is visible in both com-
mon median referenced signals,
but it is cancelled in the bipo-
lar reference due to the in-phase
relationship between the two
macrocontacts. (B, C) Same as
A but with one signal shifted
by 100 ms (B) and 260 ms (C).
The 2-Hz burst is now out of
phase, leading to an apparent
increase in 2-Hz power in the
bipolar-referenced signal. (D)
Same as A, but with one signal
shifted by 460 ms (one period of
a 2-Hz oscillation). By restor-
ing the in-phase relationship, 2
Hz oscillatory bursts are atten-
uated in the bipolar-referenced
signal.
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indicates that the two signals are in anti-phase. We observed that the phase difference
between adjacent macrocontacts varied across bursts and participants, with most of the
bursts showing modest phase differences (below 50°, Fig. A.3) and a few showing larger
differences. Note that at 2 Hz, a phase difference of 50° corresponds to a time delay of
approximately 70 ms.

We then measured the mean instantaneous amplitude of the 2-Hz IMF within each
burst for the bipolar signal and for each median-referenced macrocontact. The median-
referenced amplitude was defined as the average across the two macrocontacts. The
change in 2-Hz amplitude induced by bipolar referencing was quantified, for each burst,
as the relative difference between the bipolar and median-referenced amplitudes (in %).
Finally, we computed the correlation between the phase difference and the change in
2-Hz amplitude across all detected bursts. We observed significant positive correlations,
indicating that larger phase differences were associated with greater increases in 2-Hz
amplitude when using the bipolar reference (Fig. A.3).
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Figure A.3: Correlation between phase difference and 2-Hz amplitude change
induced by bipolar referencing. (A—H) Scatter plots showing the relationship between
the phase difference of the 2-Hz oscillation detected on two adjacent macrocontacts and
the change in 2-Hz amplitude induced by bipolar referencing for eight participants. Each
point represents a 2-Hz burst, with the x-axis representing the phase difference (in degrees,
absolute phase values) and the y-axis representing the change in 2-Hz amplitude (in %)
induced by bipolar referencing. Significant positive correlations were observed, indicating
that larger phase differences are associated with greater increases in 2-Hz amplitude
in the bipolar reference. CMDR, common median reference; Bipolar, bipolar reference.
Correlations were computed using Pearson’s correlation coefficient.

To further illustrate this relationship, we computed the correlation between the phase
difference and the change in amplitude induced by bipolar referencing across participants.
We observed significant positive correlations for the 1- and 2-Hz oscillations, but not for
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the 6-Hz oscillation (Fig. A.4A-C). Similar correlations were obtained when considering all
detected bursts pooled across participants (Fig. A.4D-F). This is consistent with the fact
that 6-Hz oscillations are more spatially localized, making them less sensitive to bipolar
referencing.
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Figure A.4: Correlation between phase difference and amplitude changes induced
by bipolar referencing across participants. (A—C) Scatter plots showing the
relationship between the phase difference of the 1- (A), 2- (B) and 6-Hz (C) oscillations
and the change in amplitude induced by bipolar referencing across participants. Note the
absence of correlation at 6 Hz (C). (D—F) Scatter plots showing the relationship between
the phase difference of the 1- (D), 2- (E) and 6-Hz (F) oscillations and the change in
amplitude induced by bipolar referencing across all detected bursts. Correlations were
computed using Spearman’s rank correlation coefficient. Note that the magnitude of the
average amplitude change induced by bipolar referencing is maximal for 2-Hz oscillations
(-5.8%) compared to the 1- (-3.2%) and the 6-Hz (-3.7%) oscillations. This is visible on
the joint histograms presented on the right of individual scatter plots.

Taken together, these results show that the phase relationship between adjacent contacts
is an important factor to consider when interpreting the effects of bipolar referencing on
slow oscillations. This further supports our decision to use the CAR for all analyses in this
manuscript, as it better preserves slow oscillatory components without introducing phase
distortions. It may also explain the variability in the detection of slow oscillations across
studies using bipolar referencing, in particular for 2-Hz oscillations in the hippocampus.
In our dataset, 6-Hz oscillations were less affected by bipolar referencing (Fig. 4.11C and
Fig. A.4C), which could provide an explanation for the focus on this frequency band in
previous hippocampal sEEG studies.

