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A B S T R A C T   

The translational potential of MR-based connectivity modelling is limited by the need for advanced diffusion 
imaging, which is not part of clinical protocols for many diseases. In addition, where diffusion data is available, 
brain connectivity analyses rely on tractography algorithms which imply two major limitations. First, tracking 
algorithms are known to be sensitive to the presence of white matter lesions and therefore leading to inter-
pretation pitfalls and poor inter-subject comparability in clinical applications such as multiple sclerosis. Second, 
tractography quality is highly dependent on the acquisition parameters of diffusion sequences, leading to a trade- 
off between acquisition time and tractography precision. 

Here, we propose an atlas-based approach to study the interplay between structural disconnectivity and le-
sions without requiring individual diffusion imaging. In a multi-centric setting involving three distinct multiple 
sclerosis datasets (containing both 1.5 T and 3 T data), we compare our atlas-based structural disconnectome 
computation pipeline to disconnectomes extracted from individual tractography and explore its clinical utility for 
reducing the gap between radiological findings and clinical symptoms in multiple sclerosis. Results using to-
pological graph properties showed that overall, our atlas-based disconnectomes were suitable approximations of 
individual disconnectomes from diffusion imaging. Small-worldness was found to decrease for larger total lesion 
volumes thereby suggesting a loss of efficiency in brain connectivity of MS patients. Finally, the global efficiency 
of the created brain graph, combined with total lesion volume, allowed to stratify patients into subgroups with 
different clinical scores in all three cohorts.   

1. Introduction 

The increased availability and quality of non-invasive brain con-
nectivity imaging, using either diffusion or functional MRI data, coupled 
with methodological advances, has triggered the emergence of subfields 
at the intersection of neuroscience and network science. In network 
neuroscience (Bassett and Sporns, 2017), graphs are used to model 
connections between brain regions, enabling an arsenal of mathematical 
methods which facilitate systems-level thinking and thus new ways of 
investigating the organization of the brain (Bullmore and Bassett, 2011; 

Richiardi et al., 2013; Sporns et al., 2005). Compared to diffusion MR 
images or tractograms, using more interpretable high-level representa-
tions of structural connectivity, such as brain graphs and their under-
lying topological features, enables more reliable inter-subject 
comparisons (Meskaldji et al., 2013). 

During the last decade, the study of structural connectomes has 
provided a better and more extensive understanding of several neuro-
logical and psychiatric diseases. The ‘disconnectome’ approach com-
bines the study of lesion location with structural connectomics to 
investigate the impact of resulting disconnections (Catani et al., 2012; 
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Foulon et al., 2018; Fox, 2018). Where disruption of brain connectivity 
is found to affect higher functions, the condition can be described as a 
“disconnection syndrome” (Carrera and Tononi, 2014; Catani and 
Ffytche, 2005). 

Recently, repeated findings have led multiple sclerosis (MS) to be 
also characterized by structural disconnectivity (Rocca et al., 2015), on 
top of the well-known main drivers of the disease (i.e. grey matter pa-
thology, brain atrophy, diffuse microstructural damage of normal 
appearing white matter). Brain damage in MS involves the transection of 
white matter tracts by lesions, creating a disconnection syndrome which 
is associated with a specific clinical phenotype (Llufriu et al., 2017). T2 
hyperintense lesions might lead to remote axonal damage by both 
antero- and retrograde degeneration (“dying back“ and Wallerian 
degeneration (Dziedzic et al., 2010; Lucchinetti et al., 2000)). Axonal 
loss has been identified as the major determinant of irreversible 
neurological disability in MS patients (Hayes and Ntambi, 2020). An 
accelerated rate of brain atrophy in MS patients, together with disrup-
tion of nerve signals in the central nervous system, can cause multiple 
symptoms that vary widely from one patient to another. In particular, 
connectivity studies have shown that the overall efficiency of functional 
connectomes is affected by the disease (Yaou et al., 2017; Rocca et al., 
2016; Fleischer et al., 2019) and that small-worldness (defined as the 
ratio between clustering coefficient and the characteristic shortest path 
length) seems to dissipate with increasing lesion load (Faivre et al., 
2016). Further, a decrease in graph efficiency was shown to correlate 
with EDSS, disease duration and total WM lesion loads (Shu et al., 2011) 
therefore showing the potential of such new quantitative features to help 
narrowing the clinico-radiological paradox (Barkhof, 2002). 

Although tractography has been proven to be in good accordance 
with ex-vivo histological experiments (Buckner et al., 2011; Donahue 
et al., 2016), its use in clinical settings suffers from several pitfalls. 
Notably, the diffusion signal strength and the derived tracking algorithm 
outcome are highly dependent not only on physiological factors and on 
the way axons lay in a given voxel, but also on the image reconstruction 
methods and acquisition parameters chosen. The quantitative inter-
pretability of the results is therefore highly dependent on model as-
sumptions (Jones et al., 2013) and renders inter-subject comparisons 
more difficult and less reliable. Moreover, tracking algorithms are highly 
sensitive to two major time-consuming acquisition variables: spatial 
resolution and q-space coverage (Calabrese et al., 2014). As acquisition 
time is a critical limitation in clinical protocols, diffusion imaging se-
quences fulfilling these high standards are rarely acquired. Other tech-
nical limitations of tractography include the impact of white matter 
lesions on diffusion properties (Tievsky et al., 1999) that can in turn 
interfere with the tracking algorithm (Ciccarelli et al., 2008), although 
steady progress is being made to mitigate these detrimental effects (Lin 
et al., 2005; Lipp et al., 2020; Pawlitzki et al., 2017; Reich et al., 2007). 

