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RESUMEN

El alcance de la conciencia humana incluye estados que se alejan de lo que la

mayoria de nosotros conocemos como vigilia ordinaria. Estos estados alterados

de conciencia constituyen una excelente oportunidad para estudiar como cambios
globales en la actividad cerebral se relacionan con diferentes variedades de expe-
riencias subjetivas. Consideramos el problema de explicar cémo indicios globales
de los estados alterados de conciencia emergen de la interaccion entre la conectivi-
dad a gran escala y reglas dindmicas de bajo nivel del cerebro. Para este propdsito,
proponemos cerrar la brecha entre modelos generativos de la actividad del cere-
bro completo y los indicios globales propuestos por teorias de la conciencia. Entre
los modelos actuales de cerebro completo, el modelo dynamic mean field (DME
modelo dindmico de campo medio) es particularmente atractivo, ya que com-
bina modelos realistas de neuronas tnicas escalados a través de la aproximacién
de campo medio y datos multimodales de neuroimagen. A pesar de estas carac-
teristicas favorables, una barrera importante para el uso masivo del modelo DMF
es que sus implementaciones actuales son computacionalmente muy costosas —
al punto que el modelo se vuelve inviable sin una infraestructura computacional
de alto rendimiento. Es mads, incluso con una infraestructura adecuada, las im-
plementaciones actuales solo soportan simulaciones en parcelaciones del cerebro
con menos de 100 regiones. Para remover estas barreras, introducimos una imple-
mentaciéon del DMF amistosa para el usuario y computacionalmente eficiente, que
llamamos FastDMF. Por medio de un conjunto de avances analiticos y numéricos
—incluyendo un novedoso estimador del control inhibitorio y un algoritmo de op-
timizacion bayesiana- el FastDMF elude varios cuellos de botella computacionales
delas implementaciones previas. En este trabajo usamos el FastDMF para proponer
una explicacion mecanicista del aumento en la entropia neural gatillado por dro-

gas psicodélicas serotoninérgicas (agonistas del receptor 5HT2A), conocido como la
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hipétesis del cerebro entrépico. Nuestros resultados reproducen el aumento global
de entropia observado en experimentos in vivo, entregando la primera explicacion
basada en modelos para éste fen6meno. También encontramos que los cambios
no son uniformes a lo largo del cerebro: la entropia aument6 en todas las regiones,
pero el efecto mayor se localiz6 en regiones visuo-occipitales, tal como se ha ob-
servado en estudios de neuroimagen. Interesantemente, a nivel de cerebro com-
pleto, esta reconfiguracion no se explica bien por la densidad de receptores 5SHT2A,
sino que se relaciona estrechamente a propiedades topolégicas de la conectividad
anatomica. Estos resultados ayudan a entender los mecanismos subyacentes al es-
tado psicodélico desde reglas biofisicas de bajo nivel y, mas generalmente, a enten-

der la modulacién farmacolégica de los indicios globales de la conciencia.



ABSTRACT

The scope of human consciousness includes states departing from what most of

us experience as ordinary wakefulness. These altered states of consciousness con-

stitute a prime opportunity to study how global changes in brain activity relate to
different varieties of subjective experience. We consider the problem of explain-
ing how global signatures of altered consciousness arise from the interplay between
large-scale connectivity and low-level dynamical rules. For this purpose, we pro-
pose to bridge the gap between bottom-up generative models of whole-brain activ-
ity and the top-down signatures proposed by theories of consciousness. Among
the current whole-brain models, the dynamic mean field (DMF) model is a par-
ticularly attractive model, combining a biophysically realistic single-neuron model
that is scaled up via a mean-field approach and multimodal imaging data. Despite
these favourable features, an important barrier for a widespread usage of the DMF
model is that current implementations are computationally expensive — to the ex-
tent that the model often becomes unfeasible when no high-performance comput-
ing infrastructure is available. Furthermore, even when such computing structure
is available, current implementations can only support simulations on brain par-
cellations that consider less than 100 brain regions. To remove these barriers, here
we introduce a user-friendly and computationally-efficient implementation of the
DMF model, which we call FastDMF. By leveraging a suit of analytical and numer-
ical advances - including a novel estimation of the feedback inhibition control pa-
rameter, and a Bayesian optimisation algorithm - the FastDMF circumvents various
computational bottlenecks of previous implementations. Here, we use the FastDMF
to propose a mechanistic explanation of the increase in neural entropy elicited by
serotonergic psychedelics drugs (agonists of the 5-HT2A receptor), also know as the
entropic brain hypothesis. Our results reproduce the overall entropy increase ob-

served in previous experiments in vivo, providing the first model-based explana-



tion for this phenomenon. We also found that entropy changes were not uniform
across the brain: entropy increased in all regions, but the larger effect were localised
in visuo-occipital regions, as previously shown in neuroimaging studies. Interest-
ingly, at the whole-brain level, this reconfiguration was not well explained by 5-
HT2A receptor density, but related closely to the topological properties of the brain’s
anatomical connectivity. These results help us understand the mechanisms under-
lying the psychedelic state from the low-level biophysical rules and, more generally,

the pharmacological modulation of top-down signatures of consciousness.
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INTRODUCTION

3.1 Consciousness and the brain: linking biophysics

with lived experience

Consciousness has been a puzzle beyond the scope of natural science for centuries;
however, the significant progress seen during the last 30 years of research suggests
that a rigorous scientific understanding of consciousness is possible (LeDoux et al.,
2020; Seth, 2018; Overgaard, 2017). The dawn of the modern neuroscientific ap-
proach to consciousness can be traced back to Crick and Koch’s proposal for iden-
tifying the neural correlates of consciousness (NCC) (Crick and Koch, 1990, 2003),
understood as the minimal set of neural events associated with a certain subjec-
tive experience. The key intuition that fuels this proposal is that careful experimen-
tation should suffice to reveal brain events that are systematically associated with
conscious (as opposed to unconscious or subliminal) perception. Needless to say,
the methodological challenges associated with this idea are vast — particularly con-
cerning the determination of what constitutes conscious content (e.g., must con-
tent be explicitly reported, or are other less direct forms of inference equally valid
(Tsuchiya et al., 2015; Cohen and Dennett, 2011))? Despite these problems, which
are still actively debated, the program put forward by Crick and Koch succeeded to
jump-start contemporary consciousness research. For recent reviews on the empir-
ical search for NCC, see Ref. (Koch et al., 2016); for a theoretical examination of the
concept of NCC, see Ref. (Chalmers, 2000); and for criticism to the concept of NCC,
see Refs. (Noé and Thompson, 2004). While the quest for the NCC aims to provide
answers to where and when consciousness occurs in the brain, subsequent theoret-
ical efforts have attempted to discover systematic signatures within those NCC that

could reflect key mechanisms underlying the emergence of consciousness. In other



words, these efforts try to answer how consciousness emerges from the processes
that give rise to the NCC (Seth, 2007; Sergent and Naccache, 2012). Hence, theoret-
ical models of consciousness strive to “compress” our empirical knowledge of the
NCC, i.e., to provide rules that can predict when and where from how. The nature
of those rules, in turn, determines the kind of explanation offered by a theoretical
model of consciousness. Here, we consider two possible approaches: top-down and
bottom-up (Stinson and Sullivan, 2018). On the one hand, top-down approaches
start by identifying high-level signatures of consciousness, and then try to narrow
down low-level biophysical mechanisms compatible with those signatures. On the
other hand, bottom-up approaches build from dynamical rules of elementary units
(such as neurons or groups of neurons (Deco et al., 2008)) and attempt to provide
quantitative predictions by exploring the aggregated consequences of these rules
across various temporal and spatial scales. We further subdivide explanations into
those addressing conscious information access (e.g., perception in different sensory
modalities) and those concerning consciousness as a temporally extended state,
such as wakefulness, sleep, anaesthesia, and the altered states that can be elicited by
pharmacological manipulation (Vaitl et al., 2005; Revonsuo et al., 2009; Overgaard
and Overgaard, 2010; Tassi and Muzet, 2001; Ludwig, 1966; Tart, 1976; Bayne, 2007).
Theories that rely heavily on a top-down perspective risk being under-determined
in the reductive sense, i.e., they could be compatible with multiple and potentially
divergent lower-level biological and physical mechanisms (Michel, 2019). While we
do not know whether consciousness may be instantiated in other physical systems,
we certainly do know that it is instantiated in the human brain, and therefore all
theoretical models of consciousness should be consistent with the low-level bio-
physical details of the brain to be considered acceptable. In light of this potential
under-determination, it is difficult to decide whether the different theories currently
dominating the field are competing (in the sense of predicting mutually contradic-
tory empirical findings) or convergent (in spite of being formulated from disparate
perspectives). Without investigating theories of consciousness from the bottom-up,
it could be simply too early for proposals of an experimentum crucis to decide be-

tween candidates (Reardon, 2019).



3.2 What is an altered state of consciousness? Exam-

ples and defining features

Abasic distinction is commonly drawn between phenomenal and access conscious-
ness (Block, 1995). The first represents the subjective experience of sensory percep-
tion, emotion, thoughts, etc.; in other words, what it feels like to perceive some-
thing, undergo a certain emotion, or engage in a certain thought process. The
second represents the global availability of conscious content for cognitive func-
tions, such as speech, reasoning, and decision-making, enabling the capacity to is-
sue first-person reports.

The term “consciousness” is also used in reference to a third concept in which
the definition is comparatively more elusive: that of temporally extended and qual-
itatively distinct modes or states of consciousness (Vaitl et al., 2005; Revonsuo et al.,
2009; Overgaard and Overgaard, 2010; Tassi and Muzet, 2001; Ludwig, 1966; Tart,
1976; Bayne, 2007). This concept is perhaps best introduced by listing examples,
such as our ordinary state of conscious wakefulness, the different phases of the
wake-sleep cycle, dreaming during rapid eye movement (REM) sleep, sedation and
general anaesthesia, post-comatose disorders, such as the unresponsive wakeful-
ness syndrome, the acute effects of certain drugs (mainly serotonergic psychedelics
and glutamatergic dissociatives), the state achieved in some contemplative tradi-
tions by means of meditation, hypnosis, and shamanic trance, among others. Fol-
lowing Ludwig (Ludwig, 1966) and Tart (Tart, 1972), we refer to these as “altered
states of consciousness”, adopting this term to emphasize their dissimilarity to or-
dinary conscious wakefulness. Altered states of consciousness have been studied
for decades from different perspectives (Natsoulas, 1981), emphasizing the individ-
ual differences in conscious experiencing. Basic processes, such as sensory percep-
tion, reveal consistent and substantial inter-individual differences (Deutsch, 1986).
Other inter-individual differences in experiences of imagery and thought in the
waking state, dreaming, hypnosis, and other phenomena have been reported (Kun-
zendorf and Wallace, 2000). Furthermore, the same phenomenal event may be in-
terpreted in different ways, evidencing cultural variations (Pasricha and Stevenson,
1986). For a complete account of altered states of consciousness following a multi-

disciplinary perspective, we refer the reader to Cardefia and Winkelman (2011).

Let us describe commonalities shared by altered states of consciousness, which

point towards a potential general operational definition. First, altered states of con-



sciousness are temporally extended and typically (but not always) reversible. Sec-
ond, they are not defined by the presence of specific subjective experiences, but in-
stead by general and qualitative modifications to the contents of consciousness,
including their experienced intensity (Revonsuo et al., 2009). Third, at least some
states can be ordered along a hierarchy of levels, from states of “reduced” conscious-
ness (e.g., general anaesthesia, sleep) to others considered “richer” (e.g., certain
states achieved during meditation or induced by pharmacological means) (Carhart-
Harris et al., 2014).

A proper definition of what constitutes an altered state of consciousness is,
unfortunately, more elusive than suggested by the examination of these exam-
ples. If states of consciousness are transient, then what is their minimum accepted
length? Do qualitative modifications of conscious content apply only to the sensory
domain, or encompass other forms of subjective experience, as well? Does a déja-
vu (a brief episode of eerie familiarity with an unknown past event) qualify as an
altered state of consciousness? What about an orgasm, or the state of pain caused
by hitting one’s finger with a hammer? Without doubt, these examples modify in one
way or another the general contents of consciousness, but they are not commonly

considered as altered states of consciousness.

The intuitive notion of “levels” of consciousness is also problematic (Bayne
et al., 2016). We are familiar with the fact that some states appear to be “more con-
scious” than others; for instance, ordinary wakefulness would have a higher con-
scious level than deep sleep or an absence seizure. But in what sense is deep sleep
more or less conscious than an absence seizure? Following this logic, how should
dreaming, the acute effects of psychedelic drugs, and the state achieved by expert
meditators be ordered along a hypothetical uni-dimensional hierarchy of levels of
consciousness? It seems that altered states of consciousness can only be subject to
partial ordering, with comparisons between certain pairs of states being question-

able or outright meaningless.

These difficulties relate to two main problems. The first problem is granular-
ity: how long is long enough to qualify as an altered state of consciousness? The
second is compositeness: instead of a single level of intensity, multiple dimensions
are likely required for an unambiguous characterization; however, it is unclear how
many dimensions are needed and how they should be determined (Bayne et al.,
2016; Bayne and Carter, 2018). A subsidiary issue related to the granularity prob-
lem is whether altered states of consciousness represent discrete states with sharply

defined boundaries, or are more adequately understood as continuous transitions.



Several proposals have been put forward to circumvent these issues and define
altered states of consciousness (Vaitl et al., 2005; Revonsuo et al., 2009; Overgaard
and Overgaard, 2010; Tassi and Muzet, 2001; Ludwig, 1966; Tart, 1976; Bayne, 2007).
Here, we adopt perforce a more pragmatic stance: we are interested in altered states
of consciousness lasting enough to be investigated by modern neuroimaging tech-
niques (>10 min). At the same time, we strive to show that whole-brain models can
be sufficiently rich to transcend the unidimensional characterization of conscious-

ness in terms of “levels”.

For the purposes of this article, we divide altered states of consciousness into
the following (neither exhaustive nor mutually exclusive) categories: natural or
endogenous (e.g., the states within the sleep cycle), induced by pharmacological
means (e.g., general anaesthesia, the psychedelic state), induced by other means
(e.g., meditation, hypnosis), caused by pathological processes, either neurologi-
cal or psychiatric (e.g., disorders of consciousness, epilepsy, psychotic episodes),

and transitory versus permanent.

3.3 Top-down signatures of consciousness from

bain signals

A major challenge in the study of altered states of consciousness has been to estab-
lish empirical signatures in brain signals that are characteristic of different states,
thus allowing us to identify them “from the outside”, i.e., not depending on self-
report or behavioral tasks (Sergent and Naccache, 2012). Establishing and validat-
ing these signatures also carries significance from a clinical perspective, since they
could lead to efficient and specific biomarkers for certain neuropsychiatric con-
ditions (Sitt et al., 2014). Furthermore, when interpreted within a broader theory,
some of these signatures may also provide new insights about the nature of the
corresponding conscious states, advancing our fundamental understanding of con-

sciousness itself.

In the following, we first provide a broad overview of general aspects of theories
of consciousness and then illustrate what a signature of consciousness is by review-

ing two well-known examples.



3.3.1 Functionalist and non-functionalist positions on the mind-

brain problem

When we consider the most prominent contemporary theories of consciousness,
we find that they mainly differ in what they take as valid empirical data to be ex-
plained by the theory. There are essentially two positions on this matter, which can
be related to the influential division between functionalist and non-functionalist
positions on the mind-brain problem. For a functionalist, the subjective quality
of conscious experience is rejected as a valid target of scientific explanation. Ac-
cording to this view, most famously articulated by Daniel Dennett in Consciousness
Explained (Dennett, 1993), only third-person objective measurements fall into the
scope of a science of consciousness. This data is limited to observable behavior and
neural activity recordings; for instance, whenever an experimental subject claims
to be experiencing a certain shade of blue, the neuroscientist is not tasked with
finding how a physical process in the brain can cause a subjective feeling of blue,
but with determining the mechanisms leading the subject to declare such experi-
ence (Dennett, 2003). Non-functionalists, on the other hand, reject this position
as a sophisticated form of behaviorism (Block, 1980). According to this view, in-
trospection plays a crucial role in the scientific explanation of consciousness, be-
cause it reveals the very nature of the explanandum itself; any other kind of data
represents, at best, an indirect approximation (Lutz et al., 2002; Shear and Varela,
1999; Chalmers, 1999). It is one of the defining features of consciousness, argue
the defenders of this position, that it cannot be illusory (Frankish, 2016) since be-
ing conscious of something is precisely what bears that conscious experience into

existence (Nida-Riimelin, 2016; Seager, 2017).

