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Abstract

Controlling our own internal world is an essential skill for adaptive, goal-directed be-
haviour. A domain-general inhibitory control mechanism, historically examined through
stopping a prepotent motor response already underway, has also been found to block
retrieval of memories that conflict with current goals. This ability underpins coherent en-
gagement with the environment, is important for affect regulation and mental health, and
is impaired in psychiatric disorders marked by intrusive thoughts, such as major depres-
sion, post-traumatic stress disorder, anxiety disorders, obsessive—compulsive disorder and
schizophrenia.

While the suppression of internal thoughts can be challenging to investigate under ecolog-
ical conditions, the Think/No-Think task provides an experimental paradigm to study par-
ticipants’ voluntary stopping of memory retrieval. Works on the neural correlates of this
paradigm have established that prefrontal areas target the hippocampus, possibly resulting
in neural inhibition within the hippocampal formation. Cortical modulations described in
the literature further point to deactivation of the visual cortex, of stimulus-specific percep-
tual regions recruited during encoding of experimental items, and suggest a deactivation
pattern in the Default Network.

However, no comprehensive quantitative account of the cortical correlates of Retrieval
Stopping has ever been made.

In this project a mega-analysis pooling was conducted on raw functional Magnetic Reso-
nance Imaging (fMRI) data acquired while humans perform the Think/No-Think task, to
observe hippocampal and Default Network subsystems task modulation in a large sam-
ple. We found that both right hippocampus and left hippocampus were heavily responsive
to task trials: activation during Think trials was comparable to baseline, whereas No-
Think trials exhibited negative functional response, with a larger effect size in the right
hippocampus relative to the left. Most interestingly, we found an activity dissociation of
Default Network subsystems: while Default Network B (DN-B) activity is not modulated
by the Think/No-Think task, Default Network A (DN-A) is strongly affected, exhibiting
reduced activity during No-Think trials relative to Think trials. The results presented here
show that both the right and left hippocampus are subject to deactivation during retrieval
stopping, with the right hippocampus displaying a greater degree of modulation. They
outline a pattern of cortical deactivation following retrieval stopping, highlighting how
DN-A areas recapitulate hippocampal downregulation.

These findings bring further evidence for the functional specialization of Default Network
subsystems: they corroborate current accounts of DN-A as underlying memory retrieval
and internally directed thought, whereas DN-B’s lack of modulation during the TNT task

is consistent with its proposed role in non-mnemonic functions.






Abstract in Italiano

Il controllo del proprio mondo interiore ¢ un’abilita essenziale per un comportamento
flessibile, adatto per gli scopi del momento. E’ stato dimostrato come un meccanismo di
controllo inibitorio unico per qualsiasi dominio, storicamente studiato tramite 1’interruzione
di una risposta motoria gia in atto, possa inibire anche il recupero di ricordi che entrano in
conflitto con i nostri obiettivi attuali. Questa abilita ¢ alla base di un’interazione coerente
con I’ambiente, ¢ importante per la regolazione affettiva e la salute mentale e risulta com-
promessa nei disturbi psichiatrici caratterizzati da pensieri intrusivi come la depressione
maggiore, il disturbo da stress post-traumatico, i disturbi d’ansia, il disturbo ossessivo-
compulsivo e la schizofrenia.

Nonostante la soppressione dei pensieri interni sia difficile da indagare in condizioni
ecologiche, il paradigma Think/No-Think offre un modello sperimentale per studiare
I’interruzione volontaria del recupero della memoria nei soggetti. Gli studi sui correlati
neurali di questo paradigma hanno stabilito che le aree prefrontali bersagliano 1’ippocampo,
risultando potenzialmente a un’inibizione neurale della struttura. Le modulazioni corti-
cali riportate in letteratura puntano inoltre a una deattivazione della corteccia visiva, delle
aree percettive stimolo-specifiche attivate durante la codifica degli stimoli sperimentali, e
suggeriscono un pattern di deattivazione della Default Network.

Tuttavia, non ¢ ancora stata realizzata una valutazione quantitativa esaustiva dei correlati
neurali nella corteccia del Retrieval Stopping.

Questa tesi riporta una mega-analisi condotta raggruppando dati di Risonanza Magnet-
ica funzionale (fMRI) acquisiti durante I’esecuzione del compito Think/No-Think da
parte di soggetti umani per analizzare la modulazione dell’ippocampo e dei sottosis-
temi della Default Network in un campione di grandi dimensioni. Abbiamo riscontrato
che sia I'ippocampo destro che quello sinistro erano fortemente responsivi ai trial del
compito: I’attivazione durante i trial Think era attorno alla baseline, mentre i trial No-
Think mostravano una risposta funzionale negativa. Inoltre, 1’effetto del trial era mag-
giore nell’ippocampo destro rispetto al sinistro.

Ancora piu interessante, abbiamo riscontrato una dissociazione funzionale dei sottosis-
temi del Default Network: mentre 1’attivita del Default Network B (DN-B) non ¢ mod-
ulata dal task Think/No-Think, il Default Network A (DN-A) ¢ fortemente influenzato,
mostrando una riduzione di attivita nei trial No-Think rispetto ai trial Think.

I risultati qui presentati mostrano che sia 1’ippocampo destro che quello sinistro sono
soggetti a deattivazione durante il Retrieval Stopping, con modulazione pili ampia nella

struttura destra. Inoltre, delineano un pattern di deattivazione corticale evidenziando come



le aree del DN-A ricapitolino la deattivazione ippocampale. Queste scoperte portano
quindi ulteriori evidenze a favore della specializzazione funzionale dei sottosistemi della
Default Network: supportano la visione del DN-A alla base del recupero della memo-
ria, mentre la mancata modulazione del DN-B durante il task & coerente con il suo ruolo

proposto nelle funzioni non mnestiche.
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1 INTRODUCTION 9

1 Introduction

1.1 Retrieval Stopping

Everybody has, at some point, felt the need to avoid remembering something once con-
fronted with its reminder. We stumble back to places where something distressing hap-
pened, meet acquaintances who remind us of embarrassing events, or hear a song that
reminds us of an unwelcomed memory. Remarkably, we seem to have the ability to vol-
untarily intervene when such a memory begins to surface into awareness: we are able to
interrupt its retrieval even if it is strongly associated with the cue in front of us.

Intuition may suggest otherwise: we all know the experience of a thought becoming in-
cessant into our minds the moment we are told not to think about it.

Nonetheless, we now have more than 20 years of research demonstrating not only that
retrieval can be successfully blocked before the memory reaches awareness, but also that
doing so has behavioural consequences on the memory trace, that it has considerable vari-
ability across the population, and that it relies on identifiable neural correlates.

The robustness of these findings has led to the characterization of a novel cognitive pro-

cess, termed “Retrieval Stopping”.

1.1.1 The Study Of Cognitive Mechanisms to Understand the Brain

We might question the importance of studying cognitive processes at all: if neural activity
can be directly recorded in animal models, and measured non-invasively in humans, why

should we devote attention to theories of possible cognitive operations?

One answer comes from the history of human neuroscience: the field is derived from cog-
nitivism, an information-processing approach to the study of the human mind that takes
into account internal mental states and their operations to explain behaviour.
Cognitivism was formed in opposition to behavioralism, which, by restricting the disci-
pline to observable stimuli and responses, was the major experimental psychology paradigm
until the 1980s. In the history of the field advanced intuitions about the workings of the
human mind have been obtained by abstract functional description, sustained by relatively
simple behavioural experiments. For example, Donders, as far back as 1868, was able to
infer the temporal sequencing of mental operations with measurement on reaction times
while participants performed various experimental tasks [1].

Ebbinghaus, in 1885, pioneered the rigorous experimental study of memory retention and

forgetting by quantifying learning curves using lists of nonsense syllables [2].
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Tolman, in 1948, was able by studying rats to demonstrate that animals form internal
”cognitive maps” of their spatial environments, and are able to store them and use them

to flexibly modify behaviour [3].

The emergence of neuroimaging techniques in the 1980s and 1990s had a massive effect
on the field: the ability to scientifically observe human brain activity in real-time, non
invasively, was such a step forward that a recently formed discipline quickly prevailed:
cognitive neuroscience.

But the advent of functional neuroimaging does not result in an omniscient view of the
workings of the human brain. Results on neural activations in mice or areas activated dur-
ing certain tasks in humans only yield neural correlates of a phenomenon, not an explana-
tion. A theoretical framework is needed if we want to advance knowledge on the human
mind. Indeed, to understand operations performed by the neural tissue we must start to
confront activity in the brain during different types of tasks conducted by the participants.
To interpret these comparisons, we must understand what cognitive operations each task
involves: we shall know how internal states, or symbols, are sustained, transformed and
integrated, and only then we can postulate how these are reflected in computations by the
neural tissue.

Data collection without a guiding theory risks to become mere “stamp collecting”: it is
not rare to find accounts of neural correlates of a mental state even where it’s unclear
what that specific state entails, or what the observed activity actually means. Cognitive
theory provides a functional context for constraining measurements, manipulations and

tasks, and to make final observations interpretable.

Finally, as much as theory can give us a framework, we shall not mistake a framework for
reality: the metaphor of the brain as a computer can be powerful and have high explaining

power, but it still remains a metaphor.

1.1.2 Think/No-Think Task

Over past decades, extensive research on action stopping, which is the process of how
organisms stop physical actions already under way, has given rise to a voluminous liter-
ature on inhibitory control, often studied through the Go/No-Go task. Inhibitory control
is postulated as a putative mechanism through which the brain suppresses representations
or processes that conflict with an individual’s goals [4].

Initially, discussions about the mechanisms of thought stopping have built on the study
of this action-stopping inhibitory control. However, the explanatory limits of the action
stopping model regarding impairments in thought stopping, such as intrusive thinking in

various psychiatric disorders, were evident. If workings of our internal world were to be
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studied in a scientific manner, a novel paradigm was much needed.

The first account of executive control on declarative memories is the 2001 paper by Ander-
son and Green [5]. In this seminal work, the researchers introduced the Think/No-Think
task (TNT task), a modification of the Go/No-go paradigm used to study executive con-
trol over motor actions. In this first version of the task participants were asked to learn
word-pairs, so much that they would recall a member of each pair when provided with the
other member.

Then, in the actual TNT phase, a cue from one of the pairs appeared on the computer
screen. Depending on which cue appeared, subjects were told either to recall and say
out loud the associated response word, or not to think about the response and not utter
any sound. They first learned which cues would require suppression so that they would
recognize these words on sight.

Subjects fixated on the cue word for the entire time that it appeared on the screen, gener-
ating a constant threat that the associated memory might intrude into consciousness.
Thus, suppression trials required the stopping of both a prepotent motor response and the
entrance of an unwanted memory into awareness.

The objective of this first study was to determine whether attempting to prevent awareness
of an unwanted memory would hinder its later retrieval: in a next phase, subjects had to
recall the correct associate for each of the cue words. The researchers found a reduction
in later recall of the suppressed items, relative to baseline items (items that were studied
but neither suppressed nor retrieved), named Suppression-Induced Forgetting (SIF).
What’s interesting is that SIF was present in recalling items even when they were probed
with novel cues that had not been part of the TNT task, a feature named cue independence.
Behavioural effects of reduced recall of No-Think items entails either a disruption of the
mnemonic associations, or of the representations themselves. Cue independence speaks to
the latter: because forgetting extends to cues that were never used during the TNT phase,
Retrieval Stopping appears to act on the target memory itself rather than on a single re-
trieval route, although a small contribution of weakened cue—target associations cannot
be ruled out [5].

On subsequent formulations of the Think/No-Think task items no longer have to be spo-
ken out loud, and the condition assigned to each cue, either suppression or retrieval, is
not learned before the TNT task, but is suggested during cue presentations. The cues are
presented on a computer screen with a bounding box: if the associated item has to be
retrieved, the bounding box is colored in green. If the associated item is supposed to be
excluded from awareness, the bounding box is colored in red. If the cues are words, they
can be presented without a bounding box but in colored fonts. If the associate should be

retrieved the word is in green, while if it is to be blocked from awareness the cue word is
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in red.

The study phase has also been changed: in recent years, the participants first are pre-
sented on a computer screen cues immediately followed by their associate, for a number
of presentations. Then, participants are asked to select the learned associate in a forced-
selection task, followed by feedback on the choice. Cue-target associations are presented
to participants until a desired accuracy has been obtained in all pairs.

Furthermore, even after this practice-assisted learning, inquiries have been implemented
to confirm that the associations are studied effectively: most experiments working with
this task in recent years implements a test at the end of the study phase. Further analyses
are conditioned on this test, meaning that if participants failed to immediately recall an
associate once presented with the cue, that pair was removed from the TNT phase, or that

pair data was removed from final analyses.

During the actual TNT phase, given that the association was extensively studied, seeing
the cue by the participants will elicit automatic retrieval. During Think trials, on top
of this automatic retrieval, if the participant complies with instructions, there will be an
effort to retain the memory in awareness, and an effort to retrieve the associate if automatic

retrieval failed. The cognitive process involved in these trials is termed “active retrieval”.

Instructions given to participants before and during the experiment are key for eliciting
the cognitive processes desired.

Instructions that experimenters provide to participants for the Think/No-Think task were
recently standardized to have consistent procedures across different researchers and dif-
ferent centers. The standardized instructions report that experimenters need to tell partic-
ipants to “to look at, comprehend, and attend to the Hint on the screen until it disappears
from the screen”.

For Think trials, participants are asked “to look at it, think about the associated Response
as quickly as possible, and keep it in mind the entire time the Hint is on the screen ”.