To reduce inter-subject variability and provide higher quality esti-
mate of structural connectivity compared to classical clinical settings, 
previous studies proposed to model individual structural brain dis-
connectivity without requiring diffusion imaging nor tractography 
(Griffis et al., 2021; Ravano et al., 2020; Ravano et al., 2019). Structural 
connectivity is approximated using the HCP842 atlas (Yeh et al., 2018), 
a population-averaged tractography atlas built using 842 healthy con-
trols of the Human Connectome Project (Van Essen et al., 2012). Of 
interest, previous studies showed the validity of using a connectome 
atlas to approximate normal population (Horn et al., 2016). Similarly to 
what was proposed by (Griffis et al., 2021), we estimate individual 
connectivity loss resulting from white matter lesions by overlapping an 
automatically generated lesion mask with the tractography atlas and 
using brain graphs to model an individual structural disconnectome: a 
brain map representing the affected neuronal connections. In this 
retrospective multi-centric study, we evaluate the proposed approach, 
by comparing it as closely as possible with disconnectomes extracted 
from individual diffusion-based tractography in a subset of patients and 
we explore its clinical usefulness in reducing the clinico-radiological 

paradox in MS. 

2. Datasets 

Demographics and relevant MR protocol parameters are reported in 
Table 1 for all cohorts. The number of patients in each dataset corre-
sponds to those fulfilling the applicability criterion defined in Section 
3.2.3. 

2.1. Diffusion Cohort: Patients with diffusion data 

Forty-five patients with relapsing-remitting MS (disease duration <
5 years) were scanned on a 3 T MRI system (MAGNETOM Trio, Siemens 
Healthcare, Erlangen, Germany) using a 32-channel head coil at the 
Lausanne University Hospital (Simioni et al., 2014). The acquisition 
protocol included: (i) high-resolution magnetization prepared - rapid 
gradient echo (MPRAGE), (ii) fluid attenuation inversion recovery 
(FLAIR) and (iii) diffusion spectrum imaging (DSI). 

T2 hyperintense lesions on FLAIR were manually marked by one 
radiologist and one neurologist, and a consensus lesion mask was 
created as described in (Fartaria et al., 2016). 

Two patients were discarded due to incomplete imaging data and 
two other patients did not fulfil the applicability criterion resulting in a 
subset of forty-one MS patients (13 males, average age 35.1 ± 9.86, 
EDSS ∊ [1,4], median EDSS 1.5) (see Section 3.2.3 for further details). 
All patients provided written informed consent, and the study was 
approved by the ethics committee of the State of Vaud, Switzerland. 

2.2. 1.5T cohort 

An observational Study of Early Interferon beta 1-a Treatment in 
high risk subjects after clinical isolated syndrome (SET study (Horakova 
et al., 2013)) recruited 220 patients within four months after their first 
clinical event suggestive of MS and all eventually converted to clinically 
definite MS. Patients were scanned at 1.5 T (Gyroscan NT 15, Philips 
Healthcare, Best, The Netherlands) and clinically evaluated every six 
months during a period of four years. The study involved eight centers 
and was coordinated by the Charles University Hospital of Prague, 

Table 1 
Demographics and relevant MR protocols for the three datasets. Lesion volumes 
are estimated from manual segmentations when available (Diffusion and 1.5 T 
cohorts) and from LeMan-PV otherwise (3 T cohort).   

Diffusion 
cohort 

1.5 T 
cohort 

3 T 
cohort 

N (Males) 41 (13) 208 (69) 496 (158) 
Age [years] 35.1 ± 9.9 28.3 ± 7.3 28.0 ± 8.2 
Median EDSS [min,max] 1.5 [1, 4] 1.5 [0, 3.5] 2 [0, 7.5] 
Disease Duration [months] 24 ± 18 < 3 143 ± 79 
Lesion Load [mL] 7.7 ± 9.4 4.2 ± 5.3 13.0 ± 14.6 
MR 

System 
Vendor Siemens Philips Siemens 
Scanner 3 T Trio 1.5 T Gyroscan 3 T Skyra 

T1w Voxel size 
[mm3] 

1x1x1.2 1x1x1 1x1x1 

Acquisition 
Type 

3D 3D 3D 

TR/TE/TI [ms] 2300/2.98/ 
900 

25/5/- 2300/2.96/ 
900 

Flip Angle 9◦ 30◦ 9◦

FLAIR Voxel size 
[mm3] 

1x1x1.2 1x1x1.5 1x1x1 

Acquisition 
Type 

3D 2D 3D 

TR/TE/TI [ms] 5000/394/ 
1800 

11000/140/ 
2600 

5000/397/ 
1800 

Flip Angle 120◦ 90◦ 120◦

DSI Voxel size 
[mm3] 

1x1x3 – – 

TR/TE [ms] 8600/144 – – 
b-max [s/mm2] 8000 – –  
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where all patients underwent MR examinations. The acquisition proto-
col included i) FLAIR and ii) T1-weighted spoiled-gradient recalled 
(SPGR). 

An expert neurologist with nine years of experience manually 
segmented T2 hyperintense lesions in FLAIR. A subset of 208 patients 
was retained for analysis following our applicability criterion (69 males, 
average age 28 ± 7.3, EDSS ∊ [0,3.5], median EDSS 1.5) (see Section 
3.2.3). 

2.3. 3T cohort 

Five hundred eighty-nine patients affected by any form and stage of 
MS were recruited in a project (the Spinal Cord Grant (SCG)) coordi-
nated by the Charles University Hospital of Prague (Czech Republic). 
Patients underwent yearly clinical examination and MR imaging at 3 T 
(MAGNETOM Skyra, Siemens Healthcare, Erlangen, Germany). The 
acquisition protocol included high-resolution MPRAGE and 3D FLAIR. 

Due to the considerable number of patients, manual segmentations of 
white matter lesions were not available, but automated lesion segmen-
tation was performed as detailed in Section 3.1. 