When translated into the domain of neuroscience, these positions inform the
two most influential contemporary models of consciousness. The global neuronal
workspace theory (GNW) (Baars, 2005; Dehaene and Naccache, 2001) links con-
sciousness with the widespread and sustained propagation of activity in the cor-
tex, serving the computational function of broadcasting information to be pro-
cessed by specialized modules (Mashour et al., 2020). This theory was developed
to explain the neural signatures of consciousness seen in cognitive neuroscience
experiments—in other words, to explain third-person objective data. On the con-
trary, the integrated information theory (IIT) (Tononi, 2004; Balduzzi and Tononi,
2009; Oizumi et al., 2014) is based on certain first-person qualities of subjective

experience, which are accessed by introspection and can be taken as “postulates”



or “axioms” for the theory (Oizumi et al., 2014). This theory strives to provide a
quantitative characterization of consciousness, as well as to determine the neural
correlates of conscious contents from first principles only (even though concrete
predictions may be computationally intractable (Barrett and Mediano, 2019)). Both
theories have been the target of intense criticism (Block, 2011; Tsuchiya et al., 2015;
Aru et al., 2012; Lamme, 2006; Doerig et al., 2019; Tsuchiya et al., 2020), which can
be taken as a sign that the scientific problem of consciousness remains unsolved.

While the GWT and the IIT are frequently pitted against each other, their pre-
dictions for human brains may still be mutually compatible (Seth et al., 2006; Tagli-
azucchi, 2017). For our purpose, what these two theories have in common is that
they follow a top-down approach, in the sense that they both focus on abstract
computational or information-theoretical principles, without necessarily specify-
ing how these principles arise as a consequence of local dynamics within the un-
derlying neural substrate. We argue that it is via detailed whole-brain modeling that
the points of agreement and divergence between theories, and how they relate to
the neurophysiology of the human brain, can and should be studied ahead of pos-

sible experiments.

3.3.2 Examples of signatures of consciousness

Since the conception of NCC, neuroscientists have turned to every available neu-
roimaging technology in the search for signatures of consciousness (Crick and Koch,
1990, 2003). Although many kinds of signatures have been explored (including
some related to metabolic consumption (Laureys et al., 2004) or cortical connectiv-
ity (Laureys et al., 1999)), for the purposes of this thesis we will focus on signatures
measurable with functional neuroimaging tools, like MEG, electroencephalography
(EEG), and fMRI because they reflect the dynamics of neural activity. In the sequel,
we illustrate the nature and application of signatures of consciousness by elaborat-

ing on two well-known examples.

The entropic brain hypothesis

One of the simplest, yet remarkably powerful, theoretical frameworks to fur-
nish signatures of consciousness is Carhart-Harris’ entropic brain hypothesis
(EBH) (Carhart-Harris et al., 2014; Carhart-Harris, 2018). Note that in this context

we refer with entropy to the Shannon’s entropy (Shannon, 1948) —not to the one



used in thermodynamics—, which measures the degree of unpredictability associ-
ated with the observation of a variable. According to the EBH, the richness of con-
scious experience depends on the complexity of the underlying population-level
neuronal activity, which determines the repertoire of states available for the brain to
explore. Put simply, conscious states that involve richer experiences might require a
more diverse set of brain configurations, which should leave a traceable footprint to
be observed in the entropy (or related measure), of the corresponding brain signals.
Following this rationale, the level of consciousness should be proportional (at least

within reasonable range) to the statistical entropy of brain signals.

Integrated information theory

A strong limitation of standard brain entropy analyses is that they consider only the
entropy of individual signals, without acknowledging the multivariate structure of
brain dynamics. An attractive way of studying interdependencies between brain
signals is with tools drawn from the integrated information theory (IIT) (Tononi,
2008). The IIT proposes an intimate relationship between consciousness and the
ability of a physical system to be integrated in such a way that is “more that the sum
of its parts”, i.e., to display dynamical properties in the whole that are not observed

in any of its parts.

The IIT builds on key information-theoretic ideas first presented in the semi-
nal early work of Tononi, Sporns, and Edelman (Tononi et al., 1994) and has been
subject of continuous development since (Tononi, 2004; Balduzzi and Tononi, 2009;
Oizumi et al., 2014; Mediano et al., 2019). Following Mediano et al. (2019), we dis-
tinguish between empirical IIT and fundamentalist IIT as two separate branches of
the theory. While fundamentalist IIT has been highly controversial and subject of
extensive criticism (Mindt, 2017; Morch, 2019; Barrett and Mediano, 2019; Bayne,
2018), multiple efforts in empirical IIT have been made to overcome the compu-
tational challenges of the theory (Krohn and Ostwald, 2017; Kitazono et al., 2018;
Toker and Sommer, 2019).

At the core of empirical applications of the IIT is a quantitative measure of in-
tegrated information, typically denoted by ®. There is currently no agreed-upon ®
measure, although multiple proposals have been put forward (Mediano et al., 2019)
and can be used to understand and compare the dynamical structure of systems
of interest. Indeed, detailed procedures describing how to compute different ver-

sions of @ are available (Mediano et al., 2019). Although the evidence supporting



the IIT as a fundamental theory of consciousness has been contested (Mediano,
2019), measures inspired by empirical IIT have proven useful in analyzing both em-
pirical (Chang et al., 2012; Kim et al., 2018), as well as simulated (Toker and Som-
mer, 2019; Mediano et al., 2016), neural data. Altogether, the family of information-
theoretic measures inspired by empirical IIT provides a valuable toolkit to study the

multivariate dynamics of whole-brain models.

3.4 Bottom-up whole-brain models

While human neuroscience research has been increasingly dominated by imaging
experiments, an important complement to this research is provided by computa-
tional neuroscience (Gerstner et al., 2012). In effect, neuroimaging data is usu-
ally insufficient to inform the underlying mechanisms at play behind neural phe-
nomena unfolding at different spatial and temporal scales (Ramsey et al., 2010).
In addition, since ethical considerations severely limit direct causal manipulation
of human brain activity, most of the neuroimaging literature is limited to correla-

tional studies.

The application of computational models to neuroimaging data with the pur-
pose of making causal and mechanistic assertions has been proposed and devel-
oped in parallel with different objectives. For instance, deep neural networks can
be used to model information-processing in the brain (Kriegeskorte and Douglas,
2018) by comparing their representational content via second-order isomorphisms
(e.g., representational similarity analysis) (Kriegeskorte et al., 2008). These models
can be used to investigate the plausibility of different computational architectures
within cognitive neuroscience (Kriegeskorte and Kievit, 2013). Another example
is dynamic causal modeling (DCM), which was developed to make model-based
causal inferences from neuroimaging experiments (Friston et al., 2003). DCM is
based on simulating brain signals under the assumption of different causal interac-
tions and then performing model comparison and selection. Finally, whole-brain
models are based on dynamical systems coupled by large-scale anatomical con-
nectivity networks and are developed to reproduce the statistics of empirical brain
signals at multiple scales (Schirner et al., 2018). We also distinguish whole-brain
models from attempts to produce extremely detailed reproductions of large neu-
ral circuits (e.g., cortical columns) (Markram, 2006), mainly due to differences in

model complexity.
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Whole-brain models provide a practical, ethical, and inexpensive “digital
scalpel”, which allows researchers to explore the counterfactual consequences of
modifying structural or dynamical aspects of the brain. More generally, whole-brain
models build a bridge from local networked dynamics to the large-scale patterns of
activity that are addressed by theoretical signatures of consciousness. As such, they
represent a valuable tool to narrow the space of mechanistic explanations compat-
ible with the observed neuroimaging data, including data acquired from subjects

undergoing different altered states of consciousness.

In this section, we provide a brief introduction to whole-brain models to the un-
familiar reader, discussing their various types and the principles behind their tuning

to empirical data.

3.4.1 What are whole-brain models?

Whole-brain models are sets of equations that describe the dynamics and interac-
tions between neural populations in different brain regions. These models typi-
cally focus on the joint evolution of a set of key biophysical variables using systems
of coupled differential equations (although discrete time step models can also be
used, as will be discussed below). These equations can be built from knowledge
concerning the biophysical mechanisms underlying different forms of brain activ-
ity, or as phenomenological models chosen by the kind of dynamics they produce.
Then, local dynamics are combined by in vivo estimates of anatomical connectivity
networks. In particular, fMRI, EEG, and MEG signals can be used to define the statis-
tical observables, diffusion tensor imaging (DTI) can provide information about the
structural connectivity between brain regions by means of whole-brain tractogra-
phy, and positron emission tomography (PET) imaging can inform on metabolism

and produce receptor density maps for a given neuromodulator.

Most whole-brain models are structured around three basic elements:

A. Brain parcellation: A brain parcellation determines the number of regions
and the spatial resolution at which the brain dynamics take place. The par-
cellation may include cortical, sub-cortical, and cerebellar regions. Examples
of well-known parcellations are the Hagmann parcellation (Hagmann et al.,
2008), and the automated anatomical labeling (AAL) atlas (Tzourio-Mazoyer
et al., 2002).
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B. Anatomical connectivity matrix: This matrix defines the network of connec-
tions between brain regions. Most studies are based on the human connec-
tome, obtained by estimating the number of white-matter fibers connecting
brain areas from DTI data combined with probabilistic tractography (Sporns
et al., 2005). For control purposes, randomized versions of the connectome

(null hypothesis networks) may also be employed.

C. Local dynamics: The activity of each brain region is typically determined by
the chosen local dynamics plus interaction terms with other regions. A vari-
ety of approaches have been proposed to model whole-brain dynamics, in-
cluding cellular automata (Tagliazucchi et al., 2016a; Haimovici et al., 2013),
the Ising spin model (Marinazzo et al., 2014; Abeyasinghe et al., 2020), autore-
gressive models (Messé et al., 2014), stochastic linear models (Saggio et al.,
2016), non-linear oscillators (Cabral et al., 2014; Jobst et al., 2017), neural field
theory (Robinson and Roy, 2015; Babaie Janvier and Robinson, 2018), neural
mass models (Breakspear et al., 2003; Honey et al., 2009), and dynamic mean-
field models (Deco et al., 2018b; Kringelbach et al., 2020). A detailed review of
the different models that can be explored within this context can be found in
Breakspear (2017); Deco et al. (2008).

The first two items are guided by available experimental data. In contrast,
the choice of local dynamics is usually driven by the phenomena under study and
the epistemological context at which the modeling effort takes place. Because of this
hybrid nature, whole-brain models constructed following this process are some-

times called semi-empirical models. Whole-brain models can be constructed from

in-house code, or more easily from platforms, such as The Virtual Brain (https:
//www.thevirtualbrain.org/tvb/zwei) (Ritter et al., 2013).
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Figure 3.1: Workflow describing the construction of whole-brain models. First,
model inputs are determined based on anatomical connectivity, a brain parcellation
(representing a certain spatial resolution), and the local dynamics (left). Each region
defined by the parcellation is endowed with a specific connectivity profile and local
dynamics. Then, the model can be optimized to generate data as similar as possible
to the brain activity observed during conscious wakefulness. Generally, this simi-
larity is determined by certain statistical properties of the empirical brain signals,
which constitute the target observable. The same or another observable is obtained
from subjects during altered states of consciousness and used again as the target
of an optimization algorithm to infer model parameters. Following a given work-
ing hypothesis, the model for wakeful consciousness can be perturbed in such a
way that optimizes the similarity between the target observable for the altered state
of consciousness and the data generated by the model. In this way, a whole-brain
model for an altered state of consciousness can be used to test working hypotheses
about its mechanistic underpinnings.

3.4.2 Models of local dynamics

Despite the diversity of models of local dynamics, such as the Wilson-Cowan (Des-
texhe and Sejnowski, 2009) or the Jansen-Ritt (Coronel-Oliveros et al., 2021), we
chose to showcase two models that have been frequently used to assess mechanis-
tic hypotheses behind both pharmacologically and physiologically-induced altered
states of consciousness: the dynamic mean field model (Deco et al., 2014, 2018b)
and the model comprised by Stuart-Landau non-linear coupled oscillators (Cabral

et al., 2014; Jobst et al., 2017; Ipina et al., 2020). These examples are chosen to rep-
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resent a biologically realistic model (dynamic mean field) and a phenomenologi-
cal model (Stuart-Landau oscillators); moreover, these models have been applied
to different states of consciousness, making them pertinent in the context of the

present discussion.

Dynamic mean-field (DMF) model

In this approach, the neuronal activity in a given brain region is represented by a set
of differential equations describing the interaction between inhibitory and excita-
tory pools of neurons (Renart et al., 2004). The DMF presents one dynamical vari-
able for each population, the synaptic current, and two auxiliary variables, the fir-
ing rate, and the synaptic gating, where the excitatory coupling is mediated by N-
methyl-D-aspartate (NMDA) receptors and the inhibitory by gamma-aminobutyric
acid (GABA)-A receptors. The interregional coupling is considered excitatory-to-
excitatory only, and a feedback inhibition control in the excitatory current equation
is included (Deco et al., 2014). There are three types of output variables: synap-
tic gating variable, currents, and firing rates, that is then included in a nonlinear
hemodynamical model (Friston et al., 2000) to simulate the regional bold-oxygen-
level-dependent (BOLD) signals.

The key idea behind the mean-field approximation is to reduce the high-
dimensional randomly interacting elements to a system of elements treated as in-

dependent.

Thus, this approach represents the average activity of an homogeneous popu-
lation of neurons by the activity of a single unit of this class, reducing in this way the
dimensionality of the system. In spite of these approximations, the dynamic mean
field model incorporates a detailed biophysical description of the local dynamics,
which increases the interpretability of the model parameters. This model is core for

this thesis (see 4.1 for corresponding equations).

Stuart-Landau non-Linear oscillator model

This approach builds on the idea that neural activity can exhibit—under suitable
conditions—self-sustained oscillations at the population level (Cabral et al., 2014;
Jobst et al., 2017; Ipina et al., 2020; Tagliazucchi et al., 2016a; Deco et al., 2018a). In

this model, — also known as the Hopf model — the dynamical behavior is repre-
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sented by a non-linear oscillator with the addition of Gaussian noise at the prox-
imity of a Hopf bifurcation (Marsden and McCracken, 2012). By changing a sin-
gle model parameter (i.e., bifurcation parameter) across a critical value, the model
gives rise to three qualitatively different asymptotic behaviors: harmonic oscilla-
tions, fixed point dynamics governed by noise, and intermittent complex oscilla-
tions when the bifurcation parameter is close to the bifurcation (i.e., at dynamical
criticality). Correspondingly, the model is determined by two parameters: the bi-
furcation parameter of the Hopf bifurcation in the local dynamics, and the cou-
pling strength factor that scales the anatomical connectivity matrix. In contrast
to the DMF model, coupled Stuart-Landau non-linear oscillators constitute a phe-
nomenological model, i.e., the model parameters do not map into any biophysically
known variables. In this case, the model is attractive due to its conceptual simplic-
ity, which is given by its capacity to produce three qualitatively different behaviors

of interest by changing a single parameter.

3.4.3 How to fit whole-brain models to neuroimaging data?

Whole-brain models are tuned to reproduce specific features of brain activity.
The way in which this is ensured is via optimization of the free parameters in the
local dynamics plus the coupling strength. Parameter values are usually selected so
that the model matches a certain statistical observable computed from the experi-

mental data.