For No-Think trials, “to prevent the associated Response from coming to mind at all, not
even for a second, and not even after the Hint disappears from the screen”. Furthermore,
if the response happens to come to mind, participants are told to “actively push it out of
their mind”, and that they “should not replace the response with any other word, image,
or idea” [6].

If these instructions are complied with by participants, No-Think trials will elicit au-
tomatic retrieval of the target once confronted with the reminder, against the participant
goals, and there will be an effort to stop retrieval. A conflict between a representation trig-

gered by an imperative stimulus and an individual’s goal is supposed to elicit inhibitory
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control. This is the cognitive mechanism termed Retrieval Stopping.

1.1.3 Neural Correlates of the TNT Task

The first paper that explored neural correlates of the TNT task is Anderson et al. from
2004 [7].

In an event-related fMRI design, while participants performed the TNT task, they found
a predominantly frontal set of areas more active during No-Think trials than Think tri-
als: bilateral dorsolateral prefrontal cortex (DLPFC) and ventrolateral prefrontal cortex
(VLPFC), anterior cingulate cortex (ACC), pre-supplementary motor area and dorsal pre-
motor cortex (preSMA and PMDr respectively) and the intraparietal sulcus (IPS); in-
creased activation in these areas predicted memory inhibition (SIF).

Furthermore, DLPFC activity was related to memory disruption even when targets were
tested with an independent cue: this indicates that DLPFC is contributing to inhibition of

memory traces.

What researchers immediately saw was how closely areas activated during No-Think tri-
als were similar to prefrontal regions related to stopping prepotent motor responses [8].
Stopping an initiated action is achieved through inhibitory control and the same mecha-
nism was supposed to be involved in controlling thought.

In subsequent years the prefrontal cortex came to be regarded as the seat of inhibitory
control [9].

Conjunction analyses found that the same prefrontal areas were active both for inhibitory
control over action and thought [10]. Furthermore, classifiers trained to distinguish in-
hibitory control over action or action execution could also distinguish between active
retrieval and Retrieval Stopping, and vice-versa.

Strikingly, the same paper was also able to demonstrate a property of this inhibitory con-
trol system: the same right anterior dorsolateral prefrontal cortex (aDLPFC) and ventro-
lateral prefrontal cortex (VLPFC) regions could shift their effective connectivity so that
they could switch from modulating the primary motor cortex during action stopping to
modulating the hippocampus during Retrieval Stopping.

The domain-general inhibitory control mechanism can thus flexibly change the target of

inhibitory control in a goal-directed fashion [9].

The original work from 2004 had indeed found a higher activation in both right and left
hippocampus during Think trials relative to No-Think trials, pointing at a reduced activity
once Retrieval Stopping was engaged.

Bilateral DLPFC predicted activation dynamics in the right hippocampus regarding items

that were subsequently remembered or forgotten, but it did not predict left hippocampus
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activity [7]. Those were the first findings indicating that the hippocampus and DLPFC
could interact during attempts to suppress recollection of memories, resulting in forget-
ting. Hippocampus inhibition during Retrieval Stopping will be better described in section
1.2.3.

Not only subcortical structures, but cortical areas too were shown to have higher activity
in Think rather than No-Think trials, already in the 2004 work [7]

While most of the subsequent works have focused on the hippocampus, a few studies have
pointed to cortical deactivations as well.

In an fMRI study conducted in 2012, areas found less active during No-Think trials rela-
tive to Think trials were : occipital lobe , dorsal posterior cingulate cortex, retrosplenial
cortex , Left insula/Heschl’s gyrus, medial prefrontal cortex, subcallosal cortex and fron-
topolar cortex [11].

These recapitulate areas historically associated with Default Mode Network, as it will be
better described in chapter 1.3.

Furthermore, recent studies have corroborated a theory which predicts which cortical ar-
eas can be downregulated during Retrieval Stopping:

If a cue is able to immediately activate the representations of the target, the hippocampus
may rapidly reactivate neocortical regions [12]. This rapid cortical reinstatement, possi-
bly experienced as a conscious awareness of the associate, against the participant’s goal,
may then upregulate inhibitory control in parallel to the hippocampus and the cortical re-
gion.

This means that inhibitory control not only targets areas subserving the retrieval process,
but also cortical areas that code for the perception of the memory content.

If participants suppress visual memories of objects, fusiform cortex and lateral occipital
cortex show reduced activity [13].

If participants suppress memories of scenes, parahippocampal cortex activity is reduced,
subsequent visual memories are less detailed, and a classifier algorithm reports reduced
scene information during and after the suppression attempt [14].

If participants suppress unpleasant scenes, parahippocampal place area and amygdala
show reduced activity [15].

The nature of the content that is being reinstated thus predicts which cortical areas will be

targeted by inhibitory control: this postulate has been named “reinstatement principle”.

What’s interesting is that no direct long-range projections have been found from the PFC
to hippocampus, and the majority of cortical projections to subcortical structures have an
excitatory nature [16].

Various theories of poly-synaptic inhibition pathways have been proposed [17]:
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One area focused by these hypotheses is the dorsal-anterior cingulate cortex (dACC) :
Retrieval Stopping engages the dACC and activations in this area can predict SIF. Further-
more dACC seems to be involved in supporting conflict detection [18], and has strong,
diverse connections with PFC and strong links with MTL [19]. It is thus in a position
to be able to receive top-down excitatory inputs from aDLPFC and propagate that influ-
ence to target areas. The entorhinal gating hypothesis suggests that the dACC suppresses
cortical inputs to the hippocampus by activating parvalbumin-containing inhibitory neu-
rons in medial rhinal and parahippocampal cortices [20]. While this theory could explain
overall reduced activity in the hippocampus, it does not explain the active disruption of

hippocampal traces themselves.

A second hypothesis, termed thalamo-hippocampal modulation hypothesis, posits that
dACC forms strong bidirectional connections with thalamic nucleus reuniens (RE), which
would suppress hippocampal activity. A recent preprint shows how in mice and rats nu-
cleus reuniens projections target GABAergic inhibitory interneurons in CA1 hippocampal
region [21].

It’s important to note that these two hypotheses are not mutually exclusive, and both

mechanisms may operate in tandem.

Another hypothesis proposes instead that Retrieval Stopping can suppress a region in the
basal forebrain, called the medial septal nucleus (MSN), as evidenced by the fact that this
structure shows reduced activity during No-Think trials [22].

This structure has a double effect on the hippocampus: it can drive the theta oscillations
required for memory retrieval [23], and also exert an inhibitory hold on hippocampal
interneurons. If functions of the MSN are impaired, it would result in tonic inhibition of
hippocampal principal cells and lack of hippocampal theta [24].

This hypothesis may explain also why basal forebrain lesions that include the MSN induce
confabulation, which has been attributed to failures to suppress irrelevant memories [25].

It still remains under investigation how the PFC can alter the activity of MSN.

A final hypothesis is concerned not with direct inhibition, but with rapid termination of
driving input to the hippocampus.

The hypothesis generalizes a mechanism known to occur for action stopping to thought
stopping: a connection from the PFC to the subthalamic nucleus (STN), that is able to
suppress thalamo-cortical drive [26]. Certain thalamic nuclei sustain drive to regions
providing input to or receiving output from the hippocampus, or even to the hippocampus
itself. By modulating STN, we could thus have a regulation of awareness of thoughts and

memories.
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Figure 1: Schemes of current hypothesis of hippocampal inhibition. Depictions of brain sagittal
slices with areas postulated to partake in the circuits highlighted.

a) Entorhinal gating hypothesis. rVLPFC = right ventrolateral prefrontal cortex.
aDLPFC = anterior dorsolateral prefrontal cortex.

dACC = dorsal anterior cingulate cortex.

MTL = medial temporal lobe.

b) thalamo-hippocampal modulation hypothesis. NRe = nucleus reuniens.

¢) Medial septal pacemaker suppression hypothesis. MSN = medial septal nucleus.
d) Thalamic input suppression hypothesis. STN = subthalamic nucleus.

ATN = anterior nucleus of the thalamus.

Pictures adapted from Anderson et al. (2025) [27]
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1.2 The Hippocampus

Much of the research on the Think/No-Think task has focused on the hippocampal struc-
ture. The hippocampus is an elongated structure within the medial temporal lobe that gets
its name from historical gross dissections resembling a sea horse. It resides just below the
6-layer neocortex, and being an ancient brain structure, it is constituted of a three-layer
archicortex [28].

Various subregions have been parcellated within the hippocampus proper: the cornus am-
monis (CA), divided in three layers (CAl, CA2 and CA3), the dentate gyrus and the
subiculum. While hippocampal neuronal circuitry is complex and still not completely
understood, we can interpret the entorhinal cortex as the main input driver and the fornix
as the main output hub [29].

Over the history of the study of this structure, we recognized that the hippocampus is vital

for spatial navigation, learning, and the creation of new declarative memories [30].

1.2.1 Historical Introduction

After the early anatomical descriptions and dissections of the hippocampus in the 18th
century, no clear function was attributed to this area. In the 1860s, the name of the struc-
ture became popular due to a scientific dispute between Thomas Henry Huxley, supporter
of Charles Darwin’s theory of evolution, and anatomist Richard Owen. Owen argued
that the hippocampus minor was only present in human brains, with a supposed role of
supporting human-unique mental properties. Huxley countered this with a successful dis-
section on an ape, demonstrating that the structure is indeed present in other animals [31].
Regarding the function of the structure, one theory that was developed in the 20th century
and that persisted until the 1960s viewed the hippocampus as the seat of response inhi-
bition: animals with hippocampal damage tended to be hyperactive, and had difficulty
learning to inhibit previously learnt responses [32].

In the 1950s, a number of epilepsy patients or patients affected by schizophrenia pro-
ceeded with surgical lobotomy in an attempt to treat their debilitating symptoms.

In 1953 a patient later known as H.M underwent bilateral medial temporal lobe resection,
having the anterior two-thirds of the hippocampus, entorhinal cortex and amygdala re-
moved. What followed was an unexpected turn in the cognitive functions of the patient:
H.M, could remember events that happened up to 3 years before the surgery, going back
until his childhood, but could not remember events that happened the couple of years be-
fore the surgery. This was a case of partial retrograde amnesia, with a gradient through
the lifetime of the patient.

Furthermore, the patient was unable to create new episodic memories subsequent to the
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surgery, exhibiting a severe anterograde amnesia.

Studies of this peculiar cognitive functioning led to the hypothesis that a major function
of the human hippocampus and its adjacent brain regions is to support the creation of
new, declarative memories [33]. Over the next decades, the sparing of remote memories
in the patient was further investigated: it pointed to a consolidation gradient, whereby
memory traces could gradually become independent of the hippocampus, and transferred

to another brain region.

1.2.2 Hippocampal Functions

What we know today regarding the peculiar amnestic profile that H.M. presented, is that
the hippocampus does not store the content of long-term memories. According to the
indexing theory, the hippocampus over time comes to storing a sparse “index” of the
memory content, pointing to the neocortical patterns that had been active during the ex-
perience [34].

The hippocampus can rapidly form and retain an index representing the co-active neocor-
tical zones thanks to Long-Term Potentiation, the proposed underlying biological mech-
anism. Subsequent reactivation of this hippocampal index by partial sensory cues re-
engages the original neocortical ensemble, reinstating the full conscious recollection of
the episode. Subsequent evidence corroborated this theory, and the process came to be

known as consolidation [35-37].

The most important computations that the hippocampal circuitry performs is thus not the
ability to remember a single item, but the ability to bind together different sensory stimuli
in a coherent context: the hippocampus is a system that organizes experience in relations,
rather than in isolated traces [38].

It is clear how the relational framework provided by the hippocampus allows memories
not only to be relived as experiences in the mind, but also underlies the ability of humans
to construct a mental scene of possible scenarios, by puzzling together details from vari-
ous memories to create a novel scene. The mental scenes can be either plausible futures
or unrealistic scenarios, ability termed Mental Time Travel. The hippocampus thus seems
to be involved in the creation of the unconstrained mental content, independent from cur-
rent stimuli, that accompany us in every spare moment [39], and a study on encephalitis
patients with hippocampal lesions found that while stimulus-independent thoughts would
not stop with the presence of hippocampal damage, mental content would have a loss of
vivid visual scenes about past, present or future, with a shift to more verbally mediated
thoughts [40].
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Although it may come across from the presented studies that the main role of the hip-
pocampus is memory, a whole field of research has investigated another function sub-
served by the structure. An important function attributed to the hippocampal structure,
other than memory, came from investigation of experimental lesions in laboratory ani-
mals. From early studies with experimental lesions in laboratory animals, it was reported
how these specimens had an affected spatial navigation, especially in tests such as the
Morrison Water Maze [41].

However, it was with technological advancements to detect real-time neural activity in-
vivo in animals that the theory of the hippocampus as key for spatial navigation could go
beyond the limits of lesion studies.

An important discovery after investigation of single cell recordings was the presence of
pyramidal cells in cornus ammonis and granule cells in dentate gyrus which fired selec-
tively when the animal was in a specific position within its environment: this discovery,
other than securing a Nobel Prize to its researchers, suggested the theory that the hip-
pocampus was able to create a cognitive map of the environment, and supported spatial
navigation within it [42].

The discovery of these cells, aptly named “place cells”, was followed by discovery of
certain neurons in the medial entorhinal cortex which fired when the animal was in mul-
tiple precise locations in the environment, arranged in an hexagonal grid (grid cells) [43],
discovery of border cells, firing when the animal is close to the boundary of the environ-
ment [44], and head-direction cells, which coded for the direction pointing by the animal’s
head [45].