Four hundred ninety-six patient datasets fulfilled the applicability 
criterion (158 males, average age 28 ± 8.2, EDSS ∊ [0, 7,5], median 
EDSS 2). Among those, 74.4% were affected by the relapse-remitting 
form of the disease, 14.6% had clinically isolated syndrome, 10.3% 
secondary progressive, 0.4% primary progressive and 0.2% progressive- 
relapsing. 

One hundred thirty-two patients were present in both the 1.5 T and 
the 3 T cohorts, but were scanned at different time points (on average 
10.8 ± 1.08 years apart, always examined on the 1.5 T scanner first). On 
average, patients experienced an EDSS increase of 0.28 ± 1.2 between 
the two scanning sessions. However, the EDSS difference varied greatly 
among the cohort, ranging between − 2.5 and 4.0. 

All participants in the 1.5 T and the 3 T cohorts agreed with col-
lecting and retrospectively analyzing their clinical, immunological and 
MRI data within an international, online registry and platform for col-
lecting prospective data on patients with MS (MSBase) (Butzkueven 
et al., 2006), and within the Czech national registry of MS patients 
(ReMuS). Therefore, neither ethics committee approval nor separate 
informed consent were obtained for this study. 

3. Methods 

Due to patient privacy, the clinical data used in this study cannot be 
made openly available. The Python code used to extract the dis-
connectome graph and relevant topological metrics from a lesion mask 
normalized to MNI space is publicly available (https://gitlab.com/ac 
it-lausanne/lesion-disconnectomics), together with pointers to relevant 
open data as examples. An R based visualisation script is also made 
available. 

3.1. Pre-processing 

Lesions were segmented using the LeMan-PV prototype, an auto-
mated lesion segmentation technique that performs segmentations on 
FLAIR and T1-weighted contrasts in two main steps: lesions are first 
detected using a supervised voxel-wise approach (Fartaria et al., 2016) 
and then delineated based on partial volume estimation (Fartaria et al., 
2017). Lesion concentration maps resulting from LeMan-PV were 
binarized following the methodology described in (Fartaria et al., 2017). 
LeMan-PV segmentations were computed for the diffusion cohort (in 
addition to manual segmentation) and the 3 T cohort, whereas it was not 
applied to the 1.5 T cohort as the data were not compliant with the 
minimal requirements defined by LeMan-PV for a good segmentation 
quality (in particular, data were acquired using a 2D rather than a 3D 
FLAIR sequence) (Fartaria et al., 2016). 

To overlay the lesion mask with the tractography atlas, a non-rigid 

spatial registration was used to transform the native T1-weighted 
contrast of each patient to the standard T1-weighted MNI152 (2009a) 
template space using b-spline trilinear interpolation from the Elastix 
v.4.800 implementation (Klein et al., 2010) (the parameter files are 
available in the code repository). The transformation was then applied 
to the binary lesion mask with nearest neighbour interpolation to ensure 
binary output mask and preserving lesion topology. 

Patients’ normalised brains were then segmented in 274 fine-grained 
subregions using the Brainnetome parcellation atlas (Fan et al., 2016), a 
connectivity-based atlas extracted from multimodal neuroimaging data 
from 40 healthy subjects. 

3.2. Modelling structural disconnectomes from a tractography atlas 

Similarly to the method described in (Griffis et al., 2021), we esti-
mate disconnectomes without diffusion imaging data, using a 
population-averaged structural tractography atlas, namely the HCP842 
tractography atlas (Yeh et al., 2018). The HCP842 atlas was built by 
averaging the Spin Distribution Function (SDF) in each voxel for 842 
healthy subjects from the Human Connectome Project (Van Essen et al., 
2012) (372 males, age range between 22 and 36 years old) whose 
diffusion data were reconstructed in MNI space using a q-space diffeo-
morphic strategy (Yeh and Tseng, 2011). 

3.2.1. Computation of the individual disconnectomes 
For each patient, affected connections were extracted by isolating the 

atlas streamlines passing through the patient’s normalised lesion mask 
using DSI Studio (http://dsi-studio.labsolver.org). Subsequently, the 
connectivity of affected connections between all possible pairs of brain 
regions (i, j) extracted from the Brainnetome atlas was modelled as an 
adjacency matrix of damaged connectivity Ac. Each element of the 
matrix AC(i, j) represented the number of damaged streamlines passing 
through the corresponding pair of regions (i, j). 

The reference “healthy” brain connectivity was represented as an 
adjacency matrix At where elements At(i, j) represented the number of 
streamlines passing through the corresponding pair of regions (i, j) in the 
tractography atlas (see Fig. 1A to C and Fig. 2A to B). Note that At is the 
same for all patients, while Ac is patient-specific and depends on lesions. 

The matrix of affected connectivity Ac was then used to build a brain 
graph where each parcellation area was represented by one node Vi. 
Each edge E(i, j) represented the percentage of streamlines affected by 
lesions connecting areas i and j with respect to the atlas connectivity At(i,
j): 

wij =

⎧
⎪⎨

⎪⎩

0, if At(i, j) = 0

(At(i, j) − Ac(i, j))
At(i, j), otherwise 

This weighted graph model ensures the number of nodes is consistent 
across patients and that the edge weights lie between 0 and 1 (see 
Fig. 1D), where higher percentages of affected streamlines result in 
lower weight values. 

For visualization, a simplified diagram of connection loss was ob-
tained by grouping Brainnetome regions into the main brain lobes and 
displaying them using Circos (Connors et al., 2009): the line thickness 
represents the number of affected streamlines whereas the colour codes 
for the percentage of affected streamlines relative to the healthy atlas 
(see Fig. 2C). 