For example, the common choice when using the DMF whole-brain model is
to use only one parameter to scale the strength of the connectivity matrix, usually

known as the global coupling parameter. During model training, an exhaustive ex-

ploration of this parameter is conducted over a wide range of values. The param-
eter value is chosen to maximize the similarity between the observable computed
from simulated and experimental data. For instance, the parameter can be chosen
to minimize the Kolmogorov-Smirnov distance between the functional connectivity

dynamics (FCD) distributions of the simulated and real data (Deco et al., 2014).

This kind of brute-force optimization is employed when the number of free pa-
rameters is low (i.e., two or three). However, it is also possible to separately opti-
mize the parameters governing the local dynamics of each node, which dramati-
cally increases the dimensionality of the search space, and thus requires more elab-

orated optimization techniques, such as genetic algorithms (Ipina et al., 2020), or
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Bayesian optimization (Wischnewski et al., 2022), among others. The advantage of
considering a small set of global parameters resides in its simplicity and scalabil-
ity, but unfortunately it misses the dynamical heterogeneity among brain regions.
These heterogeneities can be modeled at the expense of increasing the parameter
space. Essentially, the choice of model complexity (i.e., the number of free parame-

ters) depends on the scientific question and its associated hypotheses.

Since adding more free parameters increases the computational cost of the op-
timization procedure, it becomes critical to choose parameters reflecting variables
that are considered relevant, either from a general neurobiological perspective or
in the specific context of the altered state under investigation. Depending on the
latter, the parameters could be divided into groups that are allowed to change in-
dependently based on different criteria, including structural lesion maps, receptor
densities, local gene expression profiles, and parcellations that reflect the neural

substrate of certain cognitive functions, among others.

After choosing the parcellation, the equations governing the local dynamics and
their interaction terms, the interregional coupling given by the structural connectiv-
ity matrix, and selecting a criterion to constrain the dimensionality of the parameter
space. The last critical step is to define the observable which will be used to con-
struct the target function for the optimization procedure. As mentioned above, one
possibility is to optimize the model to reproduce the statistics of FCD. Perhaps a
more straightforward option is to optimize the “static” functional connectivity ma-
trix computed over the duration of the complete experiment, an approach followed
by Refs. (Ipifia et al., 2020) and (Jobst et al., 2017), among others. Other observables
related to the collective dynamics can be obtained from the synchrony and metasta-
bility, as defined in the context of the Kuramoto model (Jobst et al., 2017; Shana-
han, 2010). In general, any meaningful computation summarizing the spatiotem-
poral structure of a neuroimaging dataset constitutes a valid observable, with the
adequate choice depending on the scientific question and the altered state of con-

sciousness under study.

Finally, some natural candidates for observables to be fitted by whole-brain
models are precisely the high-level signatures of consciousness put forward by theo-
retical predictions, such as the different measures of information integration, com-
plexity, and entropy that were reviewed in the previous section. The objective is to fit
whole-brain models using these signatures as target functions and then assess the
biological plausibility of the optimal model parameters, which allows for the testing

of the consistency of these signatures from a bottom-up perspective. Alternatively,
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signatures of consciousness can be computed from the model—initially fitted to
other observables—and compared to the empirical results. This highlights the need
to understand which kind of local dynamics allow the simultaneous reproduction

of multiple observables derived from experimental data.

3.4.4 Whole-brain models applied to the study of consciousness

The available evidence suggests that states of consciousness are not determined by
activity in individual brain areas, but emerge as a global property of the brain, which
in turn is shaped by its large-scale structural and functional organization (Dehaene
and Naccache, 2001; Dehaene and Changeux, 2011; Tononi and Edelman, 1998).
According to this view, whole-brain models provide a fertile ground to explore how
global signatures of different states of consciousness emerge from local dynamics.
This promise is already being met, as shown by several recent articles (Cabral et al.,
2014; Jobst et al., 2017; Ipina et al., 2020; Tagliazucchi et al., 2016a; Deco et al., 2018a;
Bocaccio et al., 2019).

For example, transitions from wakefulness into other states, such as the differ-
ent stages of human sleep or the state induced by general anaesthetics, have been
interpreted as phase transitions in neural mass models and in terms of the collective
dynamics of coupled Stuart-Landau oscillators (Cabral et al., 2014; Jobst et al., 2017;
Ipina et al., 2020). Noise-driven systems at dynamical criticality result in dynamics
compatible with neuroimaging recordings obtained during conscious wakefulness,
and departures from these dynamics better reflect different states of unconscious-
ness (Tagliazucchi et al., 2016a; Deco et al., 2018a; Carhart-Harris et al., 2014; Bocac-
cio et al., 2019; Solovey et al., 2015; Alonso et al., 2014). These results are consistent
with the hypothesis of statistical criticality (e.g., proximity to a second order phase
transition) as a fundamental principle of brain organization (Chialvo, 2010). Even
though parallels can be drawn between statistical and dynamical criticality, we limit
our discussion to the former since the relationship between both concepts is com-
plicated and beyond the scope of this thesis. Following the example of the pertur-
bational complexity index (PCI) index (which is obtained by perturbing the cortex
with Transcranial magnetic stimulation (TMS) and measuring the complexity of the
elicited response) (Casali et al., 2013), whole-brain models can be systematically
"perturbed” by incorporating changes into the dynamical equations. The in silico
rehearsal of perturbations is useful to test hypotheses concerning which parts of the

model are essential to produce different signatures of consciousness. A prominent
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example of this perturbational analysis applied to whole-brain models can be found
in a recent article (Deco et al., 2018a) where a whole-brain model based on coupled
Stuart-Landau oscillators was fitted to empirical fMRI data acquired from subjects
during deep sleep. The model was then modified by changing local bifurcation pa-
rameters with a greedy optimization algorithm, which unveiled the optimal pertur-
bation profile to increase the similarity to a target brain state (in this case, conscious
wakefulness). Another relevant example of this perturbational approach is found in
Deco et al. (2018b), where a transition was shaped by the effects of neuromodula-
tion. The authors investigated the transition from resting state activity acquired un-
der a placebo condition towards the altered state of consciousness induced by the
serotonin 2A receptor agonist lysergic acid diethylamide (LSD). A dynamical mean-
field model was fitted to minimize the difference between FCD of the simulated ac-
tivity and the empirical data of subjects in the placebo condition, which allowed to
determine the optimal value of the global coupling parameter. Then, an empirical
map of 5- HT» 4 receptor density was used to modulate the synaptic gain, effectively
simulating the heterogeneous effects of LSD across the whole brain. As a control,
the authors showed that using maps for the density of other serotonin receptor sub-
types decreased the goodness of fit, thus corroborating the well-known association

between LSD and the 5- HT5 4 receptor. This model is a key element of this thesis.

Another interesting possibility is to assess the consequences of stimulation pro-
tocols that are impossible to apply in vivo. An example is the Perturbative Integra-
tion Latency Index (PILI) (Deco et al., 2018a), which measures the latency of the
return to baseline after a strong perturbation that generates dynamical changes de-
tectable over long temporal scales (on the order of tens of seconds). This in sil-
ico perturbative approach allows to systematically investigate how the response of
brain activity upon external perturbations is indicative of the state of conscious-
ness, providing new mechanistic insights into the capacity of the human brain to

integrate and segregate information over different time scales.

In Ref. (Ipina et al., 2020), the authors used a model of coupled Stuart-Landau
oscillators to model the regional changes in dynamical stability that occur during
the wake-sleep cycle. Brain regions belonging to different resting state networks
(RSN) (Damoiseaux et al., 2006) were considered as independent sources of vari-
ation for the local model parameters. Using a stochastic optimization algorithm,
the authors represented the transition from wakefulness into deep sleep as a se-
quence of changes in the stability of brain activity within canonical RSN. A follow-

up paper extended this analysis to other states of reduced consciousness (includ-
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ing anaesthesia and patients suffering from disorders of consciousness) and inves-
tigated the possibility of inducing transitions to conscious wakefulness by means
of simulated periodic stimulation at the resonant frequency of each node in the
model (Sanz Perl et al., 2021).

3.5 Thesis overview

The theoretical background, computational advances, and results are part of a work
developed by a interdisciplinary team of international collaboration. This collabo-
rative effort produced three scientific articles, which represent the core to this the-
sis. The first one, Whole-brain models to explore altered states of consciousness from
the bottom up (Cofré et al., 2020), sets the theoretical framework. This work was
developed by Rodrigo Cofré, Rubén Herzog, Pedro A.M. Mediano, Juan Piccinini,
Fernando E. Rosas, Yonatan Sanz Perl and Enzo Tagliazucchi, and it was published
in 2020 Brain Sciences (https://doi.org/10.3390/brainsci10090626). Both In-
troduction and Discussion are highly based on that article. In the second one, Neu-
ral mass modelling for the masses: Democratising access to whole-brain biophys-
ical modelling with FastDMF, we improved the dynamic mean field model such
that thousand of regions can be simultaneously modelled in a usual desktop com-
puter. This work was developed by Rubén Herzog, Pedro A.M. Mediano, Fernando
E. Rosas, Andrea I. Luppi, Yonatan Sanz Perl, Enzo Tagliazucchi, Morten Kringel-
bach, Rodrigo Cofré and Gustavo Deco, and it was submitted to Neuroimage in April
2022 (https://doi.org/10.1101/2022.04.11.487903). This article corresponds
to Chapter 5. Finally, the results of Chapter 6 are mainly based on A mechanistic
model of the neural entropy increase elicited by psychedelic drugs, a work developed
by Rubén Herzog, Pedro A. M. Mediano, Fernando E. Rosas, Robin Carhart-Harris,
Yonatan Sanz Perl, Enzo Tagliazucchi and Rodrigo Cofre, published 2020 on Scien-
tific Reports (https://doi.org/10.1038/s41598-020-74060-6).

3.5.1 Accelerating the application of biophysically grounded

whole-brain models

In Chapter 5, we present the FastDME a user-friendly and computationally efficient
implementation of the DMF model that aims to make it popular an accessible to the

community. We made three important advances for the field of whole-brain mod-
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elling: i) we developed a C++ implementation, significantly reducing the computa-
tional costs of the algorithm; ii) by combining analytical and numerical tools, we
develop a novel estimation of the feedback inhibition control based on the struc-
tural connectivity, bypassing an important computational bottleneck; and iii) we
coupled the FastDMF with a Bayesian optimization algorithm (BOA) significantly
reducing the number of simulations required to fit the FastDMF to empirical neu-
roimaging data. Finally, our advances open the possibility of simulating, on a com-
mon laptop, thousands of brain regions in a biophysically grounded whole-brain
model. The aforementioned advances are key to the results obtained in the case

study developed in Chapter 6.

3.5.2 Case study: modeling neural entropy increases induced by

psychedelics

In Chapter 6, to further highlight what we can learn from whole-brain models, we
discuss an illustrative example of a bottom-up model that successfully matches a
global signature of altered conscious (Herzog et al., 2020). After optimizing the
model to fit the FCD of placebo and LSD conditions (Deco et al., 2018b), a signif-
icant entropy increase of brain signals was found in LSD versus placebo as a con-
sequence of simulated 5- H T» 4 receptor activation. Thus, the model was capable of
identifying a low-level (i.e., molecular scale) mechanism leading to increased neural
entropy, which is a robust signature of the psychedelic state (Carhart-Harris et al.,
2014; Carhart-Harris, 2018).



METHODS

In this section we describe the computational and analytical methods associated
to the dynamic mean field model. In addition, despite no empirical data was pro-
duced in this thesis, the empirical data sets (fMRI, DTI, PET) used are also described
for completeness. All computational analysis were performed using Matlab, unless
otherwise is stated.

4.1 Dynamic mean field model

The dynamic mean field (DMF) model introduced by Deco et al.,(Deco et al., 2014,
2018b) uses a set of coupled stochastic differential equations to model the dynam-
ics of the activity at one or more interacting brain regions. In this model, each brain
region is modelled as two coupled neuronal masses — one excitatory and one in-
hibitory — and considers excitatory and inhibitory synaptic currents mediated by
NMDA and GABA 4 receptors, respectively. Different brain regions (usually defined
by a given brain parcellation) are coupled via their excitatory populations exclu-

sively, according to the structural connectivity matrix.

The key idea behind the mean-field approximation is to reduce a high-
dimensional system of randomly interacting elements to a system of elements
treated as independent. This approach represents the average activity of a homoge-

neous population of neurons by the activity of a single unit of this class.

20
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The model establishes that the n-th brain area obeys the following equations:
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Above, for each excitatory (E) and inhibitory (I) neural mass, the quantities I, r,

and S, represent its total input current, firing rate, and synaptic gating variable, re-

spectively. The functions Fg(-), Fi(-) determine the transfer functions (characterised

by a F-I curve), representing the non-linear relationship between the input current
) . s . (ED

and the output firing rate of excitatory and inhibitory neural populations. gy, cor-

responds to the local neuromodulatory gain modulation associated with a given lo-

rec

rec which is weighted by s®&. s is a free parameter crucial

cal receptor density d
for the fitting step in the case study of Chapter 6. Crucial for analytical derivations,
JEIC is the local feedback inhibitory control (FIC) of region n, and v, is uncorre-
lated Gaussian noise injected to region n (Wong and Wang, 2006). The remaining
quantities involved in these equations are introduced in Table 4.1. The interested
reader is referred to the original publication for further details.(Deco et al., 2014)
The above stochastic differential equations were discretized and solved using the
Euler-Maruyama integration method(Wu et al., 2013) and using the parameter val-
ues shown in Table 4.1. The first 10 seconds of simulation were discarded to ensure

stability of the dynamical system.
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Table 4.1: Dynamic Mean Field (DMF) model parameters

Parameter Symbol | Value
External current Iy 0.382 nA
Excitatory scaling factor for I, Wg 1
Inhibitory scaling factor for Iy 1% 0.7

Local excitatory recurrence Wws 1.4
Excitatory synaptic coupling Jnmpa | 0.15nA
Threshold for F(I}”) 1 | 0.403nA
Threshold for F(I}) 10 | 0.288nA
Gain factor of F(I\?) gr 310 nC™!
Gain factor of F(I) gr 615nC™!
Shape of F(I,%E)) around I;‘El)r dg 0.16s
Shape ofF(I,(P) around Igr dr 0.087 s
Excitatory kinetic parameter Y 0.641
Amplitude of uncorrelated Gaussian noise v, | o 0.01 nA
Time constant of NMDA TnMDpA | 100 ms
Time constant of GABA Tgapa | 10ms

4.1.1 Balloon-Windkessel hemodynamic model of BOLD activity

To transform the simulated excitatory firing rate signals into BOLD activity, we used
the Balloon-Windkessel following Stephan et al. (2007), which defines a dynamic
relationship between firing rates and BOLD signals. This model defines a vasodila-
tory signal s, for each region, subject to auto regulatory feedback ypw and decay
«, which influences the blood inflow f;;, inducing changes in blood volume v, and

deoxyhemoglobin content g, following:

d
% =057 +3—xs,—yaw(fu—1), (4.2a)
d
d]? =S5, (4.2b)
d 1= o)/ fn 1/apw
— dn _ fn(1=p) _YnVp ’ (4.20)
dat Iy Un

Bn = VO [kl(l - Qn) + kz(l - Qn/Un) + kS(l - Vn)] ’ (4-2d)
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where B, is the simulated BOLD signal, p is the resting oxygen extraction fraction,
a g represents the resistance of the veins, 7y is a time constant, and k;, k», and k3
are coefficients estimated from data. Accordingly, all biophysical parameters were
taken from reference (Stephan et al., 2007).

4.1.2 A first-order analytical solution for the feedback inhibitory

control

Here we provide an analytical derivation of how JEI¢ depends on other model pa-
rameters. The derivation is based on two assumptions, whose range of validity is

also discussed.