In addition, recent studies have shown that slow oscillations can be interpreted as
travelling waves in the hippocampus, with phase shifts across adjacent macrocontacts
(Zhang and Jacobs 2015; Zhang et al. 2018a; Kleen et al. 2021). Depending on the
orientation of the electrode shaft across the dipole generating the slow oscillation, and the
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direction of propagation of the travelling wave, the phase relationship between adjacent
macrocontacts may vary across individual bursts. Indeed, our results point to the fact that
not all bursts are affected identically by bipolar referencing, and not all participants show
the same effect (Fig. A.4). This suggests that previous studies using bipolar referencing
may have detected only a subset of the slow oscillatory bursts present in their recordings,
and amplified those with strong phase shifts between adjacent macrocontacts.

In conclusion, our results highlight the importance of carefully considering the choice
of referencing method when analysing slow oscillations in sEEG recordings, as it can have
a significant impact on the detectability and interpretation of these oscillations.
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B Appendix: Gamma oscillations

B.I Definition of gamma oscillations

Gamma oscillations are a fundamental property of brain networks, observed across
many animal models and brain regions (Chapter 1.I11.2). In rodents, although historically
defined by the broad frequency band (30-150 Hz) used to extract them from LFPs, they
are now believed to report (or even constitute) the activity of diverse neural circuits and
pathways (Fernandez-Ruiz et al. 2023).

In humans, by contrast, gamma activity is frequently studied under the label of
“broadband gamma” (typically 60-160 Hz). In this view, gamma is treated as a wide
spectral component defined primarily by its frequency range, rather than by the specific
biological circuit that generates it. Broadband gamma has been widely used in sEEG
studies to investigate neural representations of external stimuli (e.g., visual or auditory
features), movement, and internal states (Miller et al. 2009a; Ghuman et al. 2014; Miller et
al. 2014; Miller et al. 2016; Gueguen et al. 2021; Broday-Dvir et al. 2023). Although useful
for achieving tractable decoding accuracies, broadband gamma, as currently defined in the
human sEEG literature, does not satisfy the criteria of a neural oscillation (Fernandez-Ruiz

et al. 2[)‘23).

Here, I propose that the absence of a clear definition of gamma oscillations in humans
can be attributed, at least in part, to technical constraints inherent to clinical SEEG
recordings.

First, electrode contacts used for clinical epilepsy monitoring are substantially larger
than the microelectrodes typically employed in animal models. Because these macroelec-
trodes record neural activity across multiple cortical layers simultaneously, the measured
signals represent an average of extracellular potentials from different layers, resulting in a
loss of laminar and/or columnar specificity.

Second, interindividual variability in brain anatomy among patients with epilepsy is
high, leading to electrode contacts being positioned at different locations and oriented
at varying angles relative to the underlying neuronal current dipoles across subjects. In
addition, uncertainty in the reconstruction of electrode contact locations using MRI/CT
scan co-registration is considerable. Given that gamma oscillations are local (micrometre-
resolved), this important variability in the location of electrode contacts decreases the
chance of recording twice from the same network across subjects. It is thus very challenging
to generalize across participants when referring to gamma-band phenomena.

Finally, recording setups employed in clinical settings often introduce line noise (50
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or 60 Hz) into electrophysiological recordings, which can adversely affect the detection
of genuine physiological gamma oscillations, particularly when notch filters are applied.
Beyond these methodological considerations, it remains possible that gamma-band activity
in the human brain differs fundamentally from that observed in rodents.

In this appendix, we aim to characterize the gamma-band phenomena observed in our
recordings. We first examine hippocampal activity during task engagement, specifically
assessing whether well-defined gamma oscillations can be identified directly in raw LFP
signals. We then focus on regions of the ventral visual stream to determine whether
stimulus onset elicits sustained oscillatory gamma activity in these areas.