3.2.2. Extraction of graph features 
One way of using graphs for statistical analysis or machine learning 

is to represent them as vectors, i.e., to use graph embedding. Then, a vast 
number of algorithms, both classical and deep, can be used without 
modification for predictive modelling on graphs (Richiardi et al., 2013). 
Embedding techniques include the extraction of topological features 
characterizing graph properties. 
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Topological graph features can be defined at different scales: at 
large-scale, they reflect properties on the entire graph (e.g. small- 
worldness), at intermediate scale, the metrics are computed on 

subgraphs (e.g. edge betweenness) and at small scale they reflect node 
features (e.g. node strength) (De Vico Fallani et al., 2014). Here, we 
extracted different small- and large-scale features computed with the 

Fig. 1. Extraction and modelling of a disconnectome. A. Simplified representation of the atlas-based tractogram connectivity of three brain regions i, j and k and their 
respective streamlines. At is the associated adjacency matrix of the atlas connectome, where each element At(i,j) represents the number of streamlines connecting the 
pair of regions (i,j). B. Overlapping of the atlas tractogram with the lesion mask. Streamlines passing through the lesion L are highlighted in red. C. Affected 
streamlines are isolated. Ac is the adjacency matrix of the affected streamlines, where each element Ac(I,j) represents the number of affected streamlines connecting 
the pair of regions (i,j) D. The brain graph representation where brain areas i, j and k are represented respectively by nodes Vi Vj and Vk and edges are weighted by 
the relative number of affected streamlines. The adjacency matrix of the remaining connectivity is defined as the relative difference between At and Ac. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Fig. 2. Extraction and representation of a disconnectome. A. The streamlines intersecting the lesion mask are isolated from the healthy tractography atlas. B. Affected 
streamlines are overlaid with an anatomical atlas to create a brain graph representation of disconnectivity. C. Lobe-wise summary representation of disconnectivity, 
visualized using Circos (Connors et al., 2009). 

Table 2 
Description of topological metrics extracted from the disconnectome graph. In the following equations V is the set of nodes, σ(j, k) is the number of shortest paths 

between nodes j and k, σ(j, k|i) is the number of those paths passing through node i, N i is the set of nodes in the neighbourhood of node i, ŵij=
wij

max(w)
and ki the node 

degree defined as the number of edges connecting to node i. p(i, j) the shortest path length between nodes i and j and with n = 274 the number of nodes in the graph.  

Group Features Source Equation Binary 

Small-scale Betweenness Centrality (Brandes, 2001) 
bci =

∑
j,k∈V

σ(j, k|i)
σ(j, k)

NO 

Node Strength (Vespignani, 2004) si =
∑

j∈N i
wij  NO 

Clustering Coefficient (Saramäki, 2007) 

ci =

⎧
⎪⎪⎨

⎪⎪⎩

0, ifki < 2

1
ki(ki − 1)

∑

i,j

(

ŵij ŵik ŵjk

)1/3
, otherwise  

NO 

Average Neighbour Degree (Vespignani, 2004) knn,i =
1
si

∑

j∈N i

wijkj  
NO 

Large-scale Transitivity (Wasserman, 1994) T =
3 × number of triangles in G

number of connected triplets of nodes in G  
YES 

Average Global Efficiency (Latora, 2001) GE =
1

n(n − 1)
∑

i,j∈V

1
p(i, j)

YES  

Average Shortest Path Length (Dijkstra, 1959) PL =
∑

i,j∈V
p(i, j)

n(n − 1)
YES  
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NetworkX Python library (Hagberg et al., 2008) to study both the per-
formance of our atlas-based method compared to individual dis-
connectomes, and the usefulness of these metrics for clinical 
applications. The topological features used are described in Table 2. 

In terms of large-scale features, we use transitivity (T), global effi-
ciency (GE), and path length (PL) as defined for binary graphs, and the 
disconnectome graphs were binarized using a threshold τ on edge 
weights so that the most severely affected connections were modelled as 
totally disrupted, and the mildly affected ones were modelled as intact. 
Binary edges were therefore defined such as: 

wbin
ij =

{
1, if wij ≥ τ
0, otherwise 

We checked that graphs remained connected after thresholding and 
artificially added one edge to reconnect eventual disconnected compo-
nents. A detailed analysis aiming at defining the optimal binarization 
threshold for disconnectome graphs is described in Supplementary 
Materials Appendix B and resulted in a threshold of 0.7. 

Further, we extract small-scale features for each node i, such as its 
strength (si), its neighbour degree (knn,i), clustering coefficient (ci)and 
betweenness centrality (bci). These metrics were also averaged across all 
nodes to provide additional insights on large-scale topology. 

3.2.3. Model assumptions and applicability conditions 
Our proposed model relies on the assumption that a patient’s brain 

connectivity can be estimated from the HCP842 atlas. However, the 
effects of brain atrophy on axonal projections are unclear and might lead 
to interpretation issues when approximating atrophic brains with the 
HCP842 atlas. In fact, brain atrophy, resulting from the loss of neurons 
or neuronal connections, potentially leads to substantial quantitative 
changes in structural connectivity (Kuceyeski et al., 2015). 

To be coherent with our initial assumption and avoid possible 
misinterpretation resulting from the presence of atrophy, we used an 
applicability criterion to discard unsuitable patients. As brain atrophy 
can be caused either by normal aging or pathology, we implemented a 
criterion based on both age and brain volume relative to total intra-
cranial volume (TIV) estimated with the MorphoBox prototype brain 
morphometry software (Schmitter et al., 2015). Further, our method 
heavily relies on spatial registration of images in MNI space. Therefore, 
to assess the accuracy of the spatial alignment, we implemented a 
registration quality check based on the metric optimized by the Elastix 
algorithm, namely the mutual information. The quality of aligned im-
ages associated with the lowest scores was visually assessed in each 
cohort, and we concluded all registrations were satisfactory. Based on 
this observation, a mutual information threshold was set to 1.5. 