As a first step in the derivation, we write down the discrete-time form of S%E) (1)
using Eq. (4.1e) according to the Euler-Maruyama method, which gives
SW(1)

SEr+1) =B + (—— +(1- S;E)(t))yr,gE)(r)) dt+ov,(t)Vdt.  (4.3)
TNMDA

Then, we calculate the steady-state average of s® by computing the expected value
to Eq. (4.3). Using the steady-state property, and introducing the shorthand nota-
tion E [S%E) =E [S&,E) (t)] =E [S%E) (t+ 1)] , a direct calculation shows that:

E[SP®)] =y tnmpa(E[rP]-E[SPrP(1)]) . (4.4)

To proceed further in the derivation one needs an expression for E

S® (g r;l%].

It can be found via numerical simulations that the covariance between these two

variables is lower than 0.1, so we assume that E|S'P (1) r,(lE)(t)] =E S%E)] E [r,(lE)
(assumption 1). Plugging this relationship into Eq. (4.4) yields
. Y TNmpAE [r;(cE)]
E[SS] = (4.5)

1 +v TNMDA[E T,(ZE)]

The FIC is assumed to successfully regulate the average excitatory firing rate if, for
any G, they remain close to the firing rates obtained for the disconnected case (G =
0): E [r,gE) = 3.4 Hz for all the nodes of the network. Importantly, this implies that
E [SE,E) S;E)] _

0.179. Numerical simulations for uncoupled regions give a steady-state average of

is also constant across nodes, and using Eq. (4.5) one finds that E

S %E) =0.179, providing empirical confirmation of the accuracy of this approximation
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for that scenario.

As a second step of the derivation, let’s study the expected values of I ,(11), r,(lE),

r and SV using the equations provided in the previous section. The equations

for I,%D and SEP are linear, so computing the expected value is straightforward; in
r,(lE) =F [F (I ,EE)) involves a non-linear function F. To move forward, we

(E)
n

contrast, E

~
~

adopt a first-order Taylor expansion and assume that the approximation E [r
F(E [I,(P

non-linear equations with four unknowns (the expected values of I ,(P, I ﬁlE), S(,P and

) is accurate (assumption 2). By doing this, one obtains a system of four

r,(})), which can be solved numerically.

Since the inputs to this system of equations — i.e. E[r®] and E[S®] — adopt

the same values for all regions, the results yield the same values for all regions.

As a final step, we apply the expected value of Eq. (4.1a). Using the fact that

E [S&,E) does not depend on n, a direct calculation shows that

E [I,EE)] = Wgly+ wy JNnmpaE [S(E)] +]NMDA|E[S(E)] GBn—J5°E [S(D] , (4.6)

where 3, := Y., Cyp is the strength of node n. To conclude, one can solve the above

equation for JEIC to obtain
JHC = aGBL+c. 4.7)

JnmpaE[S®]
[E[S(D]
to GABA channels — which represents a global E/I balance parameter, and ¢ =

ﬁ (Welo+ wi INmpaE[SP] —E[1®]) is an offset parameter that corresponds to

the JEI¢ for uncoupled regions. To find values of @ and c, one can plug E[r®] =

Above, a = is a ratio between the expected fraction of open NMDA

3.4 Hz, the aforementioned expected value obtained for uncoupled regions, and the
usual model parameters, to obtain a = 0.67 and ¢ = 0.97. To match the value of
JEIC = 1 for uncoupled regions (corresponding to G = 0), one can use approximately

c=1.

Please note that this first-order approximation is based on the expected values
obtained for uncoupled regions, so one should expect that assumption 2 may be-
come less accurate as G increases, which reflects that the non-linear effects of F(-)

play a more important role in determining the optimal value of JE£'C to attain stabil-

ity.
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4.1.3 Bayesian optimization

A Matlab implementation of Bayesian optimization(Shahriari et al., 2016; Ulmasov
et al., 2016) with an expected-improvement acquisition function was used to op-
timize the DMF model parameters. The objective function was defined as the
Kolmogorov-Smirnov (K-S) distance between the histogram of the pooled empirical
FCD (FCD¢pmp) and the histogram of the simulated FCD (FCDg, ). We simulated
500 seconds of BOLD signals sampled at TR=2, generating a number of time points
comparable to the empirical BOLD signals. The optimization was run assuming
a stochastic objective function, letting the algorithm to randomly select the initial
conditions for each simulation. The algorithm stopped when the improvement in

the objective function was less than 1%.

4.1.4 Estimating differential entropy of firing rates

One of the results of each simulation is a set of N (the number of simulated regions)
time series representing the firing rate of each excitatory population (r,(lE)), which
we analysed to approximate the entropy each region. For a continuous random
variable X with associated probability distribution function p(x), and support X,

its differential entropy is defined as (Cover, 1999)

h(X) = —f px)Inp(x)dx. (4.8)
X

Note that for discrete variables the integral is replaced by a sum, and the prob-
ability distribution function by a probability mass function. Estimating differential
entropy from data is in general a hard problem, stemming (for the most part) from

the difficulties in estimating a probability density from samples (Lizier, 2014).

We found that the probability distributions of firing rates r'E) were well approxi-

mated by a Gamma distribution (Figure 6.1A) for examples). To check the goodness
of fit (GOF) of Gamma distribution to the simulated excitatory firing rates of each
region, we generated 10° time points for each region using the AAL9O0 atlas and G=2
(Deco et al., 2018b). Then, a Gamma distribution was fitted and the Kolmogorov-
Smirnov (K-S) distance between the firing rate distribution and 1000 random sam-
ples (same size) of the respective fitted Gamma distribution was computed. We

summarise the Gamma GOF as the average K-S for each region under both condi-



26

tions. To assess the significance of average GOF values, we generated an acceptance
interval computing the K-S distance between 100 independent samples (same size)
sampled from exactly the same Gamma distribution (re-sampled K-S). This proce-
dure was repeated for different set of Gamma distribution parameters. If the average
K-S distance of a given region falls below the maximum re-sampled K-S distance, we

consider this region to be well fitted by the Gamma distribution.

All regions fall within the acceptance interval (Fig 4.1), enabling us to use the

Gamma distribution parameters to estimate each region’s Shannon’s differential en-

tropy.

0.035 —
== = |\lean Resampled K-S
0.03 == = Max Resampled K-S

0.025
0.02

0.015

o
o

0.005

Goodness of Fit (K-S Distance)

Regions

Figure 4.1: Goodness of fit of Gamma distribution to firing rates distribution are
within confidence intervals. Distribution of K-S distance values are represented by
violins, where white circle denotes average K-S. Black (red) dashed line represent
the average (maximum) re-sampled K-S distance (see the text for details).

This observation greatly simplifies the estimation of the differential entropy of
each region, which is reduced to estimating the shape and scale parameters of the
gamma distribution, k and 6. Once these parameters are estimated (in our case
by standard maximum likelihood estimation), the differential entropy of a Gamma

distribution can be computed analytically in closed form as
h(X)=k+Inf+InT(k) + (1 - k)w(k), (4.9)

where I'(-) and v (-) are the standard Gamma and Digamma functions, respectively.

4.1.5 Linear models for local entropy change and three-way sepa-

ration of AAL regions

To explain the changes in differential entropy (Ah,) across regions and conditions
(e.g. 5SHT2A-R neuromodulation), we trained several linear mixed-effects models
(McLean et al., 1991) using different sets of covariates designed to test specific hy-

potheses about the relation between entropy, receptor density, and network topol-
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ogy. We aimed to split brain regions in 3 groups: S;, Sz, and Ry, where the two former
are regions whose change in entropy depends on the connectivity strength, and the

later on receptor density.

First, we implemented a simple algorithm to find the group of regions where
the change in entropy depends on region strength. To do so, we designed an opti-
misation procedure to find the optimal fit between A%, and connectivity strength,
using an anatomical prior that included all occipital regions of the AAL90 atlas for a
quadratic fit (i.e. the S; group). The rest of the regions were used for a linear fit be-
tween A#,, and receptor density. Regions were assigned to the S; group if the residu-
als of the quadratic fit to strength were lower than the residuals for the linear fit to re-
ceptor density. An optimization algorithm randomly partitioned the remaining re-
gions in two groups until a maximum in the R? of a linear mixed-effects model with
3 grouping variables (i.e. S;, Sy, and Ry) is obtained. The model used a quadratic
fit for strength-dependent regions, and a linear one for receptor-dependent regions.
Then, the three-way separation of brain regions induces a linear-mixed effect model
with 7 terms: a constant term and 2 fixed-effect terms for each group of regions: one
for the connectivity strength and one for the receptor density. The model was fit by

maximum likelihood, and explanatory power measured using R?.

4.2 Data for Chapter 5

4.2.1 Participants

A total of 63 healthy subjects (36 females, mean + SD, 23 +43.3 years) were selected
from a data set previously described in a sleep-related study by Tagliazucchi and
Laufs (Tagliazucchi and Laufs, 2014). Participants entered the scanner at 7 PM and
were asked to relax, close their eyes, and not fight the sleep onset. We selected 13
subjects with contiguous resting state time series of at least 200 volumes to per-
form our analysis. The local ethics committee approves the experimental protocol
(Goethe-Universitdt Frankfurt, Germany, protocol number: 305/07), and written in-
formed consent was asked to all participants before the experiment. The study was

conducted according to the Helsinki Declaration on ethical research.
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4.2.2 MRI data acquisition

MRI images were acquired on a 3-T Siemens Trio scanner (Erlangen, Germany) and
fMRI acquisition parameters were 1505 volumes of T2-weighted echo planar im-
ages, TR/TE = 2080 ms/30 ms, matrix 64 x 64, voxel size 3 x 3 x 3 mm?3, distance
factor 50%; field of view 192 mm?.

4.2.3 Brain parcellation to extract BOLD time series

AAL90 To extract the time series of BOLD signals from each participantin a coarse
parcellation, we used the AAL90 parcellation with 90 brain areas anatomically de-

fined in Tzourio-Mazoyer et al., 2002. (Tzourio-Mazoyer et al., 2002)

Schaefer 1000 To extract the time series of BOLD signals from each participant,
in a finer scale we used the Schaefer functional parcellation with 1000 brain areas,

which was based on estimation from a large dataset (n = 1489).(Schaefer et al., 2018)

4.2.4 Structural connectivity

AAL90 The structural connectome was obtained applying diffusion tensor imag-
ing (DTI) to diffusion weighted imaging (DWI) recordings from 16 healthy right-
handed participants (11 men and 5 women, mean age: 24.75 + 2.54 years) recruited
online at Aarhus University, Denmark, as used in previous studies. (Cabral et al.,
2012; Deco et al., 2018b; Ipina et al., 2020) Briefly, the construction of the structural
connectivity matrix (SC) was performed following the following steps: the regions
defined using the AAL template (Tzourio-Mazoyer et al., 2002) were warped from
MNI space to the diffusion MRI native space using the FLIRT tool from the FSL tool-
box (www.fmrib.ox.ac.uk/fsl, FMRIB, Oxford). Then, probabilistic tractography
with default parameters of the FSL diffusion toolbox (Fdt) were used to estimate the
connections between region. The local probability distribution of fibre direction at
each voxel was estimated following Behrens et al. (2003) (Behrens et al., 2003) and
the probtrackx tool in Fdt was used for the automatic estimation of crossing fibres
within each voxel. Using a sampling of 5000 streamlines per voxel, the connection
probability from a seed voxel i to another voxel j was defined as the proportion of

fibres flowing through voxel i that reach voxel j. (Behrens et al., 2007) The fraction
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of sampled fibres in all voxels in a region i that reach any voxel in region jin an AAL
region i determines the connection probability P;; between those regions. Due to
the dependence of tractography on the seeding location, the probability P;; is not
necessarily equivalent to Pj;. However, these two probabilities are highly correlated
across the brain for all participants (the least Pearson r = 0.70, p < 10 — 50), and
thus the unidirectional connectivity probability P;; between regions i and j was de-
fined by averaging these two connectivity probabilities. This connectivity was con-
sidered as a measure of the structural connectivity resulting in a 90x90 symmetric
weighted matrix C representing the network organization of each individual brain.
A group averaged structural connectivity matrix was obtained by averaging across
all 16 healthy participants.

Schaefer 1000 As described in Deco and Kringelbach (2020), we used the Human
Connectome Project (HCP) database, which contains diffusion spectrum and T2-
weighted neuroimaging data. Specifically, we estimated the structural connectivity
using HCP dMRI dataset provided by the Special HCP dMRI, which uses excellent
protocols taking 89 minutes for each of 32 HCP participants at the MGH centre. A
detailed description of the acquisition parameters can be found in the HCP web-
site.(Setsompop et al., 2013). The precise preprocessing is described in details in
Horn and colleagues (Horn et al., 2017), In brief, the data were processed by us-
ing a q-sampling imaging algorithm implemented in DSI studio (http://dsi-studio.
labsolver.org). A white-matter mask was computed by segmenting the T2-weighted
images and co-registering the images to the b0 image of the diffusion data using
SPM12. 200.000 fibres were sampled within the white-matter mask for each HCP
participant. Fibres were transformed into MNI space using Lead-DBS. (Horn and
Blankenburg, 2016) Finally, we used the standardized methods in Lead-DBS to ex-
tract the structural connectomes from the Schaefer-1000 parcellation. (Schaefer
et al., 2018) A group averaged structural connectivity matrix was obtained by av-

eraging across all 32 healthy participants.
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4.3 Data for Chapter 6

4.3.1 Participants

All 15 participants (four women; mean age, 30.5 + 8.0) were recruited via word
of mouth and provided written informed consent to participate after study brief-
ing and screening for physical and mental health. The study was approved by the
National Research Ethics Service committee London-West London and was con-
ducted in accordance with the revised declaration of Helsinki (2000), the Interna-
tional Committee on Harmonization of Good Clinical Practice guidelines, and Na-
tional Health Service Research Governance Framework. Imperial College London
sponsored the research, which was conducted under a Home Office license for re-
search with schedule 1 drugs. The screening for physical health included electro-
cardiogram (ECG), routine blood tests, and urine test for recent drug use and preg-
nancy. A psychiatric interview was conducted and participants provided full dis-
closure of their drug use history. Key exclusion criteria included: < 21 years of
age, personal history of diagnosed psychiatric illness, immediate family history of
a psychotic disorder, an absence of previous experience with a classic psychedelic
drug (e.g., LSD, mescaline, psilocybin/magic mushrooms or DMT/Ayahuasca), any
psychedelic drug use within 6 weeks of the first scanning day, pregnancy, problem-
atic alcohol use (i.e., > 40 units consumed per week), or a medically significant con-

dition rendering the volunteer unsuitable for the study.

4.3.2 MRI data acquisition

The parcellated timeseries in the AAL90 parcellation were kindly provided by Gus-
tavo Deco’s, and further details are provided in Deco et al. (2018b). In brief, two
BOLD-weighted fMRI data were acquired with a gradient echo planer imaging se-
quence, field-of-view = 220mm, 64 3 64 acquisition matrix, TR/TE = 2000/35ms,
parallel acceleration factor = 2, 90 flip angle. Thirty-five interleaved oblique axial
slices were acquired, each 3.4mm thick with zero slice gap (3.4mm isotropic voxels).

The precise duration of each of the two BOLD scans was 7:20 min.
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4.3.3 Structural connectivity

Structural connectivity data between the 90 AAL90 regions was obtained from 16
healthy subjects (5 female) using diffusion Magnetic Resonance Imaging (dMRI),
registered to the MNI space and parcellated according to the AAL atlas on the sub-
ject’s native space. Then, for each subject the histogram of fiber directions at each
voxel was obtained, yielding an estimate of the number of fibers passing trough each
voxel. The weight of the connection between regions i and j was defined as the
proportion of fibers passing through region i that reach region j, which (since the
directionality of connections cannot be determined using dMRI) yields a symmetric
90x90 structural connectivity (SC) matrix. Finally, the SC matrix of each subject was
thresholded, pruning any connection lower than 0.1%, and SC matrices of all sub-
jects were averaged to obtain a single SC matrix used in all simulations. This average

matrix was kindly provided by Gustavo Deco et al.(Deco et al., 2018b)

4.3.4 PET receptor maps

For the density map of 5SHT2A receptors, we used the Positron Emission Tomogra-
phy (PET) data made public by Beliveau et al.,(Beliveau et al., 2017) which can be
combined with the AAL90 parcellation to obtain an estimate of receptor density in
every AAL90 region. Further details can be found in the original publications.(Deco
et al., 2018b; Beliveau et al., 2017)

4.4 BOLD signals processing

The detailed BOLD preprocessing pipeline is provided in Deco et al. (2018b). For
completeness, we describe critical preprocessing steps: data were corrected for
head motions, finding that motion was similar in both conditions. The BOLD sig-
nals obtained for each region of the AAL90 was computed as the average of all the

voxels defined within that region.
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4.4.1 Filtering

Empirical and simulated BOLD signals (empirical or simulated) were filtered with a

Butterworth (order 2) band-pass filter in the 0.01-0.1 frequency range.