B.II Analysis of gamma-band bursts in the human
hippocampus

We first examined average PSDs computed from hippocampal LFPs over the entire
learning session, focussing on the gamma band. We observed that some hippocampal
macrocontacts displayed a clear spectral peak in the gamma range, whereas the vast
majority of hippocampal macrocontacts showed a more typical power-law distribution
(Fig. B.1A,B). The presence of IEDs was associated with a more pronounced power-law
distribution (Fig. B.1C).
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Figure B.1: Hippocampal power spectral densities in the gamma band. (A)
Heatmap showing average PSDs across all hippocampal macrocontacts and subjects,
normalized by the maximal power. Each row corresponds to a single macrocontact, sorted
by the mean power in the 60-100 Hz range. (B) Average PSDs showing the top (yellow)
and bottom (blue) hippocampal macrocontacts in terms of mean power in the 60-100
Hz range. Some of the top macrocontacts show a clear spectral peak in the gamma
range (60-100 Hz), whereas the bottom macrocontacts show a more typical power-law
distribution. (C) Average PSDs across either all macrocontacts (black), macrocontacts
with (yellow) or without (grey) IEDs.

Next, we examined whether the presence of a gamma peak in the PSDs was associated
with transient bursts of gamma activity in the time domain. We found that macro-
contacts showing a clear gamma peak in the PSDs also displayed transient bursts of
gamma activity, observed both in the LFP signals recorded from macrocontacts and local
tetrodes (Fig. B.2A-C). However, gamma power was not higher in tetrode recordings,
and the gamma bursts were not longer nor more pronounced than those observed in the
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macrocontacts. Gamma bursts were also observed in other hippocampal macrocontacts
showing a clear gamma peak in the PSDs, across different subjects (Fig. B.2D-I). However,
this pattern was observed only in a small subset of all hippocampal macrocontacts, and
the presence of gamma bursts was not consistent across subjects (data not shown). In
addition, we were not able to find additional evidence for gamma bursts recorded on other
hippocampal tetrodes in our dataset (data not shown). This is likely due to the sparse
implantation of tetrodes and the important variability between participants.
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Figure B.2: Gamma-band bursts in the human hippocampus. (A—C) Some
hippocampal recording sites displayed clear transient bursts of gamma activity. Average
PSDs computed from two adjacent macrocontacts (A) and their local tetrodes (B) located
in the human hippocampus. Clear peaks in the gamma range can be observed in the PSDs
of both macrocontacts and local tetrodes. (C) Example LFPs traces from simultaneously-
recorded macrocontacts and tetrodes shown in (A) and (B), with corresponding wavelet
spectrogram, showing transient bursts of gamma activity in the time domain. (D—I) Same
as (A,C) for other macrocontacts located in the hippocampus, showing clear gamma
peaks in the PSDs (D,F,H) and transient bursts of gamma activity in the time domain
(E,G,I).
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B.III Gamma-band responses in the ventral visual
stream

To better understand the nature of this broadband signal, we measured gamma
responses in the entorhinal cortex, amygdala and fusiform gyrus to the presentation of
photographs at various stages of the relational memory task (Fig. B.3, Fig. B.4, Fig. B.5).
We selected these regions because they have previously been implicated in face processing
and because the task we used presented photographs of people. Even though all three
regions displayed comparable modulation strength (peak) after the onset of the visual
cues in the recall questions (type 2 memory questions, see Fig. 3.1), the duration of this
response was longer in the fusiform gyrus compared with the amygdala and the entorhinal
cortex (Fig. B.3). Gamma responses in the amygdala and entorhinal cortex were transient
(less than 100 ms) and consistent across electrode contacts and subjects.

In the amygdala, gamma responses were more prominent following the onset of learning
photographs compared with viewing photographs (Fig. B.4A), a pattern not observed
in the fusiform gyrus (Fig. B.5A). We therefore focused on the conditions eliciting the
strongest gamma responses in each region: learning photographs for the amygdala and
viewing photographs for the fusiform gyrus.

When broadband gamma activity was subdivided into three narrower frequency bands
(20-60 Hz, 60-100 Hz, and 100-140 Hz), the gamma response in the amygdala was
dominated by the 60-100 Hz component (Fig. B.4B). In contrast, gamma activity in the
fusiform gyrus remained broadly distributed across frequencies (Fig. B.5B). In addition,
the gamma response was markedly shorter in duration in the amygdala (less than ~100
ms) than in the fusiform gyrus (~500 ms).

To further characterize these differences at the level of individual recording sites,
we selected the macrocontact exhibiting the strongest gamma response in each region
(Fig. B.4C; Fig. B.5C). Measuring broadband gamma power across individual trials free
of IEDs revealed that responses in the amygdala were highly consistent across trials,
whereas those in the fusiform gyrus showed greater variability. In addition, average
wavelet spectrograms demonstrated that gamma activity in the amygdala was well defined
within the mid-gamma range (50-100 Hz), whereas in the fusiform gyrus it was distributed
across a broader frequency spectrum.