Long debates have taken place trying to settle if the hippocampus is mainly a spatial
mapping system or a learning/memory system: raw evidence could point to relations
between memories and episodic details in respect to the subject being peculiar subtypes
of navigation in a cognitive map, i.e. with mechanisms of memory having evolved from
mechanisms of navigation in the physical world [46]. The opposite view instead conceives
the only role of the hippocampus as coding relations between experiences in a coherent
mental context, and postulates that spatial navigation is a peculiar application of relational

memory organization [47].

While considerable research has tried to merge these two views in a unifying theory, a

final solution remains elusive.
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1.2.3 Hippocampal Inhibition In the Think/No-Think task

As quickly presented in chapter 1.1.3, the first neuroimaging study of the Think/No-Think
(TNT) task showed a reduced activation of both hippocampi during No-Think trials rela-
tive to Think trials [7].

The TNT literature corroborated these results in numerous successive work, although
across years a focus was concentrated on the right lateralized structure [11,13,15,48-51].
Other than the contrast between conditions, studies found that activity during active re-
trieval would be higher than baseline (as a possible marker of mnemonic awareness),
while, importantly, retrieval stopping would be reflected with reduced activity relative
to baseline [11], termed Negative Bold Responses (NBRs). While these were quickly
interpreted to be a proxy for inhibition, caution must be in place when interpretations
jump from high-level functional neuroimaging results to underlying neural tissue dy-
namics. Some accusations have been made against the interpretations of NBRs: one
accusation asked why, since inhibition in the cortex is often provided by GABAergic in-
terneurons, Blood-Oxygenation-Level-Dependent signal would not increase, since these
neurons would start to be metabolically active. Another accusation explains NBRs as
methodological or technical artifacts of the functional imaging process, like a nearby area
becoming more active and “stealing” blood from the area of interest [52].

Three main works have thus presented strong evidence to corroborate the hypothesis that

the hippocampal structure suffers inhibition from the prefrontal control mechanism:

The first comes from an elegant study done in 2016 [53]. The authors modified the TNT
task by presenting, between Think and No-Think trials, pictures of objects in scenes,
called “bystander items”. Bystanders presented both before and after No-Think trials
were remembered much worse than those presented between Think trials, a deficit termed
amnesic shadow. The fact that bystanders item suffered lower recall when they were
presented both before No-Think trials (while they were being consolidated) and after No-
Think trials (while they were being encoded) points to all functions of the hippocampus
being disrupted, not only the retrieval of the target memory. This suggests that the whole
structural area is affected, as in a transient virtual lesion, rather than a selective inhibition
of the single suppressed trace. Furthermore, the magnitude of lower recall for bystanders
items correlated across subjects with hippocampal NBRs, pointing to an inhibition of the

whole structure.

Another one comes from the technique of magnetic spectroscopy, which is able to detect
the concentration of specific neurotransmitters within a defined region in vivo. Schmitz et
al. (2017) combined this technique with functional Magnetic Resonance Imaging during

the TNT task. Resting hippocampal GABA concentration predicted the magnitude of
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hippocampal NBR during No-Think trials and the amount of subsequent Suppression-
Induced Forgetting.

Furthermore, effective connectivity showed that the right dorsolateral prefrontal cortex
modulated the hippocampus only in participants with higher hippocampal GABA: the
higher the inhibitory capacity of the hippocampus, the stronger its downregulation [22].

The last evidence does not come from Magnetic Resonance Imaging, but from EEG [54].
Theta power in the hippocampus supports hippocampal-cortical synchronization during
retrieval, and we see reductions during No-Think trials, emerging around 500 ms after cue
onset and lasting throughout the trial, localized to the medial temporal lobe and stronger
in participants who forget successfully. EEG records directly from neural activity, inde-
pendently of the hemodynamic response that makes NBRs ambiguous, proving how the

hippocampal neural tissue is disrupted during Retrieval Stopping.

These findings, taken together, strongly corroborate the interpretation that hippocampal

downregulation during Retrieval Stopping is inhibitory in nature.
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1.3 The Default Network

1.3.1 Historical Introduction of the Canonical Default Network

Taking advantage of the different meanings of the umbrella term “network™, the Default
Network relies its existence as a scientific object on the numerous methodological ap-
proaches used to discover it, without a proposal of a unified definition across functional,
anatomical and psychological models [55]. Since Ingvar studies in the late seventies on
regional Cerebral Blood Flow [56], various researchers were curious of understanding
the importance of consistent, regionally-specific activity patterns found during rest states.
With the adoption of Positron Emission Tomography (PET) scanning for brain imag-
ing, higher resolution in observing the correlates of neural activity was achieved. The
landmark paper by Shulman and colleagues [57] explored the riddle that had been found
consistently across all early PET studies, i.e. a relative deactivation of certain rostral and
caudal midline association cortical areas during the experimental task in respect to control
resting-state recordings.

The seminal 2001 work from Raichle and colleagues found that this distinct set of regions
were consistently deactivated across various disparate cognitive tasks: this led them to
suppose the existence of coupled areas that would constitute a ”default mode of brain
functions” [58]. Subsequent work was able to better determine this set of areas consis-
tently deactivated: the early definition of the Default Network (also known as the Default
Mode Network, DMN) was contrasting it with what it was considered not to be [59].

A parallel line of research was trying to understand if the areas found deactivated were in
some ways connected to one another: In 2003, a paper by Greicius and Menon found that
many of the brain regions that were consistently reported to be deactivated in PET studies
showed synchronized, low-frequency fluctuations (high connectivity) [60]. The surge of
these type of functional connectivity analysis on Magnetic Resonance Imaging data re-
sulted in a rapid expansion of papers corroborating the existence of a coherent, intrinsic
network of cortical regions defined named Default Mode Network, other than the presence
of other “resting-state networks” [61,62]. A final methodology implemented to study, and
define, the DMN was to observe functional activations. While most of the research up to
this point had focused on task-related downregulation, a few studies were able to see
task-evoked increases of activity above baseline in areas overlapping the network . Such
tasks were self-referential judgments [63], autobiographical memory, episodic retrieval

and social cognition [64].

We thus see how three different methodologies roughly recapitulate the same regions.

These are oriented across a midline axis, with more caudal regions comprising poste-
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rior cingulate cortex (PPC), retrosplenial cortex (Rsp) and ventral precuneus, and more
frontal regions: ventral, anterior and dorsal medial prefrontal cortex (MPFC), and part
of the basal forebrain. The parahippocampal cortex (PHC) in the middle temporal lobe
region is also involved, as are lateral regions of the temporal lobe: lateral temporal cortex
(LTC) and temporal pole (TempP).

In early accounts, also the hippocampal formation (HF+) was thought to be part of the net-
work. Important regions reside in the posterior parietal cortex: both the temporo-parietal
junction (TPJ) and the posterior-inferior parietal lobule (pIPL) are key for the network.
Furthermore, recent research is moving beyond a cortico-centric approach, appreciating
the influence and participation in the network of subcortical areas such as amygdala, cau-

date, anterior and mediodorsal thalamic nuclei, and regions of the cerebellum [65].
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a Group-averaged task-induced suppression

Figure 2: Depictions of the three methodologies that have defined the canonical

Default Network.

a) Inflated brain with lateral and medial views of task-induced suppressions, highlighting caudal
and rostral midline regions, tempo-lateral regions and posterior parietal cortex regions. Data from
the original Raichle ef al. 2001 study [58]. Purple indicates maximum deactivation.

b) Group-averaged functional connectivity data, showing overlap over functional connectivity
maps with 3 different seeds: dorsomedial prefrontal cortex, ventromedial prefrontal cortex, hip-
pocampus. Warm colors indicate maximum overlap between the three maps. Areas highlighted
recapitulate task-induced downregulation areas.

¢) Task-evoked activation and their overlap over three different cognitive tasks: autobiographical
remembering (AB), episodic retrieval (ER) and social cognition requiring Theory Of Mind (M).
High overlap areas overlap areas outlined in white, which are network boundaries derived from
functional connectivity analyses.

Figures from Buckner & DiNicola (2019) [66].
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1.3.2 Fractionation

In 2010, Andrews-Hanna and collaborators published a ground-breaking study that chal-
lenged the concept of a single monolithic Default Network. The paper performed hierar-
chical clustering on functional connectivity data of regions within the canonical network,
and was able to support an account of a fractionation of the network: the results showed
two distinct subsystems that interacted with a core set of hubs.

Furthermore, the two subsystems exhibited task-based functional dissociation , with core
regions sharing functional properties of both subsystems.

The subsystem named “MTL” was composed of HF+, PHC, Rsp, ventral MPFC, and
pIPL , and showed activation when future prospective decisions about one’s self in the
future were contrasted with decision in respect to present self.

The other subsystem, named “dMPFC” was instead composed of dorsal MPFC, TPJ,
LTC, and TempP. This system was preferentially active while participants reflected on
questions on themselves, in respect to questions on non-personal semantic knowledge.
Interestingly, regions within the dMPFC subsystem are also activated when participants
infer the mental states of other people, so a complex role at the interplay between mental
state inference, social cognition, and the use of one’s own mental states as a model for
inferring the mental states of others was hypothesised.

PPC and anterior MPFC composed the shared core, as demonstrated by high betweenness
centrality in graph measures and shared activation profile in tasks that would differentiate
the two subsystems [67].

The functional specialization between these two subsystems was corroborated by numer-
ous following accounts, linking the MTL subsystem to episodic retrieval and simulation,
and the dMPFC subsystem to mentalizing [68—70].

A paradigm shift slowly happened from 2017. Braga and Buckner, (part of the same lab
that published the 2010 work) noticed that all data regarding the exploration of the DMN
relied on group-averaged data, which could be subject to artifacts and loss of spatial res-
olution.

They thus extensively scanned individuals (24 MRI sessions each) to obtain enough data
to calculate functional connectivity with high precision within individuals. The authors
were able to demonstrate that when within-subject data was inspected, the canonical De-
fault Network fractioned into two distinct parallel networks that were closely interdigi-
tated throughout the topography of many cortical regions. They named these two dis-
sociable systems Default Network A and Default Network B. Default Network A was
approximating areas of the MTL subsystem, while Default Network B lacked coupling
with the parahippocampal cortex, similar to the dMPFC subsystem, although juxtaposi-
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tion of the networks made the comparison nuanced.

The hypothesis was thus that while group-averaged data was showing a dissociation be-
tween two networks with the presence of a shared core, within-subject precision imaging
would point at only two dissociable interdigitated systems. The closely interdigitated ar-
eas, when averaged across participants, would have been subject to spatial blurring of
their signal, resulting in the illusion of a third independent activation profile, engaged
across domain-specific tasks, that was interpreted as a core region shared between sub-

systems [71].

Other accounts have affirmed this fractionation, thanks to extensive within-individual pre-
cision imaging [72—74]. Furthermore, Du et al. 2024 created a parcellation atlas following
this type of methodology, from which the present work extracted the topography of the
Default Network subsystems for analyses. We thus followed their practice of using the
name Default Network instead of Default Mode Network.

1.3.3 Functional Profile

Two different lines of research can be described that explore the effects of the canonical
Default Network (DN) on cognition.

One is about the passive influence the DN has in cognition. Numerous compelling evi-
dence shows how externally-focused attention inhibits the network, and how ineffective
suppression of DN results in impaired selective attention, slower responses, and higher
error [75].

The other focuses on active and direct roles of the DN on cognition, and can be grouped
in the exploration of 5 functions: self-reference judgements, social cognition, memory
retrieval and episodic construction, language processing and mind wandering [76].

This last function has particularly pervaded the history of the network. The search for the
neural basis of the “streams of consciousness” as defined by William James in 1890 [77],
of that stimulus-independent thoughts that accompany us during much of our awake
time [78], has driven part of the DN research [79].

Regarding recent accounts of fractionation of the network in Default Network A and De-
fault Network B thanks to within-individual precision imaging, results point to the two
networks supporting different cognitive functions.

Evidence shows how the two can be dissociated by episodic projection task contrast
(thinking about past self or future self in contrast with present self) and theory-of-mind
task contrasts (thinking about another’s false belief in contrast with assessing a false photo
of the person), which preferentially recruit DN-A and DN-B, respectively.

DN-A therefore appears more related to scene construction and episodic simulation, whereas

DN-B appears more related to mentalizing and social-cognitive inference [72, 80].
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1.4 Magnetic Resonance Imaging

Magnetic Resonance Imaging (MRI), originally called Nuclear Magnetic Resonance Imag-
ing, is an imaging technique developed in the early 1970s motivated by cancer detection,
exploiting the phenomenon of Nuclear Magnetic Resonance. MRI was superior to Com-
puter Tomography scans due to better contrast in soft tissue images, and the absence of
ionizing rays. It has become widely used for its non-invasive nature and good spatial res-
olution.

While Nuclear Magnetic Resonance can be applied to various nuclei with non-zero spin,
MRI scanners are usually tuned to image hydrogen atoms.

In water, free hydrogen nuclei are characterised by an intrinsic magnetic momentum, aris-
ing from their spin, which is randomly oriented. With the presence of a strong magnetic
field, in MRI scanners called By, hydrogen magnetic moment aligns in orientation with
the direction of the magnetic field, precessing at a precise Larmor frequency.

A radio frequency pulse (RF) is then applied tuned to this Larmor frequency, with an
electromagnetic radiation whose magnetic component B is oriented at 90° in respect to
By. The RF applies the B; magnetic field which alters magnetization vectors of hydrogen
nuclei, making it oscillate on the plane on which Bj lies.