4.4.2 Functional connectivity and functional connectivity dynam-

1CS

The functional connectivity (FC) matrix was obtained computing the Pearson cor-
relation coefficient between all the pairs of simulated or recorded BOLD signals.
The functional connectivity dynamics (FCD) was obtained by computing the FC(t),
where ¢ is given by consecutive sliding windows of length TR=30 and TR=28 of over-
lap. Then, we vectorized each of the FC(t) by taking the upper triangular, and finally
computed the Pearson correlation coefficient between all these vectors to obtain
the FCD matrix.

4.5 Null network models of the human connectome

Null network models of the human structural connectivity were used to evaluate
the role of the local connectivity properties(Rubinov and Sporns, 2010) on the local
changes in entropy induced by 5HT2A-R activation. To this end, we applied three
different randomisation schemes to the structural connectivity in order to produce
suitable surrogate networks. These surrogates were designed to preserve different
network attributes of the original connectome: i) the overall density and strength
(RAND), ii) the degree distribution (degree-preserving randomisation [DPR]); and
iii) the strength distribution (strength-preserving randomisation [DSPR]) After ran-
domisation, the DMF model was run with and without 5HT2A-R activation, and
entropies were estimated. Every surrogate model was run 120 times, and the re-
sults averaged across runs. Null models were obtained using the Brain Connectivity

Toolbox (Rubinov and Sporns, 2010).



NEURAL MASS MODELLING FOR THE
MASSES: DEMOCRATISING ACCESS
TO WHOLE-BRAIN BIOPHYSICAL
MODELLING WITH FASTDMF

5.1 Introduction

Recent advances in non-invasive brain-imaging technology provide a fertile ground
to investigate how the anatomical structure of the brain shapes complex neural dy-
namics, in healthy, pathological, and specific experimental conditions. As a mat-
ter of fact, the high versatility of the available imaging modalities has triggered a
plethora of research efforts, which in turn have delivered important advances in
human neuroscience (Deco and Kringelbach, 2020; Munn et al., 2021; Cofré et al.,
2020).

One of these advances, as described in Chapter 3, include the dynamic mean
field model (DMF), which by combining different neuroimaging modalities enables
to simulate with biophysical detail the whole-brain activity in different conditions.
Recently, the DMF has become one of the most popular biophyiscally-grounded
whole-brain models, used to simulate BOLD signals measured during an ample
range of different conditions and global brain states (Deco et al., 2018b; Demirtas
et al., 2019; Wang et al., 2019; Herzog et al., 2020; Kringelbach et al., 2020; Luppi
et al., 2021; Gatica et al., 2021).

Despite these achievements, a few limitations prevent the DMF model from be-

33
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ing more widely exploited by the scientific community. The main limitation is that
current publicly available implementations of the DMF model are computationally
expensive, with demanding time and memory requirements. This problem is ex-
acerbated by two further aspects of the DMF: i) the need to calibrate the model’s
feedback inhibition control (FIC) parameters, which stabilise the firing rates of E
pools, and have been shown to provide more realistic activity (Deco et al., 2014) and
richer dynamics (Hellyer et al., 2016); and ii) the need to optimise the model’s free
parameters to fit statistical features of a given empirical data set. Both aspects in-
volve running a large number of long simulations and thus inflate the overall com-
putational costs, which often make the requirements of the DMF prohibitive for re-
searchers with no access to high-performance computing infrastructure. This rep-
resents an undue obstacle to the ability of neuroscientists across the globe to con-
tribute to brain modelling research: the choice of an appropriate computational
model should depend only on its suitability to address specific research question,

rather than being contingent on the availability of high-performance resources.

Moreover, the high computational burden of the current implementations of
the DMF does not only restrict its usage, but also severely restricts the spatial res-
olution of what can be simulated. The existent implementations of the DMF are
based on parcellations with less than 100 regions, —typically given by the Auto-
matic Anatomical Labelling (AAL90) (Tzourio-Mazoyer et al., 2002) or the Desikan-
Killiany(Desikan et al., 2006) parcellation— because, otherwise, it would be unfeasi-
ble to simulate brain activity based on fine-grained parcellations. However, recent
advances in neuroimaging data analysis involve measuring brain activity at mul-
tiple spatial scales, from coarse to fine-grained, revealing new insights about un-
derlying brain dynamics(Deco and Kringelbach, 2020) and its relevant operational
scales(Kobeleva et al., 2021). Therefore, being restricted to simulating biophysically
realistic brain activity at a coarse-grained spatial scale represents another barrier
that hinders the ability of neuroscientists to leverage the full potential of DMF mod-
elling.

To address both of these limitations, here we present FastDMF: a time- and
memory-efficient implementation of the DMF model, which reduces its computa-
tional demands so it can be run and fit efficiently on any contemporary desktop
computer, dramatically widening access to this kind of computational modelling
approach. The FastDMF implementation is built by leveraging a number of key ad-

vances:
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e It provides an improved implementation of the DMF model, which is signif-
icantly faster and reduces memory consumption by several orders of magni-
tude.

* It uses a novel connectome-dependent local inhibitory feedback mechanism,
which replaces the standard FIC optimization problem and radically reduces

the number of FIC calibration parameters.

e It leverages a Bayesian optimization algorithm, which substantially reduces
the number of simulations required to fit the model to empirical data. This
algorithm performs a smart sampling of the parameter space instead of the

grid search used in previous approaches(Deco et al., 2018b; Luppi et al., 2021).

These advances make the FastDMF a computationally efficient, easily accessible,

and biophysically grounded whole-brain model.

To showcase the advantages of the FastDME we first compare our implementa-
tion to the current one (published with Ref(Deco et al., 2018b)) in terms of com-
putational costs. Then, we show analytical and numerical evidence supporting
a connectome-dependent linear solution to the FIC optimization problem. Fi-
nally, using the Bayesian optimization algorithm, we fit an fMRI dat aset parcel-
lated at two different spatial scales (N=90 and N=1000 regions). Using less than 350
optimization iterations, which can be performed in personal computers in mat-
ter of minutes, we achieve an excellent agreement between empirical and sim-
ulated data for both scales, showing the performance and broad applicability of
the FastDMF to different scenarios. Furthermore, to facilitate the use of Fast-
DMF by the community, we provide all codes that implement FastDME FastDMF
is coded in C++ and is usable on both Matlab and Python, and can be found on

https://gitlab.com/concog/fastdmf.

5.2 Results

5.2.1 Fastand efficient computational implementation

The first advancement to make the FastDMF widely usable is to provide an open-
source implementation with two main advantages: faster execution time and less

memory usage. This is achieved through three main improvements: i) The core of
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Figure 5.1: Simulations using the fast dynamic mean field model (A) Brain regions
are defined by a parcellation (here, the AAL90) and their connections are empiri-
cally obtained from DTI (see Methods for details). In the schematic brain, circles
are brain regions and connections between brain regions are colored according to
their connection weight in the connectome. (B) The local dynamics of each brain
region are simulated by recurrently connected pools of excitatory (E, red circle) and
inhibitory (I, blue circle) neuronal populations. In turn, brain regions are connected
through the E pool, such that the excitatory inputs from other regions are weighted
according to their respective connection weight, and their sum is scaled by the
Global Coupling parameter G. The connection from the I pool to the E one - J,,, the
local inhibitory feedback - compensates for the excess of excitatory activity injected
from other regions. (C) The simulated firing rate of each excitatory pool is used
to generate BOLD-like signals for each brain region using the Balloon-Windkessel
model. (D) Maximum memory used by the current implementation (DMF) and by
ours (FastDMF) to simulate BOLD signals of different length. Both implementations
used the connectome shown in A. (E) Same than D, but for the average execution
time among 10 repetitions.

the FastDMF is written in C++ and takes advantage of the advanced linear algebra
library Eigen (Guennebaud et al., 2010), which provides a fast and cross-platform
toolkit for numerical operations. ii) The FastDMF and the Balloon-Windkessel
hemodynamic (BW) function to compute the BOLD signals run in parallel, further
reducing the overall execution time of the simulation. iii) The DMF and the BK nu-
merical integrators access a shared memory via a simplified producer-consumer ar-
chitecture, which, given the large difference in timescale between the BOLD and the

firing rate signals, allows the FastDMF to radically reduce memory usage through
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shared finite-size buffer.!

To benchmark our implementation, we ran simulations of varying lengths us-
ing the AAL90 structural connectome(Tzourio-Mazoyer et al., 2002) and measured
both memory usage and execution time. As expected, the FastDMF was faster and
more memory-efficient than the public Matlab implementation (Deco et al., 2018b).
Thanks to the circular buffer, memory is effectively constant for all simulation times
(Fig. 5.1D) and runtime per second of simulated activity is less than half of the Mat-
lab DMF (Fig. 5.1E).

Finally, in addition to the underlying C++ implementation, the FastDMF library
incorporates interfaces for both Matlab and Python, using the Mex(Mehrmann
et al., 1999) and Boost Python(Abrahams and Grosse-Kunstleve, 2003) libraries re-
spectively. These enable researchers to run and analyse simulations from a lan-
guage of their choice, thus making the integration of the FastDMF in their existing

pipelines easier.

5.2.2 Linear solution to the FIC optimization problem

The second main improvement was to provide a linear solution to the optimization
of the feedback inhibition control(Deco et al., 2014) (FIC). In brief, the global cou-
pling (G) parameter of the DMF scales the inputs that each region receives from the
rest of the network, allowing to tune the model closer/farther to an optimal working
point, where some desired statistical feature of the empirical neuroimaging data is
reproduced, such as the functional connectivity (FC) or the functional connectiv-
ity dynamics (FCD). To compensate for the excitation that each pool receives from
the other regions via the connectome, a FIC parameter is optimized through recur-
sive adjustments to clamp the firing rate within a neurobiologically plausible range
of 3-4 Hz for each local excitatory neural population, preventing the system from
entering a hyper-excitation regime. The solution to this problem, based in an iter-
ative process of increasing and decreasing the local inhibition until convergence, is
explained in detail in Ref. (Deco et al., 2014), and it is implemented in the scripts ac-

companying the publication of Ref. (Deco et al., 2018b), and gives the optimal local

In other words, the DMF equations are used to simulate firing rates, which are temporarily stored
in a buffer, and then consumed by the BW integrator to generate the slow BOLD signals. Once a batch
of firing rates has been consumed by the BW integrator, the DMF integrator is notified and allowed
to write on the same memory address, and the cycle begins again. This mechanism makes the total
memory usage of the simulation grow with the size of the resulting BOLD signals, as opposed to the
firing rate signals, which are approximately 1000 times larger in memory.
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Figure 5.2: Optimal local inhibitory feedback depends on global coupling and lo-
cal anatomical connectivity strength (A) Optimal local inhibitory feedback (J;/ 9
is well approximated by a linear function of region strength (,) for a wide range
of G values (colors). (B) The slope of the J,/ " vs P scales linearly with the global
coupling, giving an optimal slope of 0.725(red solid line), however, using 0.75 (green
solid line) better matches the high G values. (C) J; " attains stability for all G values
between [0,3], while the linear approximation using a = 0.725 diverges to the high
excitability regime close to G=2 (red dots). Using @ = 0.75 (green dots) attains stabil-
ity in a larger range of G values, diverging at G ~ 2.5 . To illustrate the topographical
specificity of J ,‘;p t, we used a randomized version of J ,‘;p ! (dark gray circles) and an
homogeneous J, equal to the average J,” g (light gray circles), both fails to control
the global dynamics for increasing values of G.

inhibitory feedback N—dimensional vector (J°P') for a given G, where N is the num-
ber of regions. However, for a standard setup these scripts took more than 2 months
on a 32-core cluster to converge. Even worse, running the model using different
connectivity matrices would require to separately optimize the FIC for each one of
them, severely hindering the endeavour of investigating how structure shapes func-

tion through biophysical DMF modelling.

Despite the lack of prior information regarding the expected J°P' in the DMF
models, results from other type of whole-brain models suggest that J°P'is correlated
with local connectivity measures of the structural connectivity (Hellyer et al., 2016).
Accordingly, here we show that a first-order analytical solution for a stationary state
where the expected values of firing rates are fixed to 3.4 Hz (average excitatory firing
rate for G=0) predicts that J°P! is region-specific, and its magnitude is proportional
to G and to the local connectivity strength §, := )., Cy), is the strength of node n



39

computed from the anatomical connectivity matrix C. (see Chapter 4, subsection
4.1.2).

We write this solution as
Pl=aGpy+1, (5.1)

where a is a scaling factor that represents the global excitation-to-inhibition (E/I)
ratio (see Chapter 4, subsection 4.1.2). According to this approximation, for a fixed
G, a is the only parameter to estimate in order to solve the feedback inhibitory con-

trol problem.

As a previous well-known and publicly available implementation of the DMF
model Ref. (Deco et al., 2018b) used the AAL90 parcellation, we numerically tested
our first-order approximation using this parcellation. After the optimization con-
verged, for each G, we plotted J,” " vs the local connectivity strength (f,), finding
a linear relationship whose slope linearly increased with G (Fig. 5.2A,B). Then, to
estimate a of Eq. 5.1, we found the scaling factor between the slope and G, with the
constraint that the slope for G = 0 should be 0. We used least squares to find the
optimal value of a (0.725). However, this value gives lower goodness of fit for higher
G values, which are usually the values where the model better fits empirical data
(Deco et al., 2014, 2018b). Accordingly, we used weighted least squares, giving 10
times more weight to G values larger than 2.1 (close to bifurcation with a = 0.725),
finding an optimal value for a = 0.75. This approach, as expected, better matches
the slope values for high G values and also extends the range where stability can be

attained by the linear approximation (Fig. 5.2C, green dots).

Note that a second-order approximation can be also used for the relationship
between J,¥ ! G, and B, but our numerical simulations show that the range where
stability is attained by second-order approximations is reduced, in comparison to

the first-order one.

Finally, as a control, we used two modified versions of J°P to run the DMF
model: i) a randomized (shuffled) version of J°P%, and ii) a homogeneous version,
where ], for all regions is equal to the average of J°P* (Fig. 5.2C). We found that both
alternative versions of J°P! fail to attain stability for high values of G > 0.5), showing

that J°P! is region-specific.

Our results alleviate the huge amount of simulations required to properly tune

the FIC, reducing the number of free parameters of the optimization problem from
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N to one. In addition, we provide a biophysical interpretation of FIC in terms of the

local connectivity strength and the global E/I balance.

5.2.3 Reproducing the FCD of resting state fMRI data for two dif-

ferent spatial resolutions

The third major improvement was to implement a Bayesian optimization algorithm
to find the optimal set of parameters that reproduces a statistical feature of the em-
pirical data (or more than one). The current DMF implementation finds the optimal
working point by using a sub-optimal strategy based on grid search. Bayesian op-
timization algorithms, on the other hand, estimate the objective function by sam-
pling the parameter space efficiently, finding the minimum of a wide variety of func-
tions (Shahriari et al., 2016; Ulmasov et al., 2016). Here, following previous applica-
tions of the DMF to fMRI data(Deco et al., 2018b), we chose as objective function the
Kolmogorov-Smirnov (K-S) distance between the pooled empirical FCD distribu-
tion (FCD,pp, computed using the FCD from all subjects) and the FCD histogram
obtained with the DMF (FCDgy,f). (Hansen et al., 2015) In addition, instead of first
optimising FIC to clamp the firing rates, and then optimising G to reproduce the
FCD, we jointly optimised G and «, expecting that the optimal working point also
satisfies the firing rates constraints. We ran the optimization until convergence to
K-S distances was comparable to previous studies (Deco et al., 2018b; Luppi et al.,
2021).

