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Networks, as efficient representations of complex systems, have appealed to
scientists for a long time and now permeate many areas of science, including
neuroimaging (Bullmore and Sporns 2009 Nat. Rev. Neurosci. 10, 186–198.
(doi:10.1038/nrn2618)). Traditionally, the structure of complex networks has
been studied through their statistical properties and metrics concerned with
node and link properties, e.g. degree-distribution, node centrality and modular-
ity. Here, we study the characteristics of functional brain networks at the
mesoscopic level from a novel perspective that highlights the role of inhomo-
geneities in the fabric of functional connections. This can be done by focusing
on the features of a set of topological objects—homological cycles—associated
with the weighted functional network. We leverage the detected topological
information to define the homological scaffolds, a new set of objects designed to
represent compactly the homological features of the correlation network and
simultaneously make their homological properties amenable to networks theor-
etical methods. As a proof of principle, we apply these tools to compare resting-
state functional brain activity in 15 healthy volunteers after intravenous infusion
of placebo and psilocybin—the main psychoactive component of magic mush-
rooms. The results show that the homological structure of the brain’s functional
patterns undergoes a dramatic change post-psilocybin, characterized by the
appearance of many transient structures of low stability and of a small
number of persistent ones that are not observed in the case of placebo.

1. Motivation
The understanding of global brain organization and its large-scale integration
remains a challenge for modern neurosciences. Network theory is an elegant frame-
work to approach these questions, thanks to its simplicity and versatility [1]. Indeed,
in recent years, networks have become a prominent tool to analyse and understand
neuroimaging data coming from very diverse sources, such as functional magnetic
resonance imaging (fMRI), electroencephalography and magnetoencephalography
[2,3], also showing potential for clinical applications [4,5].

A natural way of approaching these datasets is to devise a measure of dynami-
cal similarity between the microscopic constituents and interpret it as the strength
of the link between those elements. In the case of brain functional activity, this often
implies the use of similarity measures such as (partial) correlations or coherence
[6–8], which generally yield fully connected, weighted and possibly signed adja-
cency matrices. Despite the fact that most network metrics can be extended to
the weighted case [9–13], the combined effect of complete connectedness and
edge weights makes the interpretation of functional networks significantly
harder and motivates the widespread use of ad hoc thresholding methods
[7,14–18]. However, neglecting weak links incurs the dangers of a trade-off
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License http://creativecommons.org/licenses/by/4.0/, which permits unrestricted use, provided the original
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L’esperimento

15 soggetti sottoposti ad un resting-state fMRI scan 
sotto l’azione: 

+ di un placebo. 
+ iniezione di psilocybin. 

R.L. Carhart-Harris et al. PNAS (2012) per i dettagli clinici, 
farmacologici e le motivazioni iniziali 



La psilocibina ha alcuni effetti percepiti dai soggetti

R.L. Carhart-Harris et al. PNAS (2012)



I dati

Preprocessing dei dati e 
suddivisione in 194 regioni

Calcolo delle correlazioni 
parziali tra l’attività delle 
aree.  



Cosa è la topologia

❖ È quella disciplina 
matematica che non 
riesce a distinguere 
una tazzina da una 
ciambella 



Topologia

❖ La topologia studia gli insiemi arricchiti dal concetto di 
prossimità (esempio la normale distanza euclidea)

❖ E studia le proprietà di tali insiemi (spazi topologici) che 
sono invariati sotto l’azione di funzioni (deformazioni) 
continue.



Homology? 

+ rappresentazione dei dati  via simplicial 
complexes

+ filtrazione sui simplicial complexes 

+ persistent homology



Simplices
0-Simplex Point ∆0

1-Simplex Line Segment ∆1

2-Simplex Triangle ∆2

3-Simplex Tetrahedron ∆3



Simplicial Complex

An abstract simplicial complex on a set of vertices V is collection S of subsets of V 
such that, if A belongs to V and B is a subset of A, then also B is in S



К={(1,2,3)
        (1,2),(1,3),(2,3),(2,4),(3,4)
        (1),(2),(3),(4)}



Data to Complex

Data
Rips-Vietoris 
Simplicial  
complex

Clique 
complex

Proximity 
Graph Nerve



Across Scales
PERSISTENT TOPOLOGY OF DATA 5

Figure 3. A sequence of Rips complexes for a point cloud data
set representing an annulus. Upon increasing ϵ, holes appear and
disappear. Which holes are real and which are noise?

high-dimensional data, algebraic topology works like a telescope, revealing objects
and features not visible to the naked eye. In what follows, we concentrate on
homology for its balance between ease of computation and topological resolution.
We assume a rudimentary knowledge of homology, as is to be found in, say, Chapter
2 of [15].