We further confirmed these findings by computing the average LFPs time-locked to
the peak amplitude of broadband gamma (60-160 Hz) in the amygdala (Fig. B.4D), and
to narrower frequency bands (60—, 80—, 100—, and 120-160 Hz) in the fusiform gyrus
(Fig. B.5D). This time-domain representation revealed that gamma responses in the
amygdala consisted of transient, non-oscillatory events peaking at approximately 50-60
Hz (Fig. B.4E).

Finally, analysis at the single-trial level confirmed the transient nature of gamma
responses in the amygdala (Fig. B.4F-H) and the sustained, broadband responses observed
in the fusiform gyrus (Fig. B.5E-G). The latter pattern is consistent with the spectral tilt
previously reported in the literature (Miller et al. 2009D).

Finally, we examined whether gamma responses were also present in occipital regions,
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Figure B.3: Gamma-band responses to photographs in the recall session. (A—C)
Broadband gamma (60-160 Hz) amplitude evoked by the onset of recalling photographs
in the entorhinal cortex (A), amygdala (B) and fusiform gyrus (C). Top, average response
across all macrocontacts. Bottom, heatmap showing traces obtained from individual
macrocontacts, sorted by the amplitude of the first peak. Evoked gamma amplitude was
obtained by z-scoring individual traces using the statistics from the baseline (-1 to -0.5 s).
(D—E) Left, gamma amplitude evoked by the onset of recalling photographs for different
frequency bands, averaged across all macrocontacts (20-60 Hz, 60-100 Hz, 100-140 Hz,
60-140 Hz). Right, zoom on the first gamma peak (-0.05 to +0.4 s). The colour of
individual traces is sorted from darker to brighter tones based on the average amplitude
in the selected epoch (40.1 to +0.2 s) to reflect their modulation strength.
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which are known to exhibit clear gamma-band oscillations in response to visual stimuli.
To do this, we focussed on macrocontacts located in the lingual gyrus and lateral occipital
cortex, which are part of the ventral visual stream. We found that some macrocontacts
displayed a clear gamma modulation following the onset of visual stimuli (Fig. B.6A-D).
Although the gamma bursts evoked by visual stimuli in these regions were quite prolonged,
they showed substantial variability in frequency across trials (ranging from 60 to 140 Hz).
Unfortunately, occipital regions were only sparsely covered in our recordings, and none of
them had tetrodes in their vicinity, preventing us from further characterizing the nature
of these gamma responses.

Taken together, these analyses revealed that some hippocampal macrocontacts displayed
a clear gamma peak in the PSDs, which was associated with transient bursts of gamma
activity directly visible in the raw LFP traces. These hippocampal gamma bursts could
be observed both on macrocontacts and tetrodes, and they were equally prominent in
the tetrode recordings. This suggests that the size of the recording contact does not
necessarily impair the detection of gamma oscillations. However, this pattern was observed
only in a subset of all hippocampal macrocontacts, and the presence of gamma bursts was
not consistent across subjects. This observation is likely due to the important variability
between participants and to the convoluted histology of the human hippocampus, which
makes it particularly challenging to record twice from the same microcircuit.

In addition, we found that visual stimuli elicited sustained gamma responses in the
fusiform gyrus, but transient gamma responses in the amygdala, which did not correspond
to well-defined oscillations in the time domain. Moreover, even in regions known to exhibit
clear gamma-band oscillations (the occipital cortex), we observed a mixture of convincing,
oscillatory gamma bursts and broadband responses.