To exhibit the advantages of the FastDME in addition to the AAL90 parcellation
used up to this point for consistency with previous work, we also obtained a differ-
ent estimate of the healthy human connectome, based on high-resolution diffusion
data (Van Essen et al., 2013) parcellated according to most fine-grained scale of the
Schaefer atlas, which comprises 1000 functionally defined cortical regions (Schae-
fer et al., 2018). We also used the same parcellation to obtain the functional MRI
timeseries, obtaining data sets in two different spatial scales (see Chapter 4, section
4.2).

We emphasise that the two connectomes employed for the following analyses
were obtained from different groups of healthy individuals, with different acquisi-
tion parameters, different reconstruction methods and softwares, different atlases
(anatomically versus functionally defined), different resolution (differing by one or-

der of magnitude) and only one of which includes subcortical regions (AAL90). In
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other words, we chose to use two healthy connectomes that differ on virtually every

relevant methodological dimension, to establish the general validity of our results.

Indeed, we found comparable values of goodness of fit for the two spatial scales
(K-S ~ 0.15, (Fig. 5.3A,F)). Note that a difference in the optimal G value between
the two spatial scales is to be expected: not just because two different connectomes
were used, but also mathematically because of the larger number of regions in the
Schaefer1000, which in consequence increases the average f3,,, reducing the magni-
tude of the global coupling required to drive the system to a high-excitability regi-

men.

Crucially, for both connectomes a is within the values shown in Fig. 5.2, demon-
strating the robustness and generalisability of our estimation of this parameter,
even when the empirical healthy connectomes used for the simulation originate
from different cohorts and were obtained through different reconstruction ap-

proaches at different resolutions.

For both parcellations, we required 350 iterations to converge. Note that with-
out this approach we would have to simulate a subset of parameter combinations
several times, taking the risk of using a too coarse binning of the parameters space
(to save time), thus missing the minimum. In addition, the Bayesian optimization
algorithm can take advantage of parallel computing, making the optimization pro-

cedure even faster.

We further evaluated the Bayesian optimization results by using the optimal pa-
rameters to run 96 simulations with different initial conditions and a simulation
length comparable to resting state recordings (~ 10 mins). First, we checked the av-
erage excitatory firing rates, finding that for both spatial scales they remained in the
desired range (3-4 Hz, Fig. 5.3B,G)). However, given the increased number of regions
of the Schaefer1000 parcellation, the average firing rates showed increased variance,
reflecting more susceptibility to the initial conditions. Second, we checked that the
best simulation closely matched the empirical FCD distribution (Fig. 5.4A,F), repro-
ducing the bimodality of the empirical FCD distribution. Note that the resting-state
FC matrix is also well captured (Fig. 5.4B,G), even when it was not included as an
objective function in the fitting procedure. Finally, we computed the K-S between
the FCD of each subject (FCDe¢,p,) and the pooled FCD (FCDe,) to evaluate the
goodness of fit respect to the variability of the empirical population. Accordingly,
we computed the FCD between each simulation (FCDgp,f,) and FCDepp, finding a

close match between both distributions for both spatial scales. As a final check, we
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Figure 5.3: Fitting the FastDMF model to empirical data with Bayesian Optimiza-
tion. (A,D) Convergence of the Bayesian optimization estimates of the minimum
K-S distance (solid line), for the AAL90 and the Schaefer1000 parcellation, respec-
tively. Dashed lines are the minimum observed K-S during the optimization pro-
cess. (B,E) Bayesian optimization estimate of the mean K-S distance between the
pooled empirical FCD (FCDe)) and the simulated FCD (FCDy;p,) as function of G
and a. Red asterisk shows the optimal parameters. (C,F) Simulated brain regions
sorted according to their average excitatory firing rate (solid line) with their respec-
tive standard deviation computed from 96 simulations (shaded area). All regions
are within the expected range of firing rates.

also computed the mean squared error of the FC (MSE FC) as a measure of FC ma-
trix similarity. This results shows that the optimal parameters generate simulations
whose K-S values and FC matrices are close to those obtained from experimental
subjects (Fig. 5.4C,D,H,]I).

We highlight that this approach represents a considerable reduction in the num-
ber of simulations required to fit the model to empirical data, even more for the
Schaefer1000 parcellation, which is prohibitive in current implementations. In ad-
dition, we remark that the optimal set of parameters that reproduces the empirical
FCD also satisfies the local stability condition (i.e. stable firing rates), and also cap-
tures important structures of the FC matrix, showing the degree of generalization of
the FastDMF model.
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Figure 5.4: Comparison between empirical and simulated FCD and FC for two
spatial scales. (A,F) FCD distribution for the pooled empirical data (red) and for
the best simulation (blue) for the AAL90 and the Schaefer1000 parcellations, respec-
tively. (B,G) FC matrix for the average empirical (upper triangular) and for the best
simulation (lower triangular). (C,H) K-S distance between simulated, FCD g f,,
and pooled empirical FCDey,, (blue). The K-S distance between single subjects,
FCDepmp,, and pooled empirical FCD,,, is shown in red. Horizontal line is the
median. (D,I) Same than (C,H), but for mean squared error of the FC matrix. In this
case, FC,pp, is the average FC between all subjects.

5.3 Discussion

We introduced the FastDME an accessible, efficient, and biophysically grounded
whole-brain model. Thanks to our combination of optimised implementation, a
novel method of estimating the feedback inhibitory control, and efficient param-
eter search, we were able to fit empirical fMRI data using two parcellations repre-
senting drastically different spatial scales: the AAL90 (Tzourio-Mazoyer et al., 2002)
and the Schaefer1000 (Schaefer et al., 2018) parcellations, highlighting the flexibil-
ity of our approach and its robustness to a variety of methodological choices. These
examples show that our method provides accurate results for a wide range of G pa-
rameter values, thus outperforming existing tools for computing FIC. In terms of
applications, the FastDMF opens the way for biophysically grounded whole-brain
models of a range of novel applications such as turbulence analysis, connectome
harmonics, or detailed perturbation protocols, which requires detailed and coarse-

grained descriptions. This application could lead to promising novel insights about
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brain dynamics and evoked responses. (Atasoy et al., 2016; Deco and Kringelbach,
2020; Deco et al., 2021; Escrichs et al., 2021).

Different alternatives have been proposed to model the FIC. A plasticity rule for
a time-varying FIC has been used in a modified version of the DMF (Naskar et al.,
2021), avoiding the optimization process, at the expense of increased model com-
plexity. In fact, it has been suggested that the optimal FIC obtained by the itera-
tive process Ref. (Deco et al., 2014) corresponds to the integrated form of the time-
varying FIC (Hellyer et al., 2016). While our main purpose was to show the use of
the FastDMF rather than explaining the possible mechanisms involved in the FIC or
their potential functional implications, our model provides novel evidence in favor

of a connection between the strength of the nodes in the connectome and FIC.

There is room for further improvement of our model. For example, a time-
varying FIC could be implemented, following the approach proposed by Hellyer
et al. (Hellyer et al., 2016). More general parameters allowing the incorporation
of multiple receptor maps allowing to neuromodulate the activity of each brain re-
gion, principal gradient of gene expression or anatomical measures could be imple-
mented in future developments(Kong et al., 2021). Additionally, new data modal-
ities that can be derived from firing rates such as local field potentials or EEG-like

could be future avenues of development.

The study of whole brain activity is an exciting research avenue that needs to be
better developed to understand the causal interplay between brain structure and
function in different brain health conditions, addressing the specific relevance of
factors such as neuronal dynamics, neurotransmitter receptor density, and anatom-
ical connectivity, among others. This, in turn, might accelerate brain research, iden-
tifying the biophysical mechanistic principles that relate different levels of brain or-
ganization, opening in this way the road for the development of new treatments
to prevent and cure brain disease (Deco and Kringelbach, 2014; Cofré et al., 2020).
In line with this perspective, the FastDMF provides a general and accessible tool
of simulation and analysis to be applied in multiple neuroimaging scenarios, that
can be called from Python and Matlab, which should favor its massive use by the

scientific community.



A MECHANISTIC MODEL OF THE
NEURAL ENTROPY INCREASE
ELICITED BY PSYCHEDELIC DRUGS

6.1 Introduction

Psychedelic drugs provide a privileged opportunity to study the mind-brain rela-
tionship, and promise to revolutionise some of our current mental health treat-
ments (Carhart-Harris et al., 2014; Scott and Carhart-Harris, 2019; Carhart-Harris
et al., 2016a). However, while some aspects of the neurochemical action of
psychedelics at the neuronal and sub-neuronal level are well known (Grasso et al.,
2016; Wacker et al., 2017) our current understanding of their action at the whole-
brain level is still very limited. A deeper understanding of the mechanisms that trig-
ger the changes in conscious experience produced by psychedelics would greatly
advance our knowledge of human consciousness, and medical development of

psychedelics.

At a subjective level, serotonergic psychedelics (including LSD, dimethyl-
tryptamine [DMT] and psilocybin, among others) potentially modulate mood, cog-
nition, perception and self-awareness. At a neurophysiological level, recent re-
search has identified (among many) two particularly prominent signatures of the
psychedelic state: an overall dysregulation of neural population activity, most
clearly seen as suppression of spectral power in the alpha (8-12 Hz) band (Carhart-
Harris et al., 2012, 2016b; Timmermann et al., 2019); and an increase in the signal
diversity of the neural activity, measured through the information-theoretic notion

of entropy (Schartner et al., 2017). In particular, this acute entropy increase has

45



46

been linked to both short- and long-term effects of the psychedelic experience, in-
cluding certain aspects of the reported subjective experience(Schartner et al., 2017)

and subsequent personality changes (Lebedev et al., 2016).

Interestingly, the opposite effects have been reported for states of loss of con-
sciousness, where a strong decrease in brain entropy has been repeatedly observed.
This seems to be a core feature of loss of consciousness, generalising across states
such as deep sleep,(Schartner et al., 2017) general anaesthesia (Zhang et al., 2001),
and disorders of consciousness (Casali et al., 2013). Together, these facts are yielding
converging evidence that entropy and related measures offer simple and powerful

indices of consciousness.

Based on these findings, Carhart-Harris and colleagues have put forward the
Entropic Brain Hypothesis (EBH) an entropy-based theory of conscious states
(Carhart-Harris et al., 2014; Carhart-Harris, 2018). The EBH proposes the simple,
yet powerful idea that the variety of states of consciousness can be indexed by the
entropy of key parameters of brain activity; or, in other words, that the richness of
subjective experience is directly related to the richness of on-going neural activity,
where richness can be defined most simply as diversity. Note that even when differ-
ent states can be indexed by their corresponding diversity, we are not claiming that
one state is more conscious than other. Therefore, investigating the neurobiological
origins of such changes in brain activity is a key step in the study of altered states of

consciousness.

Multiple experiments in humans and animal models have established that the
mind-altering effects of psychedelics depend on agonism specifically at the sero-
tonin 2A receptor (5HT2A-R) (Barrett et al., 2018; Kraechenmann et al., 2017; Qued-
now et al., 2012). A recent simulation study involving whole-brain computational
modelling confirmed that the topographic distribution of 5SHT2A-R in the human
brain is critical to reproduce the functional connectivity dynamics (FCD) of human
fMRI data recorded under the acute effects of LSD (Deco et al., 2018b). Here we
build upon this model to characterise the interplay between the entropy of brain
signals, the distribution of 5HT2A receptors, and structural connectivity properties
of the brain, with the overarching goal of explaining the sources of entropic effects,

and thus altered consciousness, elicited by psychedelic drugs.
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6.2 Results

We simulated whole-brain activity using the dynamic mean field (DMF) model by
Deco et al. (Deco et al., 2014), with the addition that both excitatory and inhibitory
neuromodulatory gains are modified, rather than only the excitatory one, as in
Ref. (Deco et al., 2014). For details, see Chapter 4, subsection 4.1). Here, the DMF
model combines a theoretical model of neural and synaptic dynamics with two em-
pirical sources of information about the human brain: the human connectome, i.e.
DTI-estimated connectivity between the 90 regions of the AAL90(Tzourio-Mazoyer
et al., 2002) atlas; and average 5SHT2A-R expression across the human brain ob-

tained with positron emission tomography (PET) scans (Beliveau et al., 2017).

Each simulation of the DMF model generates 90 time series of excitatory and
inhibitory firing rates, one of them for each region of the AAL90 atlas (Fig. 6.1A).
These firing rates have a non-linear dependency on the local inputs, determined by
a frequency-current (F-I) curve. Given that 5SHT2A-R seems to modulate the sensi-
tivity of neurons rather than driving them towards excitation or inhibition (Aghaja-
nian and Marek, 1997; Licata et al., 1993; Grasso et al., 2016), we followed Deco et
al. (Deco et al., 2018b) and modelled 5HT2A-R activation as a response-gain modu-
lation (Abbott and Chance, 2005) of this F-I curve dependent on the receptor density
at a given region (Fig. 6.1B).

We simulated the model in two conditions, with and without 5SHT2A-R activa-
tion, which, in an analogy with neuroscientific terminology, we refer to as placebo
(PLA) and 5HT2A-R conditions, respectively. In this way, we obtain 90 time series of

excitatory firing rates for each condition, which we keep for further analysis.

Finally, using these time series, we estimate Shannon’s differential entropy for
each region under both conditions, yielding a topographical distribution of entropy
values (Fig. 6.1C) that constitutes the main subject of analysis in this study. Further
details about model specification and entropy estimation, as well as other method-
ological caveats, are presented in Chapter 4.
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Figure 6.1: Modelling the effect of 5SHT2A-R activation on the whole-brain topo-
graphical distribution of entropy. (A) Resting state activity is simulated using the
Dynamic Mean-Field (DMF) model, in which each region’s activity is represented
by a time series of excitatory firing rates (constrained to 0-15 Hz for visualisation).
The probability density function (PDF) and differential entropy (h(X)) of each re-
gion is then estimated, obtaining a topographical distribution of entropy values.
(B) 5SHT2A-R agonism is modelled as a receptor-density-dependent response gain
modulation. Black line is the frequency-current (F-I) curve of a population with-
out 5HT2A-R agonism, and coloured curves show the resulting F-I curves of regions
with increasing 5HT2A-R agonism. (C) 5HT2A-R activation changes the topograph-
ical distribution of entropy with respect to resting state activity, which constitutes
the main subject of analysis in this study.