Despite being both computable and insightful, the homology of a complex asso-
ciated to a point cloud at a particular ϵ is insufficient: it is a mistake to ask which
value of ϵ is optimal. Nor does it suffice to know a simple ‘count’ of the number and
types of holes appearing at each parameter value ϵ. Betti numbers are not enough.
One requires a means of declaring which holes are essential and which can be safely
ignored. The standard topological constructs of homology and homotopy offer no
such slack in their strident rigidity: a hole is a hole no matter how fragile or fine.

2.1. Persistence. Persistence, as introduced by Edelsbrunner, Letscher, and Zomo-
rodian [12] and refined by Carlsson and Zomorodian [22], is a rigorous response to
this problem. Given a parameterized family of spaces, those topological features
which persist over a significant parameter range are to be considered as signal with
short-lived features as noise. For a concrete example, assume that R = (Ri)N

1 is
a sequence of Rips complexes associated to a fixed point cloud for an increasing
sequence of parameter values (ϵi)N

1 . There are natural inclusion maps

(2.1) R1
ι

↪→ R2
ι

↪→ · · ·
ι

↪→ RN−1
ι

↪→ RN

Ghrist, R. (2008). Barcodes: The persistent topology of data.  
Bulletin-American Mathematical Society, 45(1), 61.
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Functional MRI of altered states
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Simplified by modularity

than fixed structural ones as may be the case for acquired
synaesthesia [52]. Broadly consistent with this, it has been
reported that subjects under the influence of psilocybin
have objectively worse colour perception performance
despite subjectively intensified colour experience [53].

To summarize, we presented a new method to analyse
fully connected, weighted and signed networks and applied
it to a unique fMRI dataset of subjects under the influence
of mushrooms. We find that the psychedelic state is associ-
ated with a less constrained and more intercommunicative
mode of brain function, which is consistent with descriptions
of the nature of consciousness in the psychedelic state.

7. Methods
7.1. Dataset
A pharmacological MRI dataset of 15 healthy controls was used
for a proof-of-principle test of the methodology [54]. Each subject
was scanned on two separate occasions, 14 days apart. Each scan
consisted of a structural MRI image (T1-weighted), followed by a
12 min eyes-close resting-state blood oxygen-level-dependent
(BOLD) fMRI scan which lasted for 12 min. Placebo (10 ml
saline, intravenous injection) was given on one occasion and psi-
locybin (2 mg dissolved in 10 ml saline) on the other. Injections
were given manually by a study doctor situated within the scan-
ning suite. Injections began exactly 6 min after the start of the
12-min scans, and continued for 60 s.

7.1.1. Scanning parameters
The BOLD fMRI data were acquired using standard gradient-echo
EPI sequences, reported in detail in reference [54]. The volume
repetition time was 3000 ms, resulting in a total of 240 volumes
acquired during each 12 min resting-state scan (120 pre- and 120
post-injection of placebo/psilocybin).

7.1.2. Image pre-processing
fMRI images were corrected for subject motion within individual
resting-state acquisitions, by registering all volumes of the

functional data to the middle volume of the acquisition using
the FMRIB linear registration motion correction tool, generating
a six-dimension parameter time course [55]. Recent work demon-
strates that the six parameter motion model is insufficient to
correct for motion-induced artefact within functional data,
instead a Volterra expansion of these parameters to form a 24
parameter model is favoured as a trade-off between artefact cor-
rection and lost degrees of freedom as a result of regressing
motion away from functional time courses [56]. fMRI data
were pre-processed according to standard protocols using a
high-pass filter with a cut-off of 300 s.

Structural MRI images were segmented into n ¼ 194 cortical
and subcortical regions, including white matter cerebrospinal
fluid (CSF) compartments, using FREESURFER (http://surfer.nmr.
mgh.harvard.edu/), according to the Destrieux anatomical atlas
[57]. In order to extract mean-functional time courses from
the BOLD fMRI, segmented T1 images were registered to the
middle volume of the motion-corrected fMRI data, using bound-
ary-based registration [58], once in functional space mean
time-courses were extracted for each of the n ¼ 194 regions in
native fMRI space.

7.1.3. Functional connectivity
For each of the 194 regions, alongside the 24 parameter motion
model time courses, partial correlations were calculated between
all couples of time courses (i,j ), non-neural time courses (CSF,
white matter and motion) were discarded from the resulting
functional connectivity matrices, resulting in a 169 region corti-
cal/subcortical functional connectivity corrected for motion
and additional non-neural signals (white matter/CSF).