When the RF pulse is concluded, the hydrogen nuclei are no longer driven by By, and the
net magnetization returns to its equilibrium state. This process is called relaxation, and it
follows two independent time courses.

The longitudinal magnetization, aligned with By, progressively recovers its initial value
with a time constant T1, called spin-lattice relaxation. At the same time, the component
of the magnetization vector along the B; plane decays with a time constant T2, called
spin-spin relaxation, as the magnetic moments of neighbouring nuclei interact with each
other and lose their phase coherence. The precessing transverse magnetization behaves as
a rotating magnetic moment, and by Faraday induction it generates an oscillating current

in the receiver coil: this creates the raw signal.

The raw signal does not yet carry spatial information. To obtain it, we create gradients in
the static magnetic field for each direction, as Larmor frequencies of nuclei are propor-
tional to field strength. We thus have signals only from nuclei that resonate with a known

RF value, encoding their position across each gradient.

Based on the timing at which RF is given and terminated, and the timing of the recording
before the process starts again, different tissues will return different signal levels. We
can alter the timings of the scanner pulses and recording (sequences), in particular by
changing the Repetition Time (TR) and Echo Time (TE), to weight differently the T1
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time constant or T2 time constant, obtaining different levels of signals from tissues, being
able to create various tissue contrasts. T1-weighted scanning is the standard technique for
obtaining structural images of the soft tissue of the brain. Different sequences have been

optimized for different functions and to image different biological processes [81].

1.4.1 functional Magnetic Resonance Imaging

Functional Magnetic Resonance Imaging (fMRI) is the technique of implementing a
Blood-Oxygenation-Level-Dependent (BOLD) signal sensitive MRI sequence. Spin-spin
relaxation, determined by the time constant T2, is sensitive to local fluctuations of the
magnetic field experienced by the detected nucleus.

In practice, the signal decays faster than T2 would predict, with a time constant named
T2*. What Seiji Ogawa discovered in 1990 is that this decay could be used to infer neural
activity. Oxygen around the body is transported by hemoglobin, which once bound to an
oxygen molecule is diamagnetic (oxyhemoglobin), and becomes paramagnetic once the
oxygen molecule is lost (deoxyhemoglobin).

The paramagnetic properties of deoxyhemoglobin accelerate T2* decay: as more deoxy-
hemoglobin is near a certain hydrogen nucleus, more signal is lost at the echo time in a
T2*-sensitive sequence due to local field inhomogeneities.

Neurons in the brain are among the most metabolically active cells in the body, and thus
need plenty of oxygen to survive. Through a complex interaction with astrocytes, more
oxygen and nutrients are given to more metabolically active neurons in a localized man-
ner, with a delay of just a few seconds, via an increase in blood volume and perfusion, a
process known as neurovascular coupling. The dynamic of the BOLD signal following
localized neural activity is described by the Hemodynamic Response Function (HRF):
early oxygen consumption by the more metabolically active neurons creates an initial dip
in the BOLD signal. The vascular response, with a delay of 3 to 4 seconds, surges the
area with oxygenated blood, more than is actually needed, so deoxygenated hemoglobin
decreases in concentration, increasing the signal. The signal peaks at around 6 seconds
after initial surge in activity, at which the deoxygenated/oxygenated hemoglobin ratio is
the lowest. As cerebral blood flow is reduced, the BOLD signal starts to slowly fall, as
the hemoglobin ratio returns to baseline levels.

With a proper MRI sequence it is possible to observe increases and decreases of the BOLD
signal, and to model the response function to have a proxy of underlying neural activ-
ity [82].
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1.4.2 fMRI diffusion and limitations

fMRI has been widely used since its conception. Both in its clinical use and research use
it has transformed the scientific fields in which it has been applied [83]. If during the year
1995 127 papers were published in medical journals on fMRI results, 30 years later, in
2025, the papers published are 6363 (PubMed query).

It is superior to the other functional neuroimaging technique widely spread during the
birth of fMRI: Positron Emission Tomography (PET). In respect to PET, it does not re-
quire a tracer injection in the patient’s body, so can be regarded as a non-invasive tech-
nique, and does not require a nearby cyclotron laboratory to create radioactive tracers. It
has superior spatial resolution, and can have images with good contrast between tissues.
Limitations of the technique are various:

First of all, the loud noises, small gantry, mandatory instructions to be still and restriction
on metallic implants, make the technique suited for only a subset of the population. Low
temporal resolution due to slow hemodynamic response makes the technique ill-suited to
explore fast cognitive and neural mechanisms, as thousands of neural events and compu-
tations can be made in the timeframe used.

Spatial resolution used to be a major limitation, but we know that with higher static
magnetic field strengths, the net magnetization can provide a stronger signal, achieving
smaller voxels. Cognitive research thus shifted from using standard clinical scanners at
1.5 Tesla, which provided isotropic voxels of around 3mm, to having the strongest MRI

scanners in the world at 11.7 Tesla, which can have resolution down to 1.2mm [84].

Another main problem of fMRI is careful interpretation of results. First of all, we have
to remind ourselves that we are not recording direct neural activity: we are recording
changes in blood oxygenation, as a proxy for neural activity. Furthermore, the phe-
nomenon that links these two, i.e. neurovascular coupling, is still not completely un-
derstood. The other setback on interpretation is the high abstraction from raw signal to
final results. What most pipelines observe is not BOLD signal directly, but a scaling
weight for BOLD signal related to a certain condition in a linear model.

A careful interpretation of results is needed also to not fall into the error of performing
a reverse inference. While thanks to study after study high accuracy can be achieved in
predicting the neural correlates of a psychological state, the opposite is rarely true. To
calculate the likelihood of the participants experiencing a certain mental content given
the neural activation, Bayesian calculus must be performed. We should not reach quick

conclusions, given that most brain regions are engaged by many different processes.
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2 Aim Of The Work

The present study was conducted together with the Memory Research Group at the Medi-
cal Research Council Cognition and Brain sciences Unit (MRC-CBU) in Cambridge, UK.
The objective was to elaborate a comprehensive characterization of hippocampal neural
activity and cortical neural activity as registered with BOLD fMRI during Retrieval Stop-
ping. While numerous accounts reported small downregulations in the hippocampus re-
lated to Retrieval Stopping, effect sizes varied across different papers.

Furthermore, a gap in the literature is present: while some work points to cortical deac-
tivations in Retrieval Stopping relative to active retrieval recapitulating areas of Default
Network, no proper exploration has ever been realized.

We thus conducted a mega-analysis on functional Magnetic Resonance Imaging datasets
acquired in past years in three different neuroimaging centres. Raw functional images
were used as primary data, and we were able to pool 330 participants’ data.

We assessed functional activity in the brain by calculating Percent Signal Change in pre-
determined parcellated areas. We extracted data from the hippocampus thanks to struc-
tural masks manually traced for each individual, with the left and right hippocampus
traced separately. We focused on activity of the Default Network as defined by recent
fractionation of this network thanks to precision imaging. We thus implemented two dif-
ferent masks for the two subsystems that seem to compose this network: Default Network
A and Default Network B.

We expect to observe reduced activity in both hippocampi during No-Think trials relative
to Think trials, and to observe Negative Bold Responses during No-Think trials.

Even if some past work had shown hippocampal positive activity during active retrieval
[11], we do not expect PSC to be higher during Think trials relative to baseline in a big
sample.

No past work directly compares right and left hippocampus effect sizes in a large sample,

but we suppose the right hippocampus to exhibit a bigger effect.

We expect Default Network A to be modulated by the task, and to recapitulate hippocam-
pal behaviour. We thus expect it to have a lower activity during No-Think trials relative
to Think trials, as we believe that inhibitory control might target this network in parallel
with the hippocampus.

We expect Default Network B to show a small-to-none modulation, as it should not par-
ticipate in the memory retrieval process, so it should not be targeted by inhibitory control,

but functional coherence between two subsystems might still be present.
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We expect the two networks to behave as functionally coherent across regions within
them, and to exhibit functional specialization.

Furthermore, we expect to have correlation between magnitude of the Retrieval Stopping
effect on hippocampal activity and magnitude of the effect in Default Network A activ-
ity across subjects, as both systems are hypothesised to be targeted by the same control

mechanism.
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3 Materials and Methods

3.1 Datasets and Participants

A multi-centered mega-analysis was conducted on functional Magnetic Resonance Imag-
ing (fMRI) raw time-series as primary data.

Ten datasets were included in the present analysis, for a total of 330 human subjects.
Datasets were not publicly available, and were accessed thanks to agreements between
researchers who conducted the experiments and Professor Michael Anderson, manager
of the current project. Datasets were coded with two digits cardinal numbers from 01 to
10, and were all gathered from 2012 onwards. Datasets 01,02 and 04 were collected at
Lewis Centre for Neuroimaging, University of Oregon, Eugene, Oregon, U.S.A. Datasets
03,05,06,07,08 were collected at MRC Cognition and Brain Science Unit, Cambridge,
UK. Datasets 09 and 10 were collected at Southwest University, Beibei, Chongqing,
China.

All participants had no reported history of neurological, medical, visual, or memory dis-
orders, and had normal or corrected-to-normal vision.

Datasets ranged in participants scanned, from 16 up to 137 participants. Participants sex
was intended to be counterbalanced, although some datasets presented disproportions. All
participants in all datasets were young adults.

Additional demographic information for each dataset can be found in table 1. Limited

demographic information was available for dataset 01 and 02.
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3.1 DATASETS AND PARTICIPANTS

Dataset |N(MF) |Mean |Scanmer& | EPIsequence lems | Conditions [Unmodelled
code age location modelled |data points
(azzramze) (percentage)
01 18 (8/10) | (18-33) | LewisCentre |TR=25TE=2ims | Words T/NL/I/ | 42.11%
for 34 interleaved axial | pairs Em/Rate
Neurcimaging | slices
3125x3.125 x4 mm
3T Siemens voxel size
Allegra flip angle §0°
02 13 ND Lewis Centre | ND Wordpairs | T/NI/I/ | 38353%
for Ermr / Rate
Neurcimaging
3T Siemens
Allegra
03 16(88) |256+ MRC CBU TR=25TE=30ms | Word- T/NI/1 52352%
4.87 32 descending axial pictare
3-T Siemens slices pairings.
TIM Trno 3% 3 x3 mm voxel
size
flip angle = 78
04 24(816) | 224+ LewisCentre |TR=25TE=30ms |Facescene| T/NI/I/ 44200
3.76 for 31 interleaved slices | pairs nuisance
Neurcimaging | 3 x 3 x 3 mm voxel
size
3T Siemens
Allegra
05 27 129= MRC CBU TR=112sTE=30 |Wordpaws| T/NI/I/ 36.79%
(11/16) ms Emr / Rate
3T Siemens 60 interleaved axial NULL
Magnetom lices
Prisma
2x 2 x 2 mm voxel
size
06 13 237+« |MRCCBU TR=21sTE=30ms; | Word pairs T/ 4438%
(6/12) 228 32 descending axial No-Think/
ST Siemens | <" — En
TIM Trio 3% 3 x3 mm voxel
size
flip angle 78°
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Dataset | N(MF) | Mean Scamner & EPI sequence Items Conditions |Unmeodelled
code age location modelled |data points

(aze range) (percentage)
07 2 227+ MRC CBU TR=2s5TE=30ms | Word- T/ 53.99%
(12/12) | 050 32 descending axial object No-Think /
3T Siemens slices pairs Ex
TIM Trio 3 x 3 x 3 mm voxel
size
08 24(717) | 242+ MRC CBU TR=25 TE=30ms | Word pairs T/ 58.88%
450 32 descending axial No-Think /
3T Siemens slices Rest/
TIM Trio 3 x 3 x 3 mm voxel nuisance
size
0% 24 216+ Southwest TR=135s5,TE=29 Words T/ 55.86%
(1212) | 198 University ms pairs No-Thmk /
25 mterleaved axial (Chinese nuisance
3 T Siemens slices characters)
Tro 3 x 3 x5 voxel size
flip angle = 90°
10 137 201 = Southwest TR=2s5;TE=30ms | Word T/ 4.48%
(33/104) | 1.83 University 32 mterleaved slices pairs No-Think /
- :.4><3.A4x3mm (Chinese Fix /Emr
3T Siemens | voxel size characters)
Trio flip angle = 90° ;

Table 1: Demographics available for each dataset, scanning specs, items and condition mod-

elled.

TR = Repetition Time. TE = Echo Time.

Conditions: “T”’ = Think trials. “NI” = No-Think trials with no reported intrusion. “I”’ = No-Think
trials with intrusion reported. “Err” = trials without participants’ response during response time,
and all trials with items that were not learned during study phase. “Rate” = time spent by partici-
pant rating if an intrusion occurred or not. “Fix” = time spent by participants looking at a fixation
cross, “nuisance” or “NULL” = other variables of no interest.
Unmodelled data points for each dataset represent data points in which all GLM regressor had a
zero value, divided by all data-points for all scanning sessions, and transformed in percentage.

There was a consensus in this measure between participants in each dataset.
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3.2 Study Design

All datasets implemented slightly modified versions of the Think/No-Think (TNT) task,
originally devised by Anderson and Green in 2001 [5].

Items were diverse across the 10 datasets. Seven datasets used written words as both cues
and targets. Other items used were word-faces associates, word-items, face-scenes, and
word-objects. Nine datasets out of ten used emotional neutral stimuli, while dataset 4 used
both neutral and emotional negative pictures. To assess the variability of neural activation
elicited by different items, we employed statistical tests with datasets as a between-subject
factor in all of our analysis. Supplementary information about items used can be found in
table 1.