These results suggest that the gamma-band activity observed in our recordings may
reflect a mixture of different network phenomena, including transient bursts of gamma
oscillations and non-oscillatory broadband responses. The latter pattern is consistent with
the spectral tilt previously reported in the literature (Miller et al. 2009b). Future studies
combining high-density laminar recordings, microelectrodes, and improved anatomical
reconstruction methods will be necessary to better characterize gamma-band phenomena
in the human brain and to determine which components correspond to genuine oscillatory
network activity versus broadband, non-oscillatory responses.
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Figure B.4: Gamma-band responses in the amygdala. (A) Broadband gamma (60—
160 Hz) amplitude evoked by the onset of viewing (left) or learning (right) photographs in
the relational memory task. Top, average response across all amygdala macrocontacts.
Bottom, heatmap showing traces obtained from individual amygdala macrocontacts, sorted
by the amplitude of the second peak in the learning condition (+1.1 to +1.2s). Evoked
gamma amplitude was obtained by z-scoring individual traces using the statistics from the
baseline (-1 to -0.5s). (B) Top, average gamma amplitude evoked by the onset of learning
photographs for different frequency bands (20-60 Hz, 60-100 Hz, 100-140 Hz, 60-140 Hz).
Bottom, magnified view of the second gamma peak (40.95 to +1.4s). The colour of
individual traces is sorted from darker to brighter tones based on the average amplitude
in the +1.1 to +1.2s epoch to reflect their modulation strength. (C) Example response
from the amygdala macrocontact which showed the most prominent gamma modulation.
From top to bottom: ERPs, with corresponding wavelet spectrogram, average broadband
gamma (60-160 Hz) amplitude, and heatmap showing broadband gamma across individual
trials (sorted). (D) Average LFPs triggered by gamma peaks detected in the (+1.1
to +1.2s) time range, showing a transient gamma response nested on the first positive
component of the typical amygdala visual ERPs. (E) PSDs computed from the wavelet
spectrogram in the (+1.1 to +1.2s) time range. (F—H) LFPs traces and spectrograms
from three example trials centred on the peak of the gamma response detected as in D.
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Figure B.5: Gamma-band responses in the fusiform gyrus. (A) Broadband
gamma (60-160 Hz) amplitude evoked by the onset of viewing (left) or learning (right)
photographs in the relational memory task. Top, average response across all fusiform
gyrus macrocontacts. Bottom, heatmap showing traces obtained from individual fusiform
gyrus macrocontacts, sorted by the amplitude of the first peak in the viewing condition
(+0.1 to +0.3s). Evoked gamma amplitude was obtained by z-scoring individual traces
using the statistics from the baseline (-1 to -0.5s). (B) Top, average gamma amplitude
evoked by the onset of viewing photographs for different frequency bands (20-60 Hz,
60-100 Hz, 100-140 Hz, 60-140 Hz). Bottom, zoom on the first gamma peak (-0.05 to
+0.48). The colour of individual traces is sorted from darker to brighter tones based on the
average amplitude in the +0.1 to +0.3s epoch to reflect their modulation strength. (C)
Example response from the fusiform gyrus macrocontact which showed the most prominent
gamma modulation. From top to bottom: ERPs, with corresponding wavelet spectrogram,
average broadband gamma (60-160Hz) amplitude, and heatmap showing broadband
gamma across individual trials (sorted). (D) Average LFPs triggered by gamma peaks
(60—, 80—, 100—, or 120-160 Hz) detected in the (+0.1 to 40.3s) time range, showing a
more sustained gamma response than that of the amygdala (Fig. B.4C). (E—G) LFPs
traces and spectrograms from three example trials centred on the onset of the photograph
as in C.
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Figure B.6: Gamma-band responses in regions of the occipital lobe. (A) Example
response from a macrocontact located in the lingual gyrus which showed the most
prominent gamma modulation. From top to bottom: ERPs, with corresponding wavelet
spectrogram, average broadband gamma (60-160 Hz) amplitude, and heatmap showing
broadband gamma across individual trials (sorted). (B) LEFPs traces and spectrograms
from four example trials centred on the onset of the photograph. (C and D) Same as A
and B for a contact in the lateral occipital cortex which displayed a prominent gamma
modulation.
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C Appendix: Analysis of the Refer-
ences used in this thesis

The references cited throughout a thesis reflect a series of intellectual choices and
influences. Although the references employed in my thesis were used to support specific
scientific arguments rather than to provide a systematic review of the literature, the
collection of cited works nevertheless offers a glimpse into the research traditions that
shaped the present thesis. Hence, the purpose of this appendix is twofold. First, it
attempts to provide a transparent overview of potential biases in the selection of references.
Second, it highlights the authors, journals, and periods of publication that most strongly
influenced the theoretical background, methodological choices, and interpretation of the
results presented throughout the thesis.