6.2.1 The DMF model with 5HT2A-R activation on excitatory and
inhibitory populations reproduce empirical FCD of LSD

A Bayesian optimization algorithm (Chapter 4, subsection 4.1.3) was used to simul-
taneously optimize the global coupling parameter G, and «, a global parameter that
controls the local inhibitory feedback parameter. The cost function was defined as
the Kolmogorov-Smirnof distance (K-S) between the empirical and the simulated
functional connectivity dynamics (FCD) distribution. Resting state BOLD signals of
the placebo condition were used to fit the model associated to the non-drug condi-
tion. The data set and processing was exactly the same than the one used in Deco
et al. (2018b) (see (Chapter 4, subsection 4.3 for details). The optimal average K-S
(0.198 + 0.068) was found at G=2.4 and «a 0.75 (Figure 6.2A), where also the average
firing rates fell within the biologically plausible (Deco et al., 2014) 3-4 Hz range (Fig-
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ure 6.2B). Once the model was fit to the placebo data, the neuromodulatory gain
for the excitatory and the inhibitory population were optimized such that the K-S
of the FCD between the model and the data associated to LSD BOLD signals was
minimized. There was several regions where the K-S were minimized (Figure 6.2D),
so, for simplicity, we only used solutions were both neuromodulatory had the same
magnitude, obtaining an average K-S of 0.120 + 0.082. Note that using other possi-
ble minimum of the objective function shown in Figure 6.2D produces implausible
firing rates and/or decreases in the entropy. Then, we compared the K-S values of
the models when fit to their respective data sets (Figure 6.2E), finding an improve-
ment of the goodness of fit of the model with neuromodulation to LSD data. De-
spite the increased response gain in both populations, the excitatory firing rates in-
creased, but they were still within the 3-4 Hz range. (Figure 6.2F).
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Figure 6.2: Fitting DMF model to empirical BOLD data. (A) Estimated average K-S
distance between the empirical FCD obtained from placebo resting state condition
and the FCD obtained with the model. G and a were optimized by Bayesian opti-
mization. Red asterisks denotes the selected optima. The corresponding average
excitatory firing rates, and entropies are shown in B and C, respectively. (D) Esti-
mated average K-S distance between the empirical FCD obtained from LSD rest-
ing state condition and the FCD obtained with the model with neuromodulation
(5HT2A). nm, and nm; were optimized by Bayesian optimization. (E) The model
with neuromodulation improves the goodness of fit to empirical data. Black lines
are simulations with the same initial condition, and red line is the average. (F) Scat-
ter plots of the excitatory firing rates in both simulated conditions.
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6.2.2 5HT2A-R activation causes a heterogeneous, linear increase

in the entropy of simulated brain activity

We used the DMF model to test the main prediction of the EBH: that 5HT2A-R ac-
tivation causes an increase in the overall entropy of neural signals (Fig. 6.3). In
line with previous experimental findings with psychedelic drugs,(Schartner et al.,
2017) the model shows a significant increase in the brain’s entropy h due to 5SHT2A-
R activation, with an average entropy of h''* = 2.15nat in the placebo condition,
and hPHT?A = 2 25nat in the 5HT2A-R condition (dashed vertical lines in Fig. 6.3B,
Wilcoxon signed-rank test p < 107%, Cohen’s d = 0.98 + 0.05).

A closer look at the distribution of entropy changes, however, reveals a more
nuanced picture, entropy increases for all regions, but the effect is larger for visuo-
occipital regions, compared to the rest of the regions (Fig. 6.3D and Supp. Fig. 2).
This suggests that, according to the model, 5SHT2A-R agonism might trigger a com-
plex reconfiguration of the topographically specific distribution of entropy, and not

a mere homogeneous overall increase.

To investigate this reconfiguration, we analysed the local changes in entropy by
plotting the entropy of the n' region in both PLA and 5HT2A conditions, denoted
by h2HT2A and kP respectively (Fig. 6.3D). Our results show that 5HT2A-R activa-
tion affects local entropy in a non-uniform and linear manner, especially in regions
with high baseline resting state entropy. In particular, in such regions the effect
of 5SHT2A-R activation show a different tendency than the rest of the regions, such
that the local entropy in the 5HT2A-R condition could not always be determined
by the region’s baseline entropy. This finding hints towards a more general theme:
that local dynamical properties alone are not able to explain the local changes in
activity induced by 5HT2A-R agonists like psychedelic drugs. We will explore this
phenomenon in depth in the following sections.

Next, we studied the effect of 5SHT2A-R agonism on local entropy by considering
the relative change scores,

5HT2A PLA
hn B hn

My = =y

Based on recent in vivo experiments with serotonergic psychedelics we ex-

pect to find localized entropy increases on occipital, cingulate and parietal regions
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Figure 6.3: Linear heterogeneous increase of entropy following 5HT2A-R activa-
tion. (A) Effect of 56HT2A-R agonism on the local entropy each of region in the AAL
atlas. See Supplementary Table 1 for abbreviations. Bars indicate the (bilateral)
average relative change in local entropy, Ah,, and error bars indicate 1 standard
deviation across 1000 simulations. (B) Histograms of local entropy values for the
condition with (red) and without (blue) 5HT2A-R activation. 5HT2A-R activation
increased both the average and the spread of the local entropy distribution. (C) To-
pographical map of entropy changes. Brain regions are coloured according to their
Ah,, values. (D) 5HT2A-R agonism changed the topographical distribution of en-
tropy in linear manner. Each circle indicates the averages of each region across 1000
simulations.

(Lebedev et al., 2016; Schartner et al., 2017) as well as several changes on regions
belonging to resting state networks (RSNs) (Carhart-Harris et al., 2016b; Tagliazuc-
chi and Laufs, 2014; Lord et al., 2019). Accordingly, we found that the effect were
localised specially in occipital areas, together with some cingulate and parietal re-
gions, as expected. (Fig. 6.3A). Additionally, regions participating in the primary
visual and default mode (DMN) RSNs — including occipital and cingulate areas,
respectively — showed a marked tendency to increase their entropy, as well as re-
gions participating in the frontoparietal executive network (FPN). Further discus-
sion about the relation between these results and recent in vivo experiments with
psychedelic drugs is presented in the Discussion section.



52

A 0.1

0.1 [

®

[ S: @R:

0.08 0.08

0.06 0.06

0.04 0.04

Local
Entropy Change (Ah)
Local
Entropy Change (Ah)

0.02 0.02 ——All, R?=0.45 = 0.014

= All, R?=0.0053 = 0.0014 ——5,,R?=0.63+0.034
—R, R?=0.93 + 0.0085 ——S,, R?=0.93+ 0.0032

0
0 02 04 06 08 1 0.5 02 025 03 0.35 0.4 045
Local SHT2A Receptor Density Local Strength

0

Figure 6.4: Changes in local entropy are explained best by connectivity strength,
then receptor density. (A) Changes in entropy were overall independent from re-
ceptor density, although (B) they were well predicted by the connectivity strength of
each region. We split into strength (blue and gray), and receptor dependent groups
(red). The S; and S, groups showed no significant relationship with receptor density,
while the R; group were highly correlated with it. (C) Topographical localisation of
the three groups, following the same colour code. S; were mainly located in occip-
ital, parietal and cingulate regions, while the R; ones were in temporal and frontal
ones.

6.2.3 The topography of entropy changes is explained by local con-
nectivity strength and SHT2A-R density

Given the results above, and given the potential clinical and neuroscientific rele-
vance of entropy reconfiguration in the psychedelic state, our next task is to eluci-
date what neurobiological factors underlie such phenomenon. Here we investigate
which structural and dynamical features of the model are able to predict local en-
tropy changes due to 5SHT2A-R activation, and what we can learn about the large-

scale action mechanism of psychedelic drugs and other 5SHT2A-R agonists.

To explain the effects of 5HT2A-R activation, the first natural step is to fac-
tor in the density of 5HT2A-R at each region. Somewhat surprisingly, at a whole-
brain level, receptor density was a very poor predictor of the entropy change due to
5HT2A-R activation (Fig. 6.4A, R? = 0.0053 +0.0014). In contrast, we found that the
connectivity strength (based on the DTI human connectome), defined as the sum
of all the weighted links connecting a given region, exhibited a moderate correlation
with local entropy changes (Fig. 6.4B, R%0.45 + 0.14).

By visual inspection, however, it is clear that the relationship between DTI-
informed connectivity strength and A#h,, is complex and can be split in two sepa-
rate tendencies. To investigate this phenomenon, we implemented a simple op-

timisation algorithm to find the set of regions with the strongest relationship be-
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tween strength and Ah,, (see Chapter 4, subsection 4.1.5). This yielded a set of re-
gions with a higher strength-Ah,, correlation (S, R% =0.93+0.0032, as opposed to
R? = 0.45+0.14 for the whole-brain), and induced a partition of all brain regions into
three groups: those highly dependent on strength (S;, 27 regions, blue in Fig. 6.4A)),
those less dependent on strength (S;, 42 regions, gray), and those highly dependent

on receptors (R, 11 regions, red).

Building up on this partition, we studied the effect of receptor density on those
regions where entropy change could not be predicted from connectivity strength —
the Ry group. We found a strong relationship between receptor density and entropy
changes for the R; group, which resulted in positive correlation (R?> = 0.93 +0.0085).
On the contrary, receptor density does not predict entropy changes for areas in the
S; and S,. This shows a complementary role of density and strength in S;, S, and Ry
regions: entropy changes in R; regions strongly depend on the receptor density, but
not connectivity strength; while changes in S;, S, regions depend on connectivity

strength, but not receptor density.

Overall, to assess the predictive power of connectivity strength and the recep-
tor density on local entropy changes, we built a linear mixed model for A#k,, using
connectivity strength, 5HT2A-R density, and the aforementioned three-way separa-
tion of brain regions as the predictor variables. Together these variables explain
94.5 + 0.002% of the variance of Ah,, confirming that they provide an accurate
model for predicting the entropic effects of 5HT2A-R activation. This suggests that
psychedelic drugs and other 5SHT2A-R agonists do not have a simple, localised ef-
fect on brain activity, but instead amplify the fundamentally collective, emergent

properties of the brain as a complex system of interacting elements.

6.2.4 The specific connectivity strength distribution explains rela-

tive changes in entropy

As a final analysis, we set out to investigate exactly which topological properties of
the brain’s structural connectivity explain the observed changes in entropy. With
this exercise, we aim to answer two questions: whether any property simpler than
connectivity strength can explain the results; and whether any property more com-

plicated than connectivity strength is needed to do so.

To this end, we ran further simulations of the DMF model using suitable null

network models of the human connectome (Fig. 6.5A), with the 5HT2A-R density
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map held fixed. In particular, we used three null models designed to test increas-
ingly strict null hypotheses that preserved different network attributes of the orig-
inal connectome: i) the overall density and strength (RAND, Fig. 6.5B), ii) the de-
gree distribution (degree-preserving randomisation [DPR], Fig. 6.5C); and iii) the
strength distribution (strength-preserving randomisation, [DSPR], Fig. 6.5D). We
simulated the DMF model in these surrogate networks, with and without neuro-

modulation, and computed the resulting entropy changes A#,,.

Our first resultis that random and degree-preserving surrogate networks are un-
able to reproduce the entropy changes observed in the human connectome: when
compared against the Ah,, values obtained from the unperturbed network, neither
of them produce values close to the original (Figs. 6.5E, 6.5F). This result asserts the
findings in the previous section, showing that indeed node strength plays an impor-
tant role in shaping the global pattern of entropy change associated with the action
of psychedelics and other 5HT2A-R agonists. Simpler topological features, like the

degree distribution, are not enough to explain such changes.

Perhaps more interestingly, the connectivity strength-preserving surrogate net-
works partially reproduced the entropy changes, suggesting that higher-order prop-
erties of the connectome are necessary (Fig. 6.5G). Together, these results show that,
once the receptor distribution is fixed, the network strength distribution is necessary

but not completely sufficient to explain the entropic effects of 5HT2A-R activation.

As previously suggested, other topological network features are known to medi-
ate transitions of consciousness in other contexts,(Chennu et al., 2016) and inves-
tigating which network properties explain high-order dynamical signatures(Rosas

et al., 2019) of psychedelics remains an exciting avenue of future work.

6.3 Discussion

In this study we investigated the brain entropy changes induced by serotoner-
gic psychedelics by simulating whole-brain resting state activity with and without
5HT2A-R activation. In contrast to empirical studies, which usually only have ac-
cess to coarse-grained fMRI or M/EEG data, our approach allows us to study firing
rates of brain regions and hence to directly assess the effect of 5HT2A-R agonism at

the level of neural population activity.

In agreement with the Entropic Brain Hypothesis,(Carhart-Harris, 2018) the
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Figure 6.5: Relative changes in entropy are partially reproduced by a strength-
preserving null model of the connectome. (A)-(D) Connectivity matrices used to
control the role of local properties of the connectome on Ah,,. See main text for the
description of the matrices and randomisation algorithm. (E)-(G). Scatter plots of
Ah, for the human connectome against the three null models. DSPR yielded a high
but not perfect correlation

showing that local network properties of human connectome are necessary but not

completely sufficient to capture the effect of 5SHT2A-R activation.

model shows a significant increase of global brain entropy, with a inhomogeneous
and linear reconfiguration. The diversity of effects stresses the importance of ex-
tending the scope of the EBH from a simple level-based approach towards a multi-
dimensional perspective, which might better characterise the richness of 5SHT2A-R

activation effect both on the brain and consciousness.

We propose a possible mechanism in the sense that the average increase in
neural entropy induced by serotonergic psychedelic drugs can be explained (in sta-
tistical sense) in terms of quantities that provide a neurobiological interpretation
about how this phenomena could occur in the brain. These results have impor-
tant consequences for our understanding of consciousness, neurodynamics, and
the psychedelic state. In the following, we highlight some of those implications,

and propose possibilities for future work.
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6.3.1 5HT2A-R-induced entropy changes are regionally heteroge-

neous

Our main result in this study is a mechanistic explanation of the main prediction of
the EBH that serotonergic psychedelics increase the entropy of brain activity. How-
ever, one of the main takeaways is that this overall increase is tied to a spatially het-

erogeneous reconfiguration, rather than a globally consistent increase, in entropy.

Our simulation results show that 5HT2A-R activation triggers an entropy in-
crease in sensory areas, as observed in occipital cortices, as well as the primary vi-
sual RSN. This agrees with the increased perceptual ‘bandwidth’ that characterises
the psychedelic state,(Bayne and Carter, 2018) as higher entropy might be related
to richer perceptual experience in a given moment of consciousness — potentially
related to reduced gating. As a matter of fact, all the primary visual RSN regions are
part of the S; group, suggesting that the effect of psychedelics on perceptual experi-
ence might be directly related to the connectivity of those regions. The localisation
of the entropy increases may relate to domain-specific changes in consciousness,
which could be interpreted as consistent with a recent dimensions of conscious-

ness characterisation of the psychedelic experience.(Bayne et al., 2016)

6.3.2 Comparison to in vivo experiments with psychedelic drugs

Throughout the paper, we have focused on one particular signature of 56HT2A-R ag-
onists on the brain - a global increase in average entropy. But much more is known
about the effect of psychedelics on the brain, and studying these more nuanced
effects is key to understanding the rich phenomenology of the psychedelic state.
In this section we deepen this connection by providing a more detailed compari-
son between the behaviour of the model and experimental results with psychedelic

drugs.

Our findings are in agreement with earlier studies where the effect of
psychedelic drugs on the topographical distribution of entropy-related measures
was correlated with subjective effects. For example, Schartner et al.(Schartner et al.,
2017) studied the effect of LSD, psilocybin, and ketamine on the entropy rate of bi-
narized MEG signals, and found localised increases in entropy rate on occipital and
parietal regions. Similarly, Lebedev et al. (Lebedev et al., 2016) analysed the sample
entropy of fMRI recordings of subjects under the effect of LSD, finding localized in-
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creases on frontoparietal, medial occipital, posterior and dorsal cingulate regions.
Many of those regions showed a consistent increase of their entropy with 5HT2A-R

agonism in our study (Fig. 6.3A).

Moreover, many of those regions actually belong to the S; group (c.f. Fig. 6.4),
which suggests that their entropy increase in experimental data might be directly

related to the connectivity in those regions.

Together, these findings support the conclusion that the DMF model, once op-
timised, can reproduce not only FC and FCD (Deco et al., 2018b), but also some of
the most salient localised entropy increases found on in vivo human studies up to
date.

Also, on a more fundamental level, our findings suggest that psychedelics dis-
rupt the functional organisation of the brain with an especially focal and pro-
nounced action on highly anatomically connected brain regions. In fact, exper-
imental and modelling evidence points towards a key role of connector hubs on
psychedelic and psychopatological states (Muthukumaraswamy et al., 2013; Miiller
etal., 2018).

Perturbing the activity in these specific regions (via 5HT2A-R agonism) could
have particularly profound implications for the regularity of brain activity and the
quality of conscious experience. However, sub cortical regions may also play an
important role on the modulation of brain activity, conscious experience, and the
psychedelic state (Barrett et al., 2020).