All the items were assigned to the suppress (No-Think), recall (Think), and baseline con-
ditions, counterbalanced across participants. As described in 1.4.1, participants first went
through an initial learning phase: this phase was designed to create strong associations
between two items, so much that the target would likely intrude into awareness invol-
untarily once confronted with its reminder. Participants then engaged in the actual TNT
phase in the MRI scanner, while fMRI BOLD signal was being recorded.

On each trial, participants received a cue on a screen in front of them: trials in Think
condition were characterised by cues in a green bounding box, or were written in green.
Participants were asked to pay full attention to the cue and retrieve the associated memory
as quickly as possible, keeping it in mind while the reminder remained onscreen.

By contrast, in the No-Think condition, characterised by cues in a red bounding box or
written in red, participants were asked to pay full attention to the cue and avoid looking
away. They were asked to prevent the associate word from entering awareness during the
whole trial, without engaging in any distracting mental activity. This “direct-suppression”
instruction emphasized that the associate was not to be replaced with alternative words or
thoughts. If the target came to mind anyway, they were asked to “push it out of mind”.

Each cue was presented consistently in either Think condition or No-think condition.

All datasets gathered data with a final test phase, to explore behavioural effects on mem-
ory of Retrieval Stopping. We were not interested in behavioural results in the present

study.
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Figure 3: Schematics of the learning phase and TNT phase of the Think/No-Think task.
After participants studied associations in the first study phase, the test-feedback phase was pro-
longed until a desired accuracy was obtained on all items. Analyses were performed only on items
for which the criterion test was passed.

Here cue and target are both words, but other stimuli can be used.

An optional refresher was presented in certain datasets before the actual TNT phase. In the pic-
ture here words are presented as either written in green or red, while certain studies presented a
bounding box around them. Figure from Nardo & Anderson (2024) [6].

3.3 Fmri Data Acquisition

All data analysed in this work were gathered through Magnetic Resonance Imaging at
a field strength of 3 Tesla. All scanners were produced by Siemens (Siemens Healthi-
neers,Erlangen, Germany), and different model information used by each dataset can be
found in table 1.

All functional images were gathered during TNT phase with blood oxygenation level-
dependent (BOLD) contrast, through a T2*-weighted gradient-echo echo-planar sequence
(EPI images), with sequence parameters varying in each dataset.

Repetition Time (TR) varied between 1.2 seconds to 2 seconds. Echo Time (TE) var-
ied between 25 milliseconds to 30 milliseconds. Voxels resolutions varied between 2
mm? isometric voxels to 3 x 3 x 4 mm in dimension. To assess the variability of results
given different scanning parameters, we again employed statistical tests with datasets as
a between-subject factor in all our analysis. Sessions (runs) per subject varied between

datasets, ranging from 4 to 6.

Structural scans were collected with magnetisation-prepared, rapid gradient echo (MPRAGE)
T1-weighted images. Voxel resolution was Imm3 isometric voxels for all datasets except
dataset 4, in which structural scan voxel resolution was 0.5 x 0.5 x 1 mm in dimension.
Additional information on scanning parameters can be found in table 1.

It is worth noting the significant differences between the 10 datasets, as scanner type,
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acquisition sequence, voxel size, population background and task instruction can all alter
final results. These differences allowed us to test the robustness of our conclusions in this

mega-analysis.

3.4 Fmri Data Preprocessing

Preprocessing, first level and second level analyses of EPI images were conducted through
MATLAB scripts (The MathWorks, Inc., Natick, MA, USA), calling relevant functions
from Statistical Parametric Mapping software v12 release (SPM12; Functional Imaging
Laboratory, UCL Queen Square Institute of Neurology, London).

Raw functional data were used as primary data for data pooling, to conduct a mega-
analysis. Data pooling in this sense can maximise statistical power, and by allowing
aggregation of sub-significant effects across independent studies, can effectively reduce
both false positive and false negative results [85]. Furthermore, we could thus assemble a
more representative participant sample of the general population.

Preprocessing steps conducted were realignment, slice-timing correction, coregistration,
segmentation and normalization. First level analyses were conducted in native space,
and Percent Signal Change was calculated for the main analyses. Second level group
analysis in Montreal Neurological Institute (MNI) space was conducted to corroborate

main results.

Each preprocessing step was conducted for each scanning session (run) independently,
separately for each subject in each dataset. The pipeline described here was applied with
equal parameters to every dataset, to obtain a standardized set of data to feed to first-level

analyses.

3.4.1 Realignment

To address the misalignment between images in a time-series that occur due to head mo-
tion, a realignment step was applied (also known as motion-correction). Bulk motion can
have large effects on final results, as it can create artifacts on BOLD activation maps [86].
Realignment assumes that head motion can be described using a rigid body transforma-
tion, following translation and rotation along each of the three axes. The session-specific
mean EPI image was chosen as reference for realignment: SPM12 first realigned every
session image to the first image of the session acquired, then calculated the mean vol-
ume from all the session volumes. The program then realigned every raw image to this
calculated mean image. This was done by first temporarily smoothing images with Full

Width at Half Maximum (FWHM) Smm Gaussian kernel, then sampling voxel values ev-
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ery 4mm. Each value sampled was confronted with values sampled from the reference
image, and a least-squared cost function was applied to find the optimal transformation
parameters. Images were then respliced to a new voxel grid using 4 dimensional B-spline
functions. Head-motion translation and rotation parameters were saved to conditionalize
following analyses, as excessive motion in one session could create artifacts not compen-

sated by standard realignment tools.

Step 1: Estimate parameters Step 2: Reslice images
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Figure 4: Overview of the realignment process.
The first step entails calculating the optimal transformation parameters to lower the cost function,
to find the best transformation of each volume to the target (in this picture the middle one). The
second step then creates a resliced version of each image following the parameters obtained in the
first step. Figure from Poldrack et al. (2011) [86].

3.4.2 Slice-Timing Correction

fMRI works with 2D slices acquisition, meaning that data in different parts of the volume
are acquired at systematically different times within a Repetition Time (TR). These differ-
ences in the acquisition time of different voxels, ranging up to several seconds, can create
a mismatch with statistical models that expect a task-evoked signal in a precise time-point,
and assume simultaneous data collection. Even if past evidence advised that slice-timing
correction could be optional, especially if interleaved acquisition order was adopted [86],
we decided to apply this step in our pipeline. The choice was mainly dictated by the fact
that most datasets analysed in this work implemented a descending slice acquisition order,
and by recent evidence showing how this step is critical in an fMRI pipeline [87]. Slice-
timing correction requests a target slice as reference: for every subject for every dataset,
the middle slice in the acquisition order was chosen. SPM12 then temporally interpolates
the data of all the other slices with a sinc function to extract a predicted voxel value at the

time the reference slice was taken.
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Figure 5: A simple illustration for understanding slice-timing correction.

A voxel time course with data points every 2 seconds (TR = 2) is respliced to values taken at
TR/2. The depiction shows linear interpolation for simplicity, while normally a sinc function is
used. Figure from Poldrack et al. (2011) [86].

3.4.3 Coregistration and Segmentation

The T1-weighted image was coregistered to the mean EPI, meaning that rigid-body trans-
formation parameters were estimated to align the structural image to the average func-
tional volume. A Mutual Information cost function was used to handle the between-
modalities transformation. Once the T1 image was coregistered, every subsequent trans-
formation or warping of the T1 image could easily be applied to EPI volumes too.

The structural image was corrected for bias field inhomogeneities, then segmented in in-
dividual tissues: grey matter, white matter, Cerebro Spinal Fluid (CSF), skull tissue, soft
tissue outside the brain, background.

It was then normalized with SPM default non-linear warping to MNI space as imple-
mented in SPM12 (MNI152NIlin6Asym template).

3.4.4 Normalization

DARTEL procedure was implemented for normalization, computing a flow-field to obtain
parameters to transform individual subject coordinates to MNI space. Importantly for this

project, both forward (y) and inverse (-y) parameters were saved for following steps.



3 MATERIALS AND METHODS 41

3.5 {MRI Data analyses

3.5.1 First-Level Native Space Pipeline

The main analyses were performed in native space, meaning that analyses on time courses
from subjects’ voxel grids were applied directly after preprocessing on subject-specific
coordinates, in each subject independently. No normalization was thus conducted to a
common atlas, and no smoothing was applied to EPI images.

We were interested in BOLD signal modulation by the TNT task in the hippocampi, con-
ducting a mega-analysis on the effect of Retrieval Stopping on these structures. We were
also interested in Default Network A and B, as defined by recent evidence on the fraction-
ation of the Default Mode Network.

The choice for a native space pipeline was twofold:

The first aim was to obtain the maximum precision about the anatomical position of our
signal. We were interested specifically in Default Network subsystems and hippocampal
formations, and group-average data can affect spatial precision of the signal. Each indi-
vidual brain is not equal to everyone else’s, but has peculiar structures and idiosyncrasies,
accounting for anatomical variability. To compute results in a sample of participants in a
group-based study, each individual brain is warped to a common atlas, employing com-
putationally complex non-linear transforming functions.

After this process, there’s still a risk of not-complete alignment between individual acti-
vation loci and atlas position, which could affect anatomical position of final results.
Furthermore, even after perfect structural alignment to a common atlas, each subject can
show activation of functional areas in loci slightly different from the rest of the popula-
tion, a phenomenon known as functional variability, which can again affect anatomical
precision of final results. The standard approach to avoid these inaccuracies is to im-
plement smoothing, that is the convolution of the three-dimensional image with a three-
dimensional Gaussian filter (called a kernel).

The second reason a native-space pipeline was adopted was exactly to avoid the smooth-
ing procedure. Voxels belonging to DN A subsystem are closely juxtaposed and sur-
rounded by voxels belonging to DN B subsystem, described as an interdigitation phe-
nomenon. By smoothing EPI images, we could risk BOLD signal from one area leaking

into another area, affecting final results.
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3.5.2 Modelling

We applied a General Linear Model (GLM) to subject-specific preprocessed BOLD sig-
nal time series. Functional sessions with excessive head motion were excluded from the
analysis. The threshold was set at any single data point in the session exhibiting a trans-
lation parameter greater than 3mm or a rotation parameter exceeding 3°.

We submitted the model onset times of key experimental conditions and their duration;
they were then converted to a box-car function, which is a discontinuous function that
has a zero value except for specific intervals where it is equal to a constant value. Then,
all box-car functions were convolved with the canonical hemodynamic response function
(HRF), modelled in SPM with a double gamma function, to approximate the idealized
BOLD triggered by underlying neural activity.

Datasets varied in how key conditions were modelled: datasets 1 to 5 modelled separately
No-Think trials with intrusion reports and No-Think trials with no intrusion reported. All
datasets modelled separately Think trials.

fMRI analyses were conditionalized from the criterion phase, so Think and No-Think on-
set times corresponding to items that participants failed to learn during study phase were
excluded from the main regressors and grouped in the regressor of no interest. Datasets
varied in nuisance regressors implemented.

Additional information on conditions modelled can be found in table 1. Each model in-
cluded within-session global scaling (SPM default scaling), high-pass filtering using a
cutoff frequency set at 1/128 Hz to remove low-frequency trends, and removal of tempo-
ral auto-correlation through pre-whitening procedure with AR(1) model. This last step is
particularly important as standard optimization methods for GLM assume independence
between one data point and another. Since the BOLD signal has a slow timecourse, we
must remove the temporal autocorrelation between datapoints before applying optimiza-

tion algorithms.

Six further regressors contained the head-movement parameters obtained during spatial
realignment and were included as covariates (three translation parameters, one for each

axis, and three rotation parameters, one for each rotating direction).

If, for example, we investigate a dataset which has 5 functional runs per subject, and
models 6 experimental conditions, the final design matrix for one subject would com-
prise 65 columns, assuming no sessions are excluded. This architecture arises because
each session is modeled independently, yielding 12 run-specific regressors per session
(six convolved task conditions and six motion covariates) alongside five session-specific
constant terms placed at the end of the matrix to account for the mean baseline signal of

each individual run, termed intercepts.
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Once the design matrix was constructed, the GLM scaled each regressor to best approx-
imate the observed BOLD signal time course, and saved the optimal scaling parameter
for each key regressor, called a B weight. This estimation was performed for each voxel
independently using a mass-univariate approach. Because temporal autocorrelation was
regressed out via the AR(1) process, the parameters were estimated employing Weighted
Least Squares, rather than standard ordinary least squares. This algorithm calculates the
optimal B weights by minimizing the sum of the squared residual errors between the
model’s predicted time course and the actual, pre-whitened fMRI data [88].

We thus obtained a distinct  weight map for each experimental condition, providing a
quantitative measure of the task-driven BOLD response amplitude at every voxel, inde-

pendently for each subject.

3.5.3 Region Of Interests

Region Of Interest (ROI) based analyses were conducted to estimate effect size of task
modulation avoiding exploratory-analysis bias [89]. Hippocampal ROIs were manually
traced on subjects’ T1 structural images for all 330 subjects. This was done as a joint ef-
fort of lab members, following Pruessner et al.’s protocol [90]. Areas explicitly included
were Cornus Ammonis (CA) regions, dentate gyrus, subiculum, alveus, fimbria, and part
of the fascicular gyrus adjacent to CA. The right and left hippocampus were defined sep-
arately. A manual visual inspection was conducted on a randomly sampled subset of

participants to assess integrity and spatial localization of hippocampal ROIs.