The quality of the MorphoBox segmentation was assessed to discard 
patients with unreliable brain volume estimates. The segmentation 

quality was computed as the correlation between the grey matter a 
posteriori (GM) probability map generated by MorphoBox and a priori 
GM probability map. Correlations higher than 0.68 were thought to 
reflect high segmentation quality according to (Chow and Paramesran, 
2016). In case of low segmentation quality, brain volume and segmen-
tation quality were assessed for scans in subsequent timepoints and the 
first scan with sufficiently high segmentation quality was retained as 
reference. Then, age- and gender-matched MorphoBox reference ranges 
were used to detect abnormal brain volume in patients belonging to the 
tractography atlas age range (22 to 36 years old). The 3% percentile f(x)
of normative ranges was chosen not to be too conservative as the sharp 
boundaries of the atlas age range were already considered. Thresholds 
were defined for patients outside this age range. In particular, patients 
below twenty-two and above thirty-six years old were identified as 
suitable if their brain volume was above f(22) and f(36), respectively. 

A flow diagram showing the applicability criterion of our proposed 
method is represented in Fig. 3. The precise breakdown of datasets after 
applying our applicability conditions is reported in Supplementary 
Table 1. 

3.3. Comparison with disconnectomes based on individual tractography 

Individual variability in brain connectivity in patients can be either 
caused by individual anatomical factors or by pathological phenomena 
such as brain atrophy, oedema, or white and gray matter lesions, degree 
of de- and remyelination. To estimate the error made under the 
assumption that patients ́ brain connectivity could be approximated with 
the population-averaged HCP842 tractography atlas, we compared 
atlas-based disconnectome graphs to the equivalent graphs derived from 
individual tractography in our diffusion cohort. 

To build individual whole-brain tractograms, the same reconstruc-
tion strategy and tracking algorithm were used as described in (Yeh 
et al., 2018), in order to ensure consistency with the HCP842 tractog-
raphy atlas. All reconstruction and tracking parameters were chosen 
following (Yeh et al., 2018) and are described in Supplementary Mate-
rials Appendix: A. The disconnectome was then extracted and modelled 
following the same procedure as shown in Section 3.2.1 and will be 
hereafter referred to as individual tractography-based disconnectome, 
as opposed to the atlas-based disconnectome. 

A connection-level comparison of disconnectomes was first per-
formed. To this end, lobe-wise connections in the atlas-based and indi-
vidual tractography-based disconnectome matrices were ranked 
according to their connectivity strength in the diffusion cohort. Then, 
rank-rank Spearman correlation was computed between the two dis-
connectome models for both lesion segmentation techniques. 

Correlations between large-scale topological metrics extracted from 
both disconnectome models were investigated on the population level in 

Fig. 3. Flow diagram showing the applicability 
conditions of the atlas-based disconnectome 
model, based on age, brain atrophy and brain 
segmentation quality estimated from MorphoBox 
(Schmitter et al., 2015). f(x) is the 3% percentile 
of normative ranges. Ni: initial number of pa-
tients. N0: number of patients discarded due to 
poor registration quality. N1: number of patients 
discarded due to bad segmentation quality. N2: 
number of patients younger than the age range 
covered by the tractography atlas, who are dis-
carded due to abnormally low brain volume. N3: 
number of patients inside the atlas age range 
discarded due to abnormally low brain volume. 
N4: number of patients older than the age range 
covered by the tractography atlas, who are dis-
carded due to abnormally low brain volume.   

V. Ravano et al.                                                                                                                                                                                                                                 
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the diffusion cohort by computing the intraclass correlation coefficient 
(ICC(3,1)) and Spearman’s correlation. The ICC reflects the agreement 
between the two methods, whilst Spearman correlation is insensitive to 
systematic over or underestimations but indicates to what extent the 
ranks of the data are preserved. 

Small-scale topological features were extracted for all 274 nodes 
from atlas-based and individual tractography-based disconnectomes and 
the intraclass correlation ICC(3,1) and Spearman correlation were 
computed for each patient in the diffusion cohort and each lesion seg-
mentation strategy. The impact of total lesion volume on patient-level 
correlations was also studied. 

Finally, to investigate the possible impact of patients’ age, brain at-
rophy and segmentation quality on our validation analysis, Spearman 
correlations were computed between these metrics and the relative ab-
solute topological differences (between atlas-based and individual 
tractography-based disconnectomes). 

3.4. Clinical applications in multiple sclerosis 

To test the clinical relevance of our technique, we investigated the 
potential of atlas-based disconnectome features to reduce the gap be-
tween radiological findings and physical disability in MS. 

First, to verify that the extracted topological features were related to 
actual physiological phenomena instead of measurement noise, the 
variation of large-scale topological features with total lesion volume was 
analysed in all cohorts. The analysis was restricted to patients with a 
TLV smaller than 50 mL to provide a comparable range of TLV between 
datasets and therefore discarding 15 patients from the 3 T cohort. Then, 
the univariate Spearman’s correlation between these features and EDSS 
was investigated cross-sectionally and compared to conventional MRI 
variables reflecting lesion load (i.e., lesion count and lesion volume). 

Finally, to further study the clinical usefulness of our approach, pa-
tients were stratified according to topology of their remaining connec-
tivity and their lesion load. Global efficiency was chosen as topological 
variable of interest as previous studies proved its utility in clinical ap-
plications for MS (Fleischer et al., 2019; Rocca et al., 2016; Yaou et al., 
2017). In particular, for every cohort, patients had low lesion load when 
their total lesion volume (TLV) was below the average TLV within their 
cohort. Similarly, patients had low, or high global efficiency with 
respect to the average value within each cohort. To investigate the 
complementarity and added value of global efficiency compared to TLV, 
we compared EDSS distributions among groups characterized by either 
similar TLV or GE levels using non-parametric Wilcoxon tests with post- 
hoc correction for multiple comparisons using Benjamini Hochberg’s 
method. The so-obtained p-values were further combined in a meta- 
analysis using weighted sum of z method (Zaykin, 2011) to investigate 
the consistency of our findings across the three cohorts. 