General approach: To describe the composition of the bibliography, I first parsed
the compiled bibliographic file (.bib file generated by the LaTeX compiler) into a structured
table with one row per cited work. For each entry, I extracted the citation key, document
type, title, year, authors, and source (journal). I then cleaned the text to remove formatting
artefacts, grouped author names at the surname level, and harmonised source names
so that small spelling or formatting differences did not create separate categories. This
produced a single dataset that could be used to summarise the bibliography by year,
journal, and author. The bibliography contained ~636 citations, of which 589 were journal
articles, including original research papers, reviews and opinion articles (Fig. C.1A).

Journals and years: I then examined the temporal distribution of the references
by assigning each citation to a decade based on its publication year. This provides a
broad overview of when the cited literature was published, without placing too much
weight on year-to-year fluctuations (Fig. C.1B). In parallel, I summarised the journals
and other sources represented in the bibliography after harmonising journal names and
excluding book-like sources from the journal count. Out of the 589 journal articles, 548
were published in journals which could be automatically identified, disregarding single
occurrences. For Fig. C.1C, I focused on the most frequently cited journals (top 20), as
these give the clearest view of the publication landscape supporting the thesis (representing
72.3% of the article citations). The top-cited journals were: Neuron (14.4%), Science
AAAS (10.6%), Nature Neuroscience (9.8%), Journal of Neuroscience (9.3%), Nature
(7.6%), representing more than half of the citations in the selected journals (51.7%).

Authors: To summarise the authors of the bibliography, I counted citations at
the surname level rather than at the full-name level, so that repeated references to the
same author were grouped together. I took this decision because the first names varied
considerably between citation formats and proved too challenging to track accurately.
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Figure C.1: References: timeline and journals. (A) Bar chart showing the main
types of documents cited. (B) Bar chart showing the number of citations per decade. (C)
Pie chart showing the distribution of the most frequently cited journals in the bibliography.
Percentages indicate the proportion of references attributed to each journal, and the total
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Where necessary, surnames were normalised to merge spelling variants while preserving the
original form for display. I then identified the most frequently cited authors (Fig. C.2A).

To complement the citation counts, I examined the relationships between the most
frequently cited authors using a co-occurrence network (graph not shown). In this network,
two authors were connected when they appeared together on the same cited publication,
irrespective of their position in the authors’ list. I focused on two complementary measures.
The first, weighted degree, quantifies the total strength of an author’s connections by
summing all co-authorship links (Fig. C.2B). For example, an author who repeatedly
publishes with many other highly cited authors (in my thesis) would have a high weighted
degree. The second, degree centrality, quantifies the proportion of authors in the network
to whom a given author is connected, irrespective of how often those connections occur
(Fig. C.2C). For example, an author who has collaborated at least once with many different
authors would have a high degree centrality, even if each collaboration occurred only a
single time. Together, these measures distinguish authors who are strongly embedded
within collaboration networks from those whose work spans a broader range of connections
across the citation network.

Buzsaki— Fried 48 Jacobs - 0.486
Fried Kahana— Kahana— 0.459
Kahana— Jacobs - 46 Fried 0405
Wilson— Axmacher-| 29 Lin+
Miller Lin| 2 Buzsaki 0.351
Dupret— Wilson 25 Staresina-|
Jacobs Lega— 24 Wilson | 0.324
Liu+ Buzsaki-| 23 Zhang
Squire Schulze-Bonhage - Liu-
Wang Zhang- 22 Smith | 0.297
Lin+ Fell 20 Schulze-Bonhage | 0.270
Axmacher Bragin- Bragin
Elger Liu Lee
Eichenbaum— Wang - 19 McNaughton -
Cohen Suthana 18 Axmacher- 0243
Lopes-dos-Santos - Miller— Miller
Lega-| Staresina| de la Prida-
Zhang | Eliashiv Wang
Fell Madsen 7 Lega— 0216
Staresina Smith 16 Ekstrom 0.189
Rutishauser-| Chen+ 15 Chen+ 0162
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Figure C.2: References: authors. (A) Bar chart showing the most frequently cited
authors in the bibliography, quantified at the surname level. (B) Bar chart showing
the weighted degree of the most frequently cited authors in the co-occurrence network,
reflecting the total strength of their connections to other highly-cited authors. (C) Bar
chart showing the degree centrality of the same network, reflecting the proportion of
authors to whom each author is connected.
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