Figure 6: 3D render of the MNI structural template with an overlaid probabilistic mask of
bilateral hippocampus,

provided only for visualization purposes. The mask was generated by warping each individually
traced hippocampal mask to MNI standard space and computing the spatial overlap across all
subjects. The resulting probability map was then converted into percentage and thresholded at a
50% spatial concordance. Render created with MRIcroGL software [91].
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To define Default Network ROIs we took advantage of recent breakthroughs in cortical
networks parcellation through extensive imaging. We obtained masks from the DulSNET
Consensus map, an atlas created through precision individual neuroimaging on 15 sub-
jects. Every participant was extensively scanned in resting state for up to 11 sessions
on different days, a functional connectivity matrix was calculated for 81,924 vertexes,
and these were clustered to obtain 15 resting-state functional networks. The authors ap-
plied a novel multisession hierarchical Bayesian model (MS-HBM) algorithm to estimate
the within-individual cortical networks: this algorithm was implemented as its critical
feature was the ability to separate day-to-day within-subject noise to inter-subject differ-
ences [92].

The final consensus map represents the assignment of each vertex to the most common

network observed across the 15 individuals collected [74].

Binary masks were thus obtained of Default Network A and Default Network B sub-
systems in MNI 152 space. To obtain masks in subjects’ native space, we warped the
binary masks through the DARTEL function following the inverse of the subject-specific
flow-field derived from normalizing the T1 structural image (-y parameters), with Nearest

Neighbour interpolation applied to preserve binary values.

Figure 7: 3D renders of the MNI structural template with overlaid binary masks of Default
Network Regions Of Interest (ROIs).

Default Network A is presented in red, and Default Network B is presented in yellow. Masks are
presented here in MNI space before warping procedure to each subject’s brain for visualization
purposes.

a) A sagittal cut has been made to observe lateral and medial regions, with masks obscured by
structural voxels.

b) A horizontal cut has been made to better appreciate dorsal regions, with structural brain trans-
parent to present all ROI voxels simultaneously. We can observe how in medial regions, both
caudally and rostrally, various voxels of one mask are surrounded by voxels of the other mask,
with closely juxtaposed areas. Renders created with MRIcroGL software [91].
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3.5.4 Signal To Noise Ratio

As said before, one of the reasons researchers apply a smoothing step of EPI images dur-
ing preprocessing is to account for spatial functional variability after group-averaging all
subject brains, but this did not pertain to us as analyses were conducted in native space.
Another reason smoothing is recommended is due to the fact that the BOLD signal is
inherently noisy, and signal extracted from single voxels can be overwhelmed by random
noise: smoothing can enhance Signal to Noise Ratio (SNR) [93]. Since our preprocessing
did not entail this step, it was crucial to check that SNR was sufficient in our data before
continuing with the rest of the analyses. For fMRI BOLD signal data the standard quality
metric is temporal Signal to Noise Ratio (tSNR). In early years of the field tSNR was cal-
culated by dividing the temporal mean of a voxel’s time series by its standard deviation
across the whole time course. Whilst valid, this approach artificially increases the met-
ric by treating task-driven BOLD fluctuations as noise. We opted for calculating residual
tSNR, which is calculated by dividing the temporal mean signal of a voxel by the standard
deviation of the residuals after GLM fitting [94].

Let a voxel time course be described as a total of N data-points, and after GLM fitting, let
e; represent the unexplained residual noise. The standard deviation of the residuals, o, is

calculated as:

1
Op= 4] —

N
ef
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where p represents the degrees of freedom (total number of regressors) estimated by the
GLM.

The residual temporal Signal-to-Noise Ratio for each voxel is therefore defined as:

Once tSNR maps were obtained, they were thresholded at a value equal to 40, regarded
in the literature as a threshold for quality signal [94]. Then they were projected as masks
on subject-specific structural scans, to observe areas which had an insufficient tSNR, in
MRIcroGL software [91].

3.5.5 Percent Signal Change

Raw f weights from first level analysis are subject to high between-subject variability.
While having a big sample size should allow us to have sufficient statistical power, it

would be optimal to work with less variability of our dependent variable.
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To work with a more standard measure, we computed Percent Signal Change (PSC).

PSC of a defined region, be it a single voxel or a cluster of voxels, can be simply under-
stood as the magnitude of the BOLD response divided by the overall mean of the BOLD
time series. For our ROIs, we decided to apply a mean PSC approach. This means that
all the time courses of voxels within a region of interest were averaged together to create
a mean time course for that ROI. Another GLM was then applied to the mean timecourse,
with the same design matrix as the first-level GLM. The procedure of averaging thou-
sands of voxels in a single time course could create complications in the interpretation of

results, which will be assessed later.

Percent Signal Change for a given condition is normally calculated as PSC = 100 - 3 -
BM/MN, where f is the value of the parameter estimate from the GLM for that condition
(beta weight) , BM is the distance from the baseline-to-maximum height of the regressor,
and MN is the mean of the BOLD time series [86]. Problems arise with this formulation,
as BM, the maximum height of the regressor in the time series, is dependent on subject-
specific variables, experimental design specifications and stimuli used. Comparing PSC
across different studies would become impossible, rendering it a meaningless metric of
communicating the magnitude of a BOLD response. Following Poldrack’s advice, “one
should use the baseline to max distance of a specified event type in the calculation and
report the specific event type and canonical HRF used when reporting percent signal
change” [86]. For this reason, in our PSC estimation we calculated BM as the height
of a standard double gamma HRF (as implemented in SPM12) following a theoretical
instantaneous stimulus. BM thus becomes the standardized baseline-to-maximum height
of a specific trial type, serving as a ruler for the calculation.

We calculated mean PSC in each ROI for every condition of interest, for each functional

session independently.

For datasets 1 to 5 we averaged PSC for Intrusions and Non-Intrusion, to obtain a cor-
responding value of the No-Think condition. We averaged PSC for every session, thus

obtained PSC for each condition for each of the 4 ROlIs, in every subject.

We then explored Negative Bold Responses, challenging if the mean PSC across subjects
was different from baseline. Importantly for this measure, in our first level analysis not
all data points in the functional time courses were modelled by regressors in the GLM.
The baseline for each voxel is thus constituted of the average BOLD signal level during
all unmodelled data points. Prevalence of unmodelled data-points is described in table 1.
It follows that in our mean PSC approach, the baseline for a given ROI is the average

activity of all included voxels during all unmodelled data points.
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3.6 Correlation Between Deactivations

Difference of PSC between Think and No-Think condition was computed for each ROI
for all subjects. Given the observed functional coherence between the right and left hip-
pocampus, we averaged the difference between the two ROIs in each subject.

We then calculated Pearson’s correlation coefficient between the difference of activity
between the two conditions in hippocampi (APSC for both hippocampi), and difference
of activity in Default Network A, across subjects (APSC DN-A). We then did the same
between the difference of activity in hippocampi and difference of activity in Default Net-
work B (APSC DN-B), across subjects. Scatter-plots with best-fit lines were constructed

for visualization.

3.7 Statistical Tests

A 2x2 repeated measures ANOVA with ROI and trial type as independent variables and
PSC as dependent variable was conducted to explore trial type effect, ROI effect and their
interaction. ROI variable levels were hippocampus left and hippocampus right, and trial-
type levels were Think and No-Think conditions.

Another equal 2x2 repeated measures ANOVA with ROI and trial type as independent
variables and PSC as dependent variable was conducted to explore effects in Default Net-
work Subsystems. ROI variable levels were Default Network A and Default Network B,
and trial-type levels were Think and No-Think conditions.

Dataset type was added as a between subject factor in both ANOVAs, to account for het-
erogeneity of variance.

ANOVAs and t-tests both assume that residuals of data in respect to condition-specific
average follow a Gaussian distribution. We implemented Quantile-Quantile (QQ) plots to
check for normal distribution. No outliers were removed from our data.

Post-hoc tests were conducted to explore trial-type effects in each ROI separately, im-
plementing two-tailed paired t-tests. To assess Negative Bold Responses, that is BOLD
activity below baseline, two-tailed one-sample t-tests were performed for each condition
in each ROI separately. Pearson’s correlation coefficient between differences in activity
significance was calculated with Student t-test.

All analyses were performed on JASP software (JASP Team, (Version 0.96.0) 2026).
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3.8 Contrast Maps

A second pipeline was constructed for a qualitative corroboration of results and for vi-
sualization purposes. It consisted in warping the preprocessed EPI images to MNI space
following subject-specific DARTEL flow-fields derived from the normalization step of
the T1 structural image.

No smoothing kernels were applied to EPI images for whole-brain univariate analysis.
After modelling with the aforementioned GLM, contrast maps were obtained for each
subject. A second level analysis was conducted with an ANOVA to obtain the group-level
difference between Think and No-Think conditions (7 > NT). Dataset-specific covari-
ates were included in the model to account for scanning parameters heterogeneity, while
inter-subject variance was accounted for by the within-subject structure of the ANOVA.
Cohen’s d maps thresholded at a small effect size (Cohen’s d = 0.2) were obtained, and
projected in MNI template in MRIcroGL software [91]. The p-value map was calculated
from the t-statistic parametric map of 7 > NT contrast, applying a Family-Wise Error
(FWE) corrected threshold of p < 0.01, combined with a cluster forming threshold of
k=10.
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4 Results

4.1 Signal To Noise Ratio

Residual temporal Signal to Noise Ratio (tSNR) was calculated for every voxel in each
subject, volumes were thresholded at quality threshold recommendation of 40, and plotted

in MRIcroGL software [91] on subject specific brain. Randomly sampled participants

were manually checked in MRIcroGL to check if voxel within our Regions of Interest
(ROIs) had insufficient tSNR.

After extensive sampling, no subject was found to have tSNR under a value of 40 in our
ROIs.

Figure 8: Typical presentation of temporal Signal to Noise Ratio map, thresholded at a value
of 40 and thresholded with background, overlaid on T1 weighted structural scan.

Colored lines trace edges of Regions Of Interest (ROIs), red for Default Network A, yellow for
Default Network B, and purple for hippocampal formations.

Slices taken at X = 18.6, Y = —33, Z = 21 through MRIcroGL software [91].

4.2 Region Of Interest Analyses

To compute a standard measure of BOLD activity in the selected ROIs, we calculated
mean Percent Signal Change (PSC) associated with the Think condition and No-Think

condition.

4.2.1 PSC in Hippocampi

Q-Q plots generated from the aggregated residuals of the 2x2 ANOVA model for Hip-
pocampal Formations PSC were evaluated to assess the assumption of normality. A devi-
ation from normality was present in the lower distribution tail, while the vast majority of
the data closely followed a normal distribution. Given the large sample size and the es-
tablished robustness of the ANOVA to minor normality violations, we decided to proceed
with ANOVA tests and subsequent t-tests [95].
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Figure 9: Q-Q plot of residuals of Hippocampal Formation Percent Signal Changes (PSC).
Residuals are plotted against a theoretical normal distribution (diagonal red line). Light blue
bands represent the 95% confidence intervals. Data points are 330 subject PSC for each of the 4
conditions, for a total of 1320 data points.

In analyses conducted in hippocampal ROIs, we found a significant trial-type * ROI in-
teraction, with a small effect size (n[% =0.022, p =0.008).

We conducted post-hoc tests to test for trial-type effects in each ROI and observe the di-
rection of the interaction.

We found that No-Think PSC was reliably lower than Think PSC for the left hippocam-
pus, with a small effect size (Cohen’s d = 0.273, p < 0.001). The same was found for the
right hippocampus (Cohen’s d = 0.343, p < 0.001).

The interaction found is thus due to effect size for the right hippocampus being larger than

the left hippocampus.

We then explored Negative Bold Responses (NBRs).

The PSC of the Think condition was not statistically different from zero in both ROIs,
with p = 0.388 and p = 0.345 for hippocampus left and right respectively.

Statistically significant differences were found instead for No-Think PSC, it being reliably
lower than baseline both for the left hippocampus and the right hippocampus (Cohen’s
d =—-0.310, p < 0.001, Cohen’s d = —0.365, p < 0.001 for left and right respectively).

These results confirm past literature, showing how Think trials do not affect hippocampal
activity in respect to baseline, while No-Think trials result in reduced activity in respect

to baseline.

We did not find a significant dataset effect on trial-typexROI interaction (p = 0.45,
ny = 0.027)
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Raincloud plots were obtained from the same data to better appreciate the activation distri-
bution of group averaged data. Given the large sample size, activation distribution closely
resembles a Gaussian curve. We can see how green distribution curves, plotting Think tri-
als data points, are centered around zero (baseline), while red distribution curves, plotting

No-Think trials,are centered on more negative PSC values.
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Figure 10: Hippocampal Percent Signal Change (PSC) results.

a) Bar graphs for hippocampal PSC. On Y axis PSC is presented, while on X axis Region Of
Interest and Trial Type variables are shown. Green bars represent PSC associated with Think con-
dition, while red bars represent PSC associated with No-Think condition. Total ANOVA sample
size N = 330. HC Left = left hippocampus, HC Right = right hippocampus.

Error bars represent condition-specific 95% confidence interval.

Statistical significance is shown as: p < 0.01 (¥*), p < 0.001 (¥**).

b) Raincloud plots from the same data, with datapoints for each individual on the left-hand side and
density distribution on the right-hand side, for Percent Signal Change associated with Think and
No-Think conditions in the left hippocampus (HC Left) and the right hippocampus (HC Right).
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4.2.2 PSC in Default Network Subsystems

Q-Q plots generated from the aggregated residuals of the 2x2 ANOVA model were again
evaluated to assess the assumption of normality for Default Network subsystems ROIs.
Again, small deviations from normality were present, here in both lower and upper distri-

bution tails. As before, we proceeded with the ANOVA and subsequent t-tests.