On a separate line of inquiry, there is strong evidence associating the DMN to
high-level cognitive functions, including the sense of space, time and recognition
of (self) boundaries. Disruptions to the DMN have been linked to fundamental
changes in experience, such as ego dissolution (Tagliazucchi et al., 2016b; Carhart-
Harris, 2018). Our simulation results show that 5HT2A-R activation increases the
entropy of all DMN regions, which is consistent with the reported decrease in the
DMN network integrity (Muthukumaraswamy et al., 2013) induced by psychedelic
drugs. In contrast, low-level motor functions such as motor regulation remain
largely unaffected during the psychedelic state (Carhart-Harris and Friston, 2019),
which is consistent with the modest entropy changes observed in the lingual and

superior motor areas.
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6.3.3 Current limitations and future research

The approach employed in this work presents certain limitations related to several
aspects of the simulation and analysis. Acknowledging and understanding these
limitations can help us extend and improve our approach, while introducing new

questions in the field of psychedelic computational neuroscience.

To our knowledge, the DMF model is the only whole-brain model that imple-
ments neuromodulation and is capable of reproducing neuroimaging data in the
placebo and psychedelic states. Nonetheless, it makes some important simplifica-
tions that are worth discussing. At the network level, the DTI-based connectome
used here is known to be incomplete, thus improvements could be made to the
model parameters of brain connectivity (Markov et al., 2014). At the dynamical level,
the DMF model models neuronal populations as perfectly homogeneous within a
given region, and it is known that finer-grained local structure of certain brain re-
gions is likely to be key to explaining certain subjective effects of the psychedelic
state (e.g. lattice structure in the visual cortex and geometric visual hallucinations
(Ermentrout and Cowan, 1979)). Additionally, the version of the DMF model used
here only considers 5HT2A-R agonism, while classic serotonergic psychedelic drugs
also have high binding affinities for other receptors (e.g. in the case of LSD, the D1
and D2 dopamine receptors (Carhart-Harris and Nutt, 2017)).

These simplifications do not prevent the model from reproducing statistical fea-
tures of brain signals under the placebo and 5HT2A-R conditions, but could resultin
an inability to reproduce finer aspects of the dynamics of the whole-brain activity in
these conditions. Extending the model to reproduce other dynamical signatures of
psychedelics (like alpha suppression (Timmermann et al., 2019) or reduced directed
functional connectivity (Barnett et al., 2020)) constitutes a natural extension of this
work with the recent example of Kringelbach et al., (Kringelbach et al., 2020) where
an extension of the DMF model can reproduce dynamical features of the brain in
placebo and in the psychedelic state.

Finally, it is worth noting that all our analyses here are based on the univari-
ate statistics of individual brain regions, not including any correlation or informa-
tion flow between them. However, it is known that some high-level subjective ef-
fects of psychedelics (such as complex imagery(Carhart-Harris et al., 2016b) and
ego dissolution(Tagliazucchi et al., 2016b)) are related to network, as opposed to

single region, dynamics. Therefore, building a richer statistical description of the
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brain’s dynamics using recent information-theoretic tools (such as multivariate ex-
tensions of mutual information(Rosas et al., 2019) or Integrated Information The-
ory, IIT (Balduzzi and Tononi, 2008)) remains an exciting open problem. In fact, re-
cent attempts of unifying IIT and the EBH in a single framework to understand the
effects of psychedelic drugs (Swanson, 2018) are helping to bridge the gap between

the univariate EBH and the multivariate IIT.

6.3.4 Final remarks

In this chapter we have provided the first mechanistic explanation of the neural en-
tropy increase elicited by psychedelic drugs, using a whole-brain dynamical model
with 5HT2A-R neuromodulation. Furthermore, we built a simple model able to pre-
dict a region’s relative change in entropy from its local 5HT2A-R density and topo-
logical properties, showing that, somewhat paradoxically, at a whole-brain level re-
ceptor density is a poor predictor of 5HT2A-R activation effect.

Key to developing this predictive model was a three-way partition of brain re-
gions according to the dependency they exhibited with connectivity strength, sug-
gesting a differentiated action mechanism of 5HT2A-R agonists that depends on
the local topology of brain regions. In summary, our results suggest that the local
changes in entropy, as well as the global entropy increase, induced by 5HT2A-R ac-
tivation can be explained from a region-specific interplay between structural con-
nectivity and receptor density. Finally, controlled experiments with null network
models confirm that receptor density and connectivity strength are necessary, but

not sufficient, to explain the entropic effects of 5HT2A-R activation.

The spatially heterogeneous, complex nature of the observed effects of 5HT2A-
R activation opens a challenging problem for understanding the clinical and sci-
entific relevance of psychedelic drugs and their entropic effect. Furthermore, it
stresses the necessity of moving beyond the current unidimensional approach to
consciousness to a multi-dimensional one, that better captures the phenomeno-

logical and neurodynamical richness of psychedelic state.



DISCUSSION

7.1 A bottom-up framework for investigating con-

sciousness

Consciousness research is in need of mechanistic accounts to explain why brain
signals recorded during different states of consciousness can be consistently char-
acterized by the presence of certain global signatures. Our motivation is not the
replacement of the explanations of these signatures provided by theories, such as
GNW or IIT. Instead, we aim to put forward a framework for their investigation from
a bottom-up perspective. Eventually, we expect to converge on the high-level expla-
nations furnished by some of these theories. Our inspiration is partially drawn from
statistical thermodynamics, which provides a clear example of how the bottom-up
and top-down perspectives can converge into a consistent picture of physical phe-
nomena. Importantly, in this case, the resulting theory remained useful both as a set
of phenomenological principles and computational rules (i.e., classical thermody-
namics) but also as a framework to establish connections between those principles

and the rules governing the microscopic properties of matter.

The principal idea behind our work is that whole-brain models can be used to
test hypotheses concerning the mechanistic and causal underpinnings of different
states of consciousness. We do not expect that whole-brain models are sufficiently
advanced to identify those precise mechanisms; however, we propose that they
can contribute to narrow the space of possible mechanistic explanations, there-
fore complementing current theories of consciousness from a bottom-up perspec-

tive.

Our framework rests upon the complementary nature of three key ingredients:

60
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experimental data obtained through neuroimaging experiments, theoretical ap-
proaches to characterize signatures of consciousness, and bottom-up whole-brain
computational models. The application of modern neuroimaging techniques to
the study of signatures of consciousness has provided very effective tools to pre-
dict the brain activity patterns that are associated with different states of conscious-

ness. However, as René Thom famously stated, “to predict is not to explain” (Thom,

1992). Hence, we now turn to the discussion of how models could bridge the gap

between prediction and explanation.

The proposed framework and the key elements to model altered states of con-

sciousness is summarized on Figure 7.1:
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Figure 7.1: Key variables for whole-brain models. Representation of the three key
variables that can be modified to construct whole-brain models of different altered
states of consciousness. These variables correspond to local dynamics, anatomical
connectivity, and priors related to neuromodulatory systems necessary to accom-
modate physiological, pathological, and pharmacologically-induced altered states
of consciousness. Certain states may require the modification of multiple variables;
for instance, focal seizures and propofol-induced anaesthesia are both associated
with low complexity patterns of brain activity; yet, in the first case, these dynamics
reflect structural abnormalities, while, in the second case, they reflect the activation
of certain inhibitory pathways.

A. Connectome: Is the state of consciousness implicated with local or diffuse
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structural abnormalities? This is frequently the case for neurological condi-
tions, such as coma and post-comatose disorders of consciousness (e.g., un-
responsive wakefulness syndrome, minimally conscious state) (Ferndndez-
Espejo et al., 2011). In addition, subtler structural modifications can be im-
plicated in certain psychiatric conditions presenting episodes of altered con-
sciousness, such as different forms of schizophrenia (Kubicki et al., 2005).
While several papers have investigated localized (e.g., stroke, tumors, fo-
cal epilepsy) structural damage from this perspective (Adhikari et al., 2017;
Haimovici et al., 2016; Beuter et al., 2020; Va$a et al., 2015; Hellyer et al., 2015;
Sinha et al., 2017; Richardson, 2012; Aerts et al., 2020), the literature on whole-
brain models applied to patients suffering from neurological impairments
and from disorders of consciousness is very limited. The project of modeling
pathological brain states perforce necessitates to incorporate individualized
structural connectomes and lesion maps, thus moving towards simulation at

the single patient level (Bansal et al., 2018; Jirsa et al., 2017).

. Modulation: Is the state of consciousness a consequence of neuromodula-
tory changes, either endogenous or induced externally by means of phar-
macological manipulation? Two typical examples are the altered states of
consciousness induced by psychedelics/dissociatives, which are linked to ag-
onism/antagonism at serotonin/glutamate receptors (Nichols, 2016). Cer-
tain psychiatric conditions are believed to arise as a consequence of neuro-
modulatory imbalances, e.g., dopaminergic imbalances are believed to play
an important role in the pathophysiology of schizophrenia (Howes and Kapur,
2009). Most anaesthetic drugs reduce the complexity of the brain activity by
targeting specific neuromodulatory sites, such as those activated by gamma-
aminobutyric acid (GABA) (Peduto et al., 1991). Finally, sleep is a state of
reduced consciousness triggered by activity in monoaminergic neurons with

diffuse projections throughout the brain (Jouvet, 1972).

. Dynamics: Is the altered state of consciousness captured by well-understood
dynamical mechanisms? Does the model include parametrically controlled
external perturbations? While changes in the local excitation/inhibition bal-
ance are ultimately caused by neurochemical processes, they are best un-
derstood in terms of their dynamical consequences. States such as epilepsy,
deep sleep and general anaesthesia are believed to involve unbalanced excita-
tion/inhibition (Gao et al., 2017). In some cases, dynamics may be sufficiently

idiosyncratic to be captured by low dimensional phenomenological models,
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as in the case of certain forms of epileptic activity (El Houssaini et al., 2020).
Finally, local dynamics could be modified to simulate the effects of external

neurostimulation (Deco et al., 2019; Sanz Perl et al., 2021).

Depending on the answers to these questions, the whole-brain model should
incorporate changes to anatomical connectivity, local dynamics, or include empiri-

cal receptor density maps to add a new layer of neurobiological detail.

7.2 What can we learn?

The dynamics of whole-brain models can be perturbed arbitrarily. This is significant
since it allows for the exploration of different mechanisms, leading to the observed
empirical dynamics. In addition, they enable the exploration of how external stim-
ulation can force transitions between states of consciousness, including the clin-
ically relevant case of displacing whole-brain models from unconscious states to-
wards wakefulness (Deco et al., 2019; Sanz Perl et al., 2021). Therapeutic alternatives
to accelerate the recovery of disorder of consciousness (DOC) patients are scarce,
and while some studies support the therapeutic role of external electrical stimula-
tion (Hermann et al., 2020), very little is known about the optimal choice of stimula-
tion sites and parameters. Whole-brain models could be useful for the optimization
of stimulation protocols, as well as for assisting in clinical decision making. Local-
ized stimulation and/or resection of neural tissue are surgical alternatives to treat
certain severe forms of epilepsy, and whole-brain models have been explored with
success to predict the outcome of these interventions (An et al., 2019). The same
concept could apply to the development and in silico testing of new pharmaceu-
ticals to treat psychiatric conditions, where whole-brain models could be used to
reverse-engineer the optimal receptor affinity profiles required to restore statistical
signatures of healthy brain dynamics. Finally, the combination of data produced by
whole-brain models and machine learning classifiers could be useful for data aug-
mentation in the context of automated diagnosis of rare neurological diseases (Perl
et al., 2020b) and to generate input for deep learning architectures (e.g., variational
autoencoders) capable of representing altered states of consciousness as trajecto-

ries within a low dimensionality latent space (Perl et al., 2020a).
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7.2.1 Case study: modeling neural entropy increases induced

by psychedelics

In this work we exemplify our framework by using the DMF model to explain a
global signature of the psichedelic state, i.e. neural entropy increase. Using the DMF
model optimized to fit the FCD of placebo and LSD conditions, a significant entropy
increase of brain signals was found in LSD versus placebo as a consequence of simu-
lated 5- HT» 4 receptor activation. Thus, the model was capable of identifying a low-
level (i.e., molecular scale) mechanism leading to increased neural entropy, which
is a robust signature of the psychedelic state (Carhart-Harris et al., 2014; Carhart-
Harris, 2018).

Since activation of the 5-HT»4 receptor is causally implicated with the con-
scious state induced by serotonergic psychedelics (Nichols, 2016; Kraehenmann
etal., 2017; Barrett et al., 2018), the effect of the drug was modeled as a local change
in the non-linearity of the inhibitory and excitatory populations. This change was
proportional to the local density of 5- HT» 4 receptors as determined by PET imag-
ing. Brain entropy increases during the psychedelic state were the result of hetero-
geneous changes in the entropy of the regional firing rates. These changes in firing
rate entropy depended both on the local anatomical connectivity and the 5- HT>» 4

receptor density.

Thus, starting from local dynamics describing the behavior of coupled excita-
tory and inhibitory pools of neurons, and introducing a perturbation which reflects
serotonergic activation, the model provided a bottom-up confirmation of 5- HT» 4
activation as the source of increased neural entropy during the psychedelic state.
In the context of Figure 7.1, the model adopted changes in local dynamics (bottom
left) informed by empirical maps of 5- HT» 4 receptor density (bottom right).

7.3 Projections

A fruitful line of future work involves making more detailed comparisons with in
vivopsychedelic neuroimaging data, and, potentially, subjective experience reports.
For example, one natural option would be to use forward models of fMRI(Stephan
et al., 2007) or M/EEG(Mosher et al., 1999) to bridge between the firing rates pro-
duced by the DMF model and other data modalities, to produce simulated data that
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is more directly comparable with available empirical data.

Another exciting possibility is to explore model parameters to examine potential
non-linearities and their implications for different relevant aspects of brain func-
tion. For example, there are reasons to believe that the dose-response relation-
ship is non-linear for psychedelics and that over a certain threshold dosage (level
of 5HT2A-R stimulation) new subjective and global brain function properties can
appear (Madsen et al., 2019).

Most interestingly, a potentially very useful extension of this framework would
be to include individual subject-level connectome and receptor data to build per-
sonalised models of response to psychedelic drugs, or other treatments. Such a
framework could potentially make individualised predictions of the action of sero-
tonergic psychedelics on specific individuals, aiding patient stratification and treat-
ment customisation (Scott and Carhart-Harris, 2019). This would enable a much
more comprehensive modelling framework, capable of correlating specific brain

features with subjective experience reports.



CONCLUSIONS

In this work we developed, implemented and applied a bottom-up framework to
study altered states of consciousness. First, we laid the theoretical fundamentals of
the framework, proposing that current high-level theories of consciousness could
be complemented by a mechanistic knowledge of how key signatures of conscious-
ness, or its modification, are generated by low-level biophysical rules. Second, to
ease the massification of such a framework, we improved the computationally ef-
ficiency of one of the most popular biophysically grounded whole-brain models,
i.e. the dynamic meal field model. Our improved version, here called the FastDME
involved a semi-analytic solution to the feedback inhibitory control optimization
problem, bypassing a huge computational obstacle associated with the DME This
enabled the reproduction of whole-brain activity with a resolution of thousands of
regions. To further extend the possibilities of the DME we coupled it to a Bayesian
optimization algorithm, paving the way to testing a wide diversity of hypothesis im-
plemented as specific perturbations on the free parameters of the model. Third, we
apply the FastDMF to the study of how a molecular perturbation, i.e. activation of
the 5HT2A receptor, can change global signatures of the whole-brain activity — the
increased neural entropy elicited by psychedelic drugs. By leveraging the theoreti-
cal and computational advances of the FastDME we fit the DMF to empirical fMRI
data, revealing that both inhibitory and excitatory population are needed to jointly
reproduce the changes in the FCD and in the neural entropy associated to the in-
gestion of LSD. In addition, we demonstrate that the entropy increases can be well
explained by two local structural features: the local connectivity strength and the
local receptor density. Finally, we made a synthesis of the framework in terms of the
key elements to be perturbed in whole-brain models, which narrows the space of
possible explanations of how different states of consciousness are intimately linked

to low-level biophysical mechanisms. This way, we aimed to integrate in a single
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framework subjective reports, high-level signatures of brain activity, and it corre-

sponding underlying biophysical mechanisms.
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