4. Results 

4.1. Comparing disconnectome models 

The connection-level rank-rank Spearman correlation between atlas- 
based and individual tractography disconnectomes computed in patients 
from the diffusion cohort was 0.76 ± 0.07 and 0.75 ± 0.07 for auto-
mated and manual lesion segmentation respectively and is shown in 
Supplementary Fig. 2. 

4.1.1. Large-scale topological features 
Large-scale topological features extracted from atlas-based dis-

connectome graphs were plotted against equivalent features derived 
from individual tractography-based disconnectomes in Fig. 4 for both 

Fig. 4. Large scale topological features extracted from atlas-based disconnectome graph (y-axis) plotted against equivalent metrics extracted from individual 
tractography-based disconnectome (x-axis) for patients of the diffusion cohort. Each point is a patient. Disconnectome features derived from manual lesion seg-
mentation are shown in yellow, and automated lesion segmentation with LeManPV in blue. ICC(3,1) and Spearman’s correlation are reported with their respective 
significance level after correction for multiple comparison. * p < 0.05, ** p < 0.01, *** p < 0.001. (For interpretation of the references to colour in this figure legend, 
the reader is referred to the web version of this article.) 
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manual segmentation (in yellow) and automated LeMan-PV segmenta-
tion (in blue) for the diffusion cohort. Intraclass correlation ICC(3,1) and 
Spearman correlation between large-scale atlas-based and individual 
tractography-based features in the diffusion cohort, extracted with both 
manual and automated LeMan-PV segmentations are reported together 
with significance level after Benjamini-Hochberg false discovery rate 
(FDR) correction. Overall, manual segmentation allowed a slightly 
stronger although similar correlation between atlas-based and individ-
ual tractography-based features. Spearman’s correlation was equal or 
above 0.73 for all features. ICC was higher for transitivity, average 
clustering, and average neighbour degree (>0.6). Comparatively small 
ICC (<0.5) were observed not only for average betweenness centrality, 
but also for global efficiency and average shortest path length. 

4.1.2. Small-scale topological features 
Average correlations and standard deviation computed across all 

patients are reported in Table 3, together with combined p-values using 
Fisher’s method and respective χ2 statistics. Overall, the results show 
that atlas-based features are highly correlated with individual 
tractography-based features (ICC > 0.75, ρ > 0.70), except for the 
betweenness centrality (ICC < 0.25, ρ < 0.6), in good accordance with 
previous observations in Section 4.1.1. Further, automated lesion seg-
mentation did not substantially impact the correlation between atlas- 
based and individual tractography-based features. 

Fig. 5 shows how intraclass correlation and Spearman correlation 
vary with TLV estimated from either manual segmentation (in yellow) or 
LeMan-PV (in blue). Overall, the weakest correlations were observed for 
larger lesion loads and segmentation techniques did not substantially 
impact the correlation distributions. 

In Supplementary Fig. 3 two patients with overall high correlations 
(P01 and P32) and low lesion load are shown together with two patients 
with overall lower correlations (P04 and P38) and higher lesion load. 

Supplementary Table 2 reports the correlations between relative 
absolute differences in topology and age, brain volume and segmenta-
tion quality. Overall, the correlations were poor (R ≤ 0.31), and the only 
significant finding was a negative correlation of global efficiency (GE) 
with manual lesion segmentation (R = -0–31, p = 0.05). However, when 
corrected for multiple comparison, no significant correlation was found. 

4.2. Clinical applications 

4.2.1. Disease characterization 
The variation of large-scale topological features with the TLV (esti-

mated from manual segmentation for the diffusion and the 1.5 T datasets 
and from LeMan-PV for the 3 T dataset) is represented in Fig. 6 for pa-
tients in the three datasets. As betweenness centrality was shown to be 
poorly estimated with our atlas-based approach, it was discarded from 
further analysis. Overall, patients in the 1.5 T cohort had lower lesion 
load than other patients. All features showed strong and significant 
Spearman correlations with TLV in all datasets. The weakest correlations 
were observed for the transitivity, especially when computed for the 3 T 
cohort (R = -0.46). Transitivity, global efficiency, average clustering, 

average strength, and average neighbour degree were found to decrease 
with increasing lesion load, whereas the average shortest path length 
increased. 

The variation of large-scale features is also plotted against EDSS in 
Fig. 7 for the three datasets. For comparison, the correlation between 
variables reflecting the lesion load (lesion count and TLV) and the EDSS 
are also reported. Patients in the 3 T dataset had overall more severe and 
more heterogeneous EDSS than patients in the 1.5 T and diffusion 
datasets. Lesion count and TLV were comparably correlated with EDSS 
for all datasets. The weakest correlations were consistently observed for 
the 1.5 T dataset, whereas the findings were generally in good accor-
dance between the 3 T and the diffusion datasets. Overall, the correla-
tion between our topological variables and EDSS was comparable but 
not substantially stronger than the correlations with TLV and lesion 
count. 

When stratified according to TLV and global efficiency, patients 
consistently showed significantly different EDSS across datasets (see 
Fig. 8). Adjusted p-values are reported in Table 4 for each cohort. The 
cut-off used to stratify patients according to their TLV and GE were 13.0 
mL and 0.449 for the 3 T cohort; 4.2 mL and 0.466 for the 1.5 T cohort; 
and 7.7 mL and 0.475 for the diffusion cohort. In particular, among 
patients with low TLV, those who were also characterized by a low 
global efficiency had more severe EDSS than those with higher global 
efficiency in the 3 T and 1.5 T, whilst these findings were not significant 
when corrected for multiple comparisons in the diffusion cohort. 

These findings were significant when combined in a meta-analysis 
(sumz = 3.18, p = 7*10-4). 