Assumption Checks

Q-QPlot

Standardized residuals

T T T 1
-4 -2 0 2 4 6

Theoretical quantiles

Figure 11: Q-Q plot of residuals of Default Network Subsystems Percent Signal Changes,
plotted against a theoretical normal distribution (diagonal red line).
Light blue bands represent the 95% confidence intervals..

Analyses for Default Network subsystems showed a large trial-typexROI interaction (1) ﬁ =
0.563, p < 0.001).

We again conducted post-hoc tests: we found that No-Think PSC was statistically signif-
icantly lower from Think PSC in Default Network A, with a large effect size (Cohen’s
d =0.761, p < 0.001).

No statistically significant difference was found for Default Network B (p = 0.615).

The large interaction effect was thus a result of Default Network A showing modulation

for trial-type, while Default Network B didn’t exhibit any trial-type effect.

We then explored the difference of PSC from baseline, exploring Negative Bold Re-
sponses.

We found that all four conditions showed Negative Bold Response (p < 0.001 in each).

Raincloud plots were again modelled to appreciate distribution of activations.

Interstistingly, we see how PSC distribution for the Think condition (green) in DN-A does
not resemble a perfect bell curve. It seems better described as a bell curve with a shoulder
centered around a PSC value of - 0.05, that deviates from normality. This is interesting, as
the rest of the distribution seems centered around zero. This could mean that the Negative

Bold Response found in previous analyses for Think condition in DN-A could be driven
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by only a subset of participants, while the activity of the rest of the sample is centered

around a baseline activation, as we see in hippocampi distribution.

We can then appreciate how the Think and No-Think trials distributions differ in DN-
A, with the No-Think distribution (red) centered on more negative values, while the two

distributions are coincident for DN-B.
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Figure 12: Default Network subsystems Percent Signal Change (PSC) results.

a) Bar graphs for hippocampal PSC. On Y axis PSC is presented, while on X axis Region Of
Interest and Trial Type variables are shown. Green bars represent PSC associated with Think
condition, while red bars represent PSC associated with No-Think condition.

Total ANOVA sample size N = 330.

Error bars represent condition-specific 95% confidence interval.

Statistical significance is shown as: p < 0.001 (¥*%)

b) Raincloud plots from the same data.

DN-A = Default Network A DN-B = Default Network B

We did find a significant dataset effect on trial-typexROI interaction, with a small effect
size (p < 0.028, 17 = 0.056).

We thus calculated PSC for each dataset independently.

Following t-tests performed in each ROI for each dataset separately, eight dataset out of
ten reiterated Default Network A effect found in the main analysis, as No-Think PSC was
statistically significantly lower than Think PSC.

Most datasets also recapitulated Default Network B behaviour, as it was modulated in 3
out of 10 datasets, two of which showed a crossover interaction (dataset 03 and dataset
07), that is, No-Think PSC was statistically significantly higher than Think PSC. This cor-
roborates main findings, showing that No-Think trials do not result in decreased activity

in DN B in respect to Think trials, yet result in decreased activity in DN A.
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Furthermore, in 2 datasets out of 10 (dataset 08 and dataset 10) Think condition PSC was
not statistically different from baseline, similar to what was found in hippocampi. This

was observed from within-condition 95% Confidence Intervals. It is intriguing to observe

that this effect was particularly present in dataset 10, which had a massive sample size
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Figure 13: Within-dataset analyses for Default Network subsystems.
Each dataset is individually analyzed to observe trial-type effects on PSC in each Region Of Inter-
est separately. Green bars represent PSC associated with Think condition, while red bars represent

PSC associated with No-Think condition.

Sample size for each t-test can be extracted from demographic information of each dataset in table

1. Error bars show condition-specific 95% confidence intervals.

Statistical significance is shown as:p < 0.05 (*), p < 0.01 (*¥), p < 0.001 (**%*)
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4.3 Correlation Between Deactivations

Correlations between deactivations were explored between Default Network subsystems
and hippocampi. We wanted to explore these as an immediate proxy for behaviour simi-
larity.

A statistically significant, strong positive correlation was found between differences in
activation between PSC of Think and No-Think condition (A PSC) in hippocampi, and A
PSC in Default Network A (r = 0.74, p < 0.001). This indicates that participants who
exhibited a larger downregulation of activity in the hippocampi during No-Think trials
in respect to the rest of the participants, also exhibited a proportionally larger down-
regulation in DN-A. This relationship accounts for roughly 55% of the shared variance
(R* = 0.548).

Similarly, a significant positive correlation was found between hippocampi and DN-B
PSC (r = 0.68, p < 0.001), explaining approximately 46% of the variance (R?> = 0.462).
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Figure 14: Correlation between deactivations.
Correlations between difference of activations between hippocampi and Default Network subsys-
tems, on the left with Default Network A, on the right with Default Network B.

Each dot represents a subject, with total sample size N = 330.

Best fit lines are plotted for visualization purposes.
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4.4 Qualitative Inspection Of Deactivations

The results described before all derive from a methodological choice about Percent Signal
Change (PSC) calculation. We employed “mean” PSC, that is, the time courses of all the
voxels within a Region Of Interest were averaged together to create a mean time course
for that ROI, from which activity measure was derived. This approach is valid for small,
coherent, structural regions such as the hippocampal formation. Our hippocampal ROI
were manually traced on individual structural scans to obtain the most accurate selection
of voxels within the structural hippocampus, and functionally coherent anatomical struc-
tures should not have great differences of functional profiles between different voxels.
What is instead critical is applying such measures for ROI such as Default Network A
(DN-A) and Default Network B (DN-B) as derived from the DulSNET atlas [74].

First, both ROI have a considerable size, as Default Network B comprises 4104 3mm?
voxels, and Default Network A comprises 2090 3mm? voxels (voxel count conducted on
masks on MNI space before warping to subject-specific anatomy).

Second, they entail sparse functional areas and isolated voxels, which could have distinct
activations in response to the TNT task.

Could it be that the deactivations that we find by looking at a mean time course are actually
driven only by some areas, and the observed network subsystems do not show functional

coherence?

To test this, we developed a second pipeline, in which contrast maps were derived in MNI
space to observe group-level contrast of Think > No-Think.

To have an account of coherent deactivation in each subsystem, we parcellated the Default
Network masks in their major functional areas, and retrieved an anatomical or functional
label for each area. If no lateralization is described, it means that areas are along midline
regions.

For DN-A, the major functional areas were: bilateral superior middle temporal gyrus
(sMTQG), bilateral posterior inferior parietal lobule (pIPL), bilateral parahippocampal cor-
tex (PHC), ventral precuneus, posterior cingulate cortex (PPC), ventro-medial prefrontal
cortex (vmPFC), a bilateral cluster in dorsal prefrontal cortex (dIPFC), left lateral rostral

prefrontal cortex (IRPFC) (also named frontopolar cortex).

For DN-B, major areas described were: bilateral middle temporal gyrus (MTGQG), bilateral
anterior inferior frontal gyrus (alFG), bilateral lateral orbitofrontal cortex (IOFC), bilat-
eral temporo-parietal junction (TPJ), dorsal and anterior medial prefrontal cortex (mPFC),
posterior cingulate cortex (PPC), dorsal cingulate cortex (DCC), left dorso-lateral pre-
frontal cortex (dIPFC).
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Since second-level analyses were performed on a sample size of 330 participants, many
voxels in the T > NT contrast exhibit a statistically significant effect, even if we applied
rigid thresholding values (Family-Wise Error (FWE) corrected threshold of p < 0.01, with
a cluster forming threshold of k=10). We decided to interpret this contrast via a Cohen’s
d map thresholded at a small effect size of 0.2. Each voxel in Cohen’s d map surviving
this threshold had also a statistically significant effect on the p-value map.

Sagittal slices were taken at various positions to observe Default Network subsystem ar-
eas. Since the contrast is on Think condition > No-Think condition, no information is
provided if voxels were more active than baseline during the Think condition, or were
having a downregulation during No-Think condition. For this reason, interpretation of
contrast effect size is reserved to Default Network subsystems areas, to again corroborate
that deactivation found on the mean signal of the subsystems are not driven by only a
subset of areas.

At most lateral slice, at X = +60, we can observe DN-A’s right superior MTG showing a
few voxels with a small effect size, while DN-B areas do not show any effect. At X =+
50, we see DN-B’s areas bilateral TPJ, bilateral alFG and part of bilateral MTG showing
no effect size, while part of DN-A’s right pIPL showing some voxels displaying effect.
Only a few voxels are highlighted in the left superior MTG.

At X = -36 we can see left pIPL showing a medium-to-high effect size, while DN-B’s
cluster in dIPFC and remaining left MTG again do not show any effect. At X =+ 30
we can observe Hippocampal formation and DN-A’s parahippocampal cortex showing
medium effect sizes, while DN-B’s 10FC doesn’t show effect, nor does the rest of DN-
B’s left dIPFC cluster.

At X = -18 and X= +26 we see left and right clusters of DN-A in the dIPFC with clear
effects, but left IRPFC defies expectancy as it does not show task modulation.

At midline slices (X = + 4) we see ubiquitous effects in many regions. We have medium-
to-large effect sizes in the visual cortex, as described elsewhere [96]. We see medium
effect sizes in ventral Precuneus and in voxels in PCC, both of DN-A and DN-B. Dorsal
Cingulate Cortex seems to not exhibit any effect. Most dorsal and anterior mPFC has no

activation voxels, while a few voxels of DN-A’s ventral mPFC show small effect sizes.

We have recapitulated all major areas parcellated from each Default Network subsystem,
showing how only two areas of DN-A do not show effect for the 7 > NT contrast, which
are the small clusters in superior MTG and the left IRPFC. On the contrary, all clusters of
DN-B except PCC do not exhibit any effect.

Taken together, these results suggest that DN-A overall deactivation is driven by all areas,

functioning as a coherent network.
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They also corroborate DN-B’s lack of modulation during the TNT task, showing how
almost no area within the subsystem displays a T > NT effect, again confirming the
functional coherence of the subsystem.

It is striking to observe the aforementioned dissociation in group-level task contrast: these
accounts are noisy, as we can see from the effect-size map, and anatomical and functional

variability can alter spatial precision of results.

X =460

Figure 15: Exploratory whole-brain analyses.
Blue-to-green voxels represent effect sizes for the Think>>No-Think contrast. Red outline marks
edges of Default Network A areas, yellow outline for Default Network B.
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5 Discussion

The results presented in this thesis shed light on neural correlates of the Retrieval Stopping
process. Past literature had focused on the right hippocampus as an a-priori Region Of
Interest (ROI) to investigate downregulation related to the No-Think condition, so works

in subsequent years had focused only on the lateralized structure.

The novelty of the present approach is conducting analyses in subjects’ native space with
highly precise masks for ROIs, providing results with high accuracy and spatial precision.
Corroborating early evidence, in this mega-analysis pooling data from 330 individuals,
we found that both the right and left hippocampus, as manually traced on structural scans
for each subject, showed reduced activity during Retrieval Stopping in respect to active
retrieval, across a variety of experimental items, scanning sequences and laboratories.
We calculated an effect size for each structure independently, and found that the right
hippocampus showed a reliable larger effect size than the left hippocampus (Cohen’s d =
0.343 and Cohen’s d = 0.273 for right and left respectively), finally confirming a long-
held theory of the laboratory.

While the contrast Think > No-Think can elucidate various mechanisms, it does not pro-
vide information if activity during Think condition is increased in respect to baseline
activity, or No-Think condition is associated with a downregulation. We calculated the
measure of Negative BOLD Responses (NBRs) as a proxy for downregulation: both the
right and left hippocampi exhibited NBRs associated with No-Think trials, coherent with
other work [11,22]. In light of results obtained elsewhere [22, 51, 53], we can interpret
NBRs as indicating the hippocampus being properly inhibited, as the structures are being
targeted by an inhibitory control mechanism, centered around right anterior dorso-lateral
prefrontal cortex and right ventro-lateral prefrontal cortex [97].

Contrary to past work [11], we do not observe Percent Signal Change associated with
Think trials to be positive in respect to baseline. Observing activation above baseline
in the hippocampus is a remarkably hard inquiry, even with memory heavily-dependent
tasks, due to hippocampal high activity even during rest or null trials, often used as data

points for defining baseline [98].

A previous study pointed to a possible modulation, as activity was greater during Think
trials than during No-Think trials, of areas historically associated with the Default Net-
work during the TNT task, subsequently described as target of a “broader deactivation
pattern” [11,27]. To corroborate this hypothesis, we implemented the most recent parcel-
lation of human brain resting state networks [74], which by taking advantage of precision
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imaging differentiates two networks within the Default Network.

We did find that Retrieval Stopping caused a reduction of activity in respect to active
retrieval in Default Network, but found that this modulation was exclusively driven by re-
duced activity in Default Network A (DN-A), while the other network of interest, termed
Default Network B (DN-B), was not modulated by the TNT task.

We found a significant effect of dataset type on the interaction between trial-type effect
and ROI effect: we conducted analyses within each datasets, and found that most dataset
recapitulated overall effect, i.e. reduced activity in DN-A between Think and No-Think
and no modulation of DN-B.

To investigate downregulation of the networks during Retrieval Stopping, we calculated
NBRs. In contrast with hippocampal results, we demonstrated how both Retrieval Stop-
ping attempts and active retrieval attempts produced NBRs, both in DN-A and DN-B.
Given the documented behaviour of Default Network and its functional profile, these
NBRs should be interpreted with caution.