7.2. Persistent homology computation
For each subject in the two groups, we have a set of persistence
diagrams relative to the persistent homology groups Hn. In this
paper, we use the H1 persistence diagrams of each group to
construct the corresponding persistence probability densities
for H1 cycles.

Filtrations were obtained from the raw partial-correlation
matrices through the PYTHON package Holes and fed to javaplex
[46] via a Jython subroutine in order to extract the persistence

(a) (b)

Figure 6. Simplified visualization of the persistence homological scaffolds. The persistence homological scaffolds Hp
pla (a) and Hp

psi (b) are shown for comparison.
For ease of visualization, only the links heavier than 80 (the weight at which the distributions in figure 5a bifurcate) are shown. This value is slightly smaller than
the bifurcation point of the weights distributions in figure 5a. In both networks, colours represent communities obtained by modularity [49] optimization on the
placebo persistence scaffold using the Louvain method [50] and are used to show the departure of the psilocybin connectivity structure from the placebo baseline.
The width of the links is proportional to their weight and the size of the nodes is proportional to their strength. Note that the proportion of heavy links between
communities is much higher (and very different) in the psilocybin group, suggesting greater integration. A labelled version of the two scaffolds is available as GEXF
graph files as the electronic supplementary material. (Online version in colour.)

rsif.royalsocietypublishing.org
J.R.Soc.Interface

11:20140873
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fines its persistence. It is important to note that when
the starting network is fully connected, all the cycles
eventually die along the filtration. While it is true that
the order in which edges are introduced can depend on
very small differences in the weights, the same small
differences would alter the persistence or appearance of
generators by a similarly small value hence ultimately
producing small variations in the scaffold. This can be
seen as a consequence of the robustness theorems for
persistent homology, where one substitutes the usual
metric with an extended semi-metric[36, 37, 26].

Key concept: The persistence of each cycle is mea-
sured using weight rank filtration.

2.2.4 Homological scaffolds

The homological scaffolds are secondary networks and
were introduced in [24] as a mean to summarise part
of the persistent homology information for the edges.
They can naturally be seen as edge centrality measures
that characterise the importance of links in the origi-
nal network through the filtration process, where the
weights on the edges represent their centrality.

Two scaffolds are introduced to highlight different
aspects of the importance of an edge in the network:
the number of cycles an edge belongs to and the total
persistence of the cycles it belongs to. The weights of
the edges are defined as:

ωf
e =

!

gj

1e∈gj (1)

for the frequency scaffold H
f
G , and

ωπ
e =

!

gj |e∈gj

πgj , (2)

for the persistence scaffold H
p
G .

The information given by the scaffolds has to be in-
terpreted with care, see section 2.2.6 below for a full
description of the limitations. The python library we de-
veloped for persistent homology analysis, that includes
the weight rank clique filtration and the scaffolds gener-
ation is available at: https://github.com/lordgrilo/Holes.

Key concept: The homological scaffold measures the
importance of edges relative to the number of cycles
they belong to and the persistence of these cycles. The
present study focuses on the persistence scaffold.

Fig. 3 Toy example illustrating the generation of the homo-
logical scaffolds. On top The filtration: edges are added in
decreasing order of weight (thickness and colour represent the
weights) to arrive at the original network at step 5). Bot-
tom middle The barcode encoding the persistence of the
two cycles ⟨abcf⟩ and ⟨cdef⟩. Bottom right The persistence
(green) and frequency (blue) scaffolds, summarising the role
of the edges in the cycles present during the filtration.

2.2.5 Example

Persistent homology and the computation of the scaf-
folds can be illustrated by a simple toy example, which
is described in the following lines and shown graphi-
cally in Fig. 3. For simplicity, some of the edges have a
weight of zero and are thus not represented. The first
step is the filtration: edges are added in decreasing order
of magnitude. In the example, edges have five different
weights. Accordingly, five filtration steps are needed,
and five associated clique complexes are formed. There
are two cycles: one born at step b) and one born at
step c) – by contrast, the edge added at step d) does
not define a new cycle. The aforementioned cycles are
both killed by the addition of the two edges at step e).
Their persistence information is summarized in the bar-
code below the filtration. The resulting scaffolds are on
the right of the barcode: the persistence scaffold (green)
and frequency scaffold (blue). Inspecting the weights of
both scaffolds, we conclude that edge ⟨fc⟩ is the most
important to support the homological structure of the
network.

2.2.6 On the effect of the cycle representative

As illustrated by the present paper and [24], homolog-
ical scaffolds can be quite informative, however there
is a caveat one has to be aware of when interpreting
the results: the choice of a cycle’s representative. Per-
sistent homology probes a dataset for its homological
features that are persistent – more specifically in the
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