5. Discussion 

In this work, we validated a novel approach to model structural 
disconnectomes without diffusion imaging in a large retrospective 
multi-centric study of multiple sclerosis. Similarly to what has been 
described in (Griffis et al., 2021), the HCP842 tractography atlas (Yeh 
et al., 2018) was used to extract brain connections transected by lesions, 
and the remaining connectivity was modelled as a brain graph. Dis-
connectome topological features were proposed as possible new imaging 
biomarkers. 

Compared to previous studies that focused on the clinical impact of 
lesion location either in voxel-based regions (so called “lesion-symptom 
mapping” (Bates et al., 2003)) or within predefined brain networks 
(“lesion network mapping” (Fox, 2018)), our method allows to quantify 
the impact of lesions on the whole structural connectome. 

When comparing atlas-based to individual tractography-based dis-
connectomes in MS patients, one should take into consideration that 
although the same reconstruction and tracking algorithms were used as 
for the tractography atlas, individual tractograms lacked the filtering of 
false positives which was performed manually during the construction of 
the atlas. Furthermore, our disconnectome method assumes that 
streamlines affected by lesions can be isolated from the structural con-
nectome. However, individual tractography can already be influenced 
by the presence of lesions itself (Lin et al., 2005; Reich et al., 2007; 

Table 3 
Intraclass correlation and Spearman ρ between small-scale atlas-based and Individual tractography-based small-scale features and the associated p-value adjusted for 
FDR, for both manual and automated LeMan-PV lesion segmentation. The ICC is expressed as the mean over the population ± standard deviation. P-values were 
combined using Fisher’s method across the population. The combined p-value is reported together with the respective χ2 statistics.   

Node strength Neighbour degree Node Clustering Betweenness Centrality 

Segmentation Manual LeMan-PV Manual LeMan-PV Manual LeMan-PV Manual LeMan-PV 

ICC 0.85 ± 0.16 0.76 ± 0.2 0.90 ± 0.08 0.86 ± 0.12 0.87 ± 0.8 0.84 ± 0.08 0.20 ± 0.1 0.19 ± 0.08 
P 

(χ2
ICC) 

<10-16 

(19550) 
<10-16 

(14898) 
<10-16 

(19905) 
<10-16 

(17875) 
<10-16 

(17905) 
<10-16 

(15698) 
<10-16 

(724) 
<10-16 

(647) 
ρ 0.86 ± 0.14 0.78 ± 0.18 0.90 ± 0.09 0.85 ± 0.15 0.76 ± 0.14 0.70 ± 0.16 0.54 ± 0.12 0.52 ± 0.10 
p 

(χ2
ρ) 

<10-16 

(19136) 
<10-16 

(15024) 
<10-16 

(20691) 
<10-16 

(17192) 
<10-16 

(11442) 
<10-16 

(9350) 
<10-16 

(4376) 
<10-16 

(3973)  
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Fig. 5. Variation of correlation of small-scale features extracted from individual versus atlas-based tractography with lesion load for the diffusion dataset. Each point 
is a patient. Spearman correlation and ICC(3,1) agreement between the two methods are computed across nodes for all patients and are shown on the y-axis. The total 
lesion volume (TLV) estimated from either manual (in yellow) or LeMan-PV lesion segmentations (in blue) on the x-axis. Labels in the graph indicate patient with 
generally high or low agreement, for which details are provided in Supplementary Fig. 3. 

Fig. 6. Variation of large scale topological features (y-axis) with total lesion volume (TLV, x-axis) for patients in all datasets (diffusion cohort in grey, 1.5 T cohort in 
blue and 3 T cohort in yellow). Spearman’s R and p-value are reported for all datasets. (For interpretation of the references to colour in this figure legend, the reader 
is referred to the web version of this article.) 
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Tievsky et al., 1999) and might not therefore reflect the actual structural 
connectivity of these patients. 

The connection-level rank correlation between atlas-based and in-
dividual tractography-based models suggests that the strength of con-
nections is overall consistently reflecting a substantial similarity 
between disconnectome graphs. Small-scale and large-scale topological 
features extracted from atlas-based disconnectomes and classical indi-
vidual models were strongly correlated even though an offset was often 
observed, resulting in lower ICC. Despite the lack of absolute agreement, 
the consistency of these findings suggest that our atlas-based model is a 
well-suited approximation of individual connectivity loss for clinical 
applications. Nevertheless, the observed offset between individual 

Fig. 7. Variation of large scale topological features (y-axis) with Expanded Disability Status Scale (EDSS, x-axis) for patients in all datasets (diffusion cohort in grey, 
1.5 T cohort in blue and 3 T cohort in yellow). Spearman’s R and p-value are reported for all datasets. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.) 

Fig. 8. EDSS distribution in all cohorts when stratified according to total lesion volume (TLV) and the global efficiency (GE) of their remaining connectivity. The cut- 
offs used to classify patients were the average TLV and GE within each cohort. These cut-offs are reported in Supplementary Table 3. 

Table 4 
Comparison of EDSS distributions among pairs of groups characterized by the 
same level of total lesion volume (TLV, first two rows) or global efficiency (GE, 
last two rows), computed for each cohort. The adjusted p-values using Benjamini 
Hochberg are reported together with the Wilcoxon statistics W. (*<0.05, 
**<0.01).   

1.5 T Cohort 3 T Cohort Diffusion Cohort  

W p-adjusted W p-adjusted W p-adjusted 

High TLV 244 0.041 * 841  0.71 18.5 1 
Low TLV 629 0.047 * 3371  0.002 ** 42.5 0.17 
High GE 602 0.026 * 1964  0.175 46 0.60 
Low GE 292 0.127 2878  0.71 25 0.46  
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tractography and atlas-based models should be taken in consideration 
when quantitively comparing these results with literature. 

Further, for small-scale features, patients associated with low 
agreement between individual and atlas-based disconnectome models 
were found to be characterized by large TLV. This could be explained 
either by the interference of lesions with individual tractography, or by 
an inadequate approximation using the tractography atlas. 