The baseline from which NBRs were calculated were data points scattered around the
scanning session: while intuition may tell us that participants were at rest during these
moments, left without any behavioural task to do nor cognitive operation to follow, we
know that “brain at rest does not rest”. The brain engages in unconstrained cognitive ac-
tivity during task-free moments: spontaneous cognition and autobiographical planning,
stimulus-independent thought and rumination accompany us in almost every spare wak-
ing moment.

One way to interpret the observed NBRs in both Think and No-Think conditions, in both
networks, is that they are caused by the difference between spare moments and comply-
ing with the paradigm: performing any task with clear instructions and goals could in
theory constrain mental activity. Even during Think trials, thinking and retrieving a sin-
gle target memory that was extensively studied can constrain the mind-wandering and
day-dreaming that we experience during spare moments. Importantly, Default Network
has been historically related to this day-dreaming activity [76], and early evidence showed
how allocating attention away from this unconstrained internal cognition was related to

downregulation of the various cortical areas associated with the network [99].

Reduced activity observed in both DN-A and DN-B in respect to baseline could thus be
explained by the difference between attending to the task and unrestrained mental activity.
Indeed, researchers argue how, especially for memory tasks, the task-free resting state is
not to be considered a stable baseline [98]. This problem is a direct consequence of the
main setback of BOLD fMRI, which is its contrastive nature. The methodology does
not provide a true baseline-signal level, and it is not possible to determine how much
activity is associated in certain brain regions with a condition alone, but contrast between

conditions are required.
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While this interpretation reduces the explaining power of the NBRs observed, it does
not affect the importance of the measured reduction in activity during No-Think trials in

respect to Think trials in DN-A, together with no observed modulation of DN-B.

These results are confirmed also by the ROIs behaving as functionally coherent networks,
as most areas in DN-A show an effect for T > NT, while almost no DN-B’s area contains

voxels in which the contrast has any small effect.

We argue that the DN-A modulation is a result of Retrieval Stopping attempt, that is,
a downregulation initiated from the inhibitory control mechanism centered in the right

anterior dorso-lateral prefrontal cortex and right ventro-lateral prefrontal cortex.

DN-A role in episodic construction has been extensively studied: it has been demon-
strated to be implicated in recollection of prior information and episodic retrieval, and
supports spatio-contextual memory, playing an overarching role in memory-based con-
struction of events [66, 100-102]. Furthermore, a recent high-resolution investigation
has provided evidence for connectivity differences between DN-A and DN-B to areas in
medial temporal lobe (MTL), with DN-A possibly representing cortical areas subserving
memory-related functions thanks to interactions with certain MTL structures [103]. On
the contrary, DN-B seems to have a role in reflecting on the mental states of other people
and also one’s own mental states: it is selectively engaged when participants assess so-
cial information [72, 103]. DN-B’s distinct role in social cognition does not suggest any
involvement in memory tasks such as the TNT task, and we indeed see no modulation of

this network in our data.

We thus propose that DN-A experiences the same effect as hippocampi as they work
together to enable memory retrieval. Inhibitory control seeks the specific cancellation of
retrieval activity within both hippocampus and the DN-A, while sparing the uninvolved
DN-B.

Our proposal is also supported by the strong correlation we saw in individuals between
downregulation effect in hippocampi and downregulation effect in DN-A. Individuals who
achieved great reduction of hippocampal activity during No-Think trials relative to Think
trials also managed great reduction in activity in DN-A, whereas those who showed little
to no reduction in the hippocampi similarly failed to downregulate DN-A. This provides
evidence for functional co-modulation, pointing to a unique mechanism affecting both
systems with a similar amplitude. Unexpectedly, a significant positive correlation was
also found between difference in activity of hippocampi and difference in activity of DN-
B, weaker relative to DN-A’s one. This relationship could reflect intra-subject Default
Network subsystems covariance, rather than functional similarity between Hippocampi
and DN B, but further data would be needed to test this.
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As said before, part of the research history (and historical definition) of the Default Net-
work is its prominent downregulation during complex, attention-demanding tasks. A
counter-interpretation of our results could be that DN-A is modulated because No-Think
trials require more attention, or are simply “harder”, than retrieving an extensively studied
associate given its cue.

The effect we found for Think >No-Think could thus be explained solely by the trial dif-
ference in cognitive resources demanded, and not by an underlying cognitive mechanism
such as Retrieval Stopping.

While this counter-argument may have some basis, there are a few fallacies in this view.

Firstly, even if past literature searched for deactivations in canonical Default Network be-
fore precision parcellation, no paper seems to provide evidence for a distinct pattern of
task-induced deactivation in specific areas of the network. Beyond the functional speci-
ficity and different connectivity, DN-A and DN-B still share identical deactivations during
externally-focused tasks [74]. There’s thus no reason to assume that Retrieval Stopping

would cause decreased activations only in DN-A, while DN-B remains unaffected.

Second, while originally it was thought that Default Network deactivations were caused
by reallocation of processing resources and that deactivations scaled with task overall
“difficulty” [104], we now know that this is not exact. Rather, it seems that DN deac-
tivations are not related to the difficulty of the task we are attending, but by its quality.
External-attention demanding tasks, such as perceptual assignments on visual stimuli,
greatly deactivate the network [105], whilst tasks with similar perceived “hardness” or
complexity that require attention focused on our internal world do not show equal DN
downregulations [106] [107]. There’s no reason to assume that the Retrieval Stopping
process would require intense focused attention on the external world, while active re-

trieval wouldn’t.

A direct way to falsify the proposed counter-argument would be to analyze results from an
alternative way of conducting the TNT paradigm, introduced by Roland Benoit [48]. In
this paradigm, participants are instructed to avoid retrieving the target memory during No-
Think trials by retrieving any alternative thought, strategy termed ‘“‘thought substitution”.
The paper demonstrates how this strategy does not cause the same memory disruption
effects as direct Retrieval Stopping, and does not result in hippocampus inhibition [48]. In
the future, we could thus assess DN NBRs in this paradigm: during “thought substitution”
trials participants are instructed to not think about the target, the trial engages cognitive
resources, and there’s no reason to suppose it is more attention-demanding than direct
suppression instructions.

If in this hypothetical DN-A activity wouldn’t be modulated by No-Think or Think trials
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(as hippocampal activity is not modulated), it would provide a proof of evidence that the
effect we see in our results can’t be explained by resource-demanding attention-related
downregulation, but it is due to a selective downregulation of DN-A activity, while sparing
DN-B.

Our thesis, other than bringing clarifications on the cortical correlates of Retrieval Stop-
ping, also brings evidence, on top of the one accumulated by Buckner’s lab, Rodrigo
Braga and Andrews-Hanna, that the canonical, coherent, integrated Default Network is
a myth [66,67,71,74,103,108]. Evidence shows undeniably how two networks within
the canonical network, with their own distinct functional profile, distinct anatomical lo-
cations, distinct connections with other brain areas, should be considered as separate en-
tities. While in this work the term “subsystem” was extensively used, we expect that the
two networks will be regarded in the near future as entirely distinct, with no overall sys-
tem formed by their union.

Past low-resolution and group-averaged data must not obscure what recent evidence tells
us. Furthermore, the impression that there is a coherent monolithic network may have
been reinforced by the phenomenon of task-induced deactivation, which, as we now know,

expands across various association areas and different networks [74].

While no contrast was explored between Percent Signal Change results in native space
and in standard space, our results argue for performing analyses in native space, even
by using standard atlas-based Region Of Interest warped to each subject’s brain. While
few studies have used this technique and advocated for it [109—111], this is still not the
norm in neuroimaging literature. The results presented couldn’t have been obtained with
standard atlas-based analyses: since DN-A and DN-B, as defined in our parcellation
of choice [74], are closely juxtaposed and interdigitated, warping transformations and
smoothing would have heavily affected final results. We advocate for native-space anal-
yses, especially given that inverse parameters (—y) to be followed to conduct warping
from atlas of choice to native space are already calculated in standard pipelines, so no
additional step is required. However, we understand how greater computational power

needed during analyses can be a hindrance to researchers.

The results presented here have operative implications in the context of mental health.
Indeed, many mental health conditions, such as schizophrenia, depression, anxiety disor-
ders and obsessive-compulsive disorder are hallmarked by symptoms such as hallucina-
tions, intrusive thoughts, ruminations about the past, fearful future scenarios or compul-
sive thinking [112].

The theoretical framework adopted in the thesis posits that a domain-general inhibitory

control mechanism mediated by the right anterior dorso-lateral prefrontal cortex and the
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ventro-lateral prefrontal cortex can dynamically target the medial temporal lobe to achieve
thought suppression [27].

Thus, whether intrusions concern the past or future, the real or hypothetical, general
thoughts or specific events, the fronto-temporal pathway may stop their retrieval. While
most frameworks on psychiatric pathology focus on altered executive functions and their
prefrontal basis, our theoretical framework emphasizes the target of that control: namely,
the hippocampus.

It has been demonstrated that concentrations of hippocampal GABA in humans, as as-
sayed by magnetic resonance spectroscopy, predict the strength of inhibitory coupling
between the prefrontal cortex and the hippocampus, and subsequent ability of Retrieval
Stopping [22]. A plethora of studies have demonstrated how hippocampal GABAergic ac-
tivity is diminished in schizophrenia [113,114], and hippocampal hyperactivity is present
in depression [115,116], anxiety [117], post-traumatic stress disorder [118], phenomenon
aptly named “hippocampal disinhibition”.

Indeed, studies have found that a range of psychological disorders are associated with
impaired suppression-induced forgetting, as a proxy for inhibitory control on internal
thoughts, relative to control samples [119].

Thus, a disrupted inhibitory pathway between prefrontal inhibitory regions and MTL re-
gions allows us to explain transdiagnostic origins of intrusive thinking, resulting in core
symptoms of various mental health disorders.

Our results point to the downregulation of Default Network A areas as another con-
sequence of inhibitory control on thoughts. Supported by research showing that neu-
ral correlates of self-talk and internal cognition closely match Default Network areas
[76,120,121], they provide a new framework to explore transdiagnostic markers for men-
tal health. Indeed, an influential review found that the Default Network was hyperactive
across mental illnesses, and showed reduced segregation measures with fronto-parietal
networks [122]. We thus propose that reduced hippocampal GABA hinders the abil-
ity to suppress intrusive thoughts, disinhibiting both the hippocampus and broader De-
fault Network, causing persistent intrusive thoughts and a tendency to focus attention
inwardly [123,124].

Many research directions can stem from the results presented here.

First of all, further analyses should be conducted to explain the numerous cortical voxels
showing statistically significant effects for the Think>No-Think contrast in MNI space
found in this mega-analysis. Many observed cortical regions sensitive to the contrast seem
to not have been described before in the TNT literature.

Second, techniques should be implemented to test if Default Network A areas are properly

inhibited, or if downregulation observed is driven by BOLD signal artifacts. While some
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research is pointing at NBRs as being predictive for neural tissue inhibition [125], we are
still cautious to interpret our results as inhibition.

If, as we suspect, an inhibition process is in place, further work should resolve if inhibition
pathways target in parallel hippocampus and DN-A, or alternatively, if DN-A activity is
driven by hippocampus, so that inhibiting this latter structure results in lower activity
in the network. Another research direction, easily implementable, would be to assess
functional connectivity between hippocampus and Default Network subsystems, even if
significance of functional connectivity during task is still being discussed [126].

Finally, we could investigate if in mental conditions hallmarked by intrusive thoughts
there’s a diminished downregulation of Default Network A during Retrieval Stopping,
paralleling the observed impairment in inhibiting hippocampus by patients attempting the
Think/No-Think task [127,128].
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6 Conclusions

Findings presented here shed light on the neural correlates of Retrieval Stopping thanks
to functional Magnetic Resonance Imaging scanning during execution of the Think/No-
Think task.

With a big sample size and procedures conducted in native space, this mega-analysis pro-
vides evidence for reduced activity in both the right and left hippocampus during Retrieval
Stopping in respect to active retrieval. Furthermore, when activity is compared between
conditions and during unmodeled data points (signal baseline), Retrieval Stopping causes
a negative deflection of the signal, i.e. a Negative Bold Response (NBR), while in our
data active retrieval does not cause a positive deflection. We found a bigger effect size in
the right hippocampus relative to the left hippocampus, which can explain why past work
has focused on the right lateralized structure.

We found that Default Network A (DN-A), as defined by a recent parcellation of the hu-
man brain in ten resting-state networks with high precision, recapitulates hippocampal
modulation. DN-A shows reduced activity during Retrieval Stopping relative to active
retrieval, in both its overall mean signal and signal from each area that composes the net-
work. DN-A activity is substantially lower than baseline during Retrieval Stopping, but
exhibits an NBR also during Think trials.

Importantly, Default Network B is not modulated by the Think/No-Think task. It exhibits
NBRs for both Retrieval Stopping and active retrieval, with no significant statistical dif-
ference. This is corroborated by looking at single areas composing the network as well.
We furthermore found a correlation between downregulation in hippocampi and downreg-
ulation in DN-A. While cortical regions may share nuisance variance that could explain
this correlation, we find that the correlation coefficient was higher for DN-A relative to
DN-B.

These results, taken together, corroborate functional specialization between DN-A and
DN-B.

We argue that both the right and left hippocampus and Default Network A cooperate to-
gether to enable conscious memory retrieval.

We argue that a domain-general inhibitory control mechanism seeks the cancellation of
retrieval activity during Retrieval Stopping, and thus disrupts activity of both hippocam-

pus and DN-A while sparing activity of the uninvolved Default Network B.
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