In terms of comparability between atlas-based and individual 
tractography-based methods, betweenness centrality was the worst 
performing feature. This observation suggests that our atlas-based 
method reflects well global or node properties that are independent 
from specific paths, whereas it does not allow a precise approximation of 
node neighbourhood. This could be explained by normal individual 
variability in axonal connections and by the erroneous or biased esti-
mation of disconnectomes from individual tractography. 

Using an automated lesion segmentation did not negatively impact 
the results, suggesting that a fully automated approach could be used to 
estimate disconnectome graphs using LeMan-PV segmentation esti-
mated solely from T1-weighted and FLAIR contrasts. Further, the vali-
dation analysis was found to be independent from patients’ age, brain 
atrophy and segmentation quality. 

Large-scale atlas-based topological features were shown to be 
significantly correlated with total lesion volume in all datasets. Impor-
tantly, the association between TLV and topological features was 
assumed to be linear, but other distributions could be better suited to 
reflect this correlation, especially for transitivity and average clustering 
which seem to follow a logarithmic function. These observations were 
coherent for all datasets despite substantial differences in terms of de-
mographics, lesion load and clinical scores. However, different brain 
parcellation techniques might influence the graph properties due to 
different definitions of a “node” and should be explored in future work. 
In general, a greater variability is expected to be induced by smaller 
brain regions, leading to a bias-variance trade-off. 

In multiple sclerosis patients, values decreased for increasing lesion 
load for transitivity, average clustering, average strength, and global 
efficiency, whereas the average shortest path length increased, resulting 
in decreased small-worldness. This is consistent with previous studies 
(Aerts et al., 2016; Faivre et al., 2016; Rocca et al., 2016; Rocca et al., 
2015) that showed significantly lower node strength, efficiency, clus-
tering and increased shortest path length in MS patients when compared 
to controls (Shu et al., 2016), and impaired small-world efficiency 
associated to white matter lesion load. Interestingly, the distribution of 
topological measures were closer between the 3 T and diffusion cohorts 
despite different lesion segmentation strategies. Such observation could 
be explained by the different lesion load distribution of the 1.5 T cohort 
and the substantially different acquisition protocols. 

Univariate correlations between large-scale topological features and 
EDSS were generally poor but close to lesion load variables. Previous 
studies showed a significant decrease in global efficiency although 
weakly correlated with EDSS (Muthuraman et al., 2016; Shu et al., 
2011). Weaker correlations were observed for the 1.5 T dataset, prob-
ably due to the narrower distribution of EDSS values. 

When stratified according to their TLV and global efficiency, patients 
with low lesion load showed significantly different EDSS depending on 
their global efficiency value: the lower the global efficiency, the worst 
the clinical outcome. These findings were validated across all cohorts 
and suggest that disconnectome topological features could be used in 
addition to TLV to stratify patients into subgroups reflecting different 
clinical states. In patients with high TLV, significantly higher EDSS 
values were observed for higher global efficiency in the 1.5 T cohort. A 
high remyelination capacity might explain these results since the 1.5 T 
cohort was composed by patients at very early stages of the disease. 
Another hypothesis to explain these findings is the interplay of other 
pathophysiological effects we are not considering, such as the influence 
of spinal cord and optic nerve lesions on EDSS. When interpreting these 
stratification results, one should note that the strong correlation 

between GE and TLV results into unbalanced groups, therefore possibly 
influencing the statistical analysis. Further, demographics and disease- 
related features (e.g., disease duration) were not considered for the 
stratification and might also explain the observed difference in EDSS 
distribution. 

Due to the limited age range covered by the tractography atlas, we 
implemented an applicability criterion that restricts the target clinical 
population to patients without profound atrophy. Therefore, the find-
ings of this work must be interpreted accordingly and cannot be 
extrapolated to all multiple sclerosis patients and in particular to aging 
populations or cases with extensive atrophy. However, our method is 
suitable for conditions such as stroke, TBI and MS, which occur with 
high prevalence in mid-aged adults. In addition to global brain atrophy, 
regional atrophy levels might also impact the anatomy of neuronal 
connections and should be deeper investigated in future work. Also, the 
contribution of brain plasticity which might yield to a partial or com-
plete recovery of neuronal connections (Aerts et al., 2016; Fleischer 
et al., 2019; Rocca et al., 2015) is not considered in our atlas-based 
approach and could impact the correlation with clinical scores. 
Finally, even though the use of a tractography atlas mitigates intra- 
subject variability related to the diffusion acquisition and tractog-
raphy algorithms, other commonly known pitfalls of brain tractography 
remain, such as the dependence on the modelling procedure of the 
axonal direction in the voxels. Therefore, the results might vary 
depending on the tractography atlas used based on the underlying 
diffusion data and processing. 

Different types of lesions might differently impact the connectivity 
loss based on their active or inactive state, as well as ongoing remyeli-
nation and demyelination processes. Future work should aim at inves-
tigating this relation using contrast enhanced scans to identify active 
lesions, whilst T1 hypointensities could be used to find “black holes” 
(Truyen et al., 1996). 

Another limitation of our approach is that it only considers con-
nectivity changes in response to focal WM lesions. However, WM lesions 
are only a part of the complex pathophysiology of MS, and other 
mechanisms might also influence connectivity impairments, such as 
microstructural damage in normal appearing white matter (Solana et al., 
2018). Furthermore, the extent of connectivity loss caused by a T2- 
weighted hyperintense lesion was not explored in our work, as stream-
lines were tagged either as affected (when intersecting the lesion mask) 
or not affected. A microstructural analysis of tissue properties within 
lesions (e.g., DTI-derived metrics) would allow a more precise estima-
tion of connectivity damage. Whilst diffusion properties cannot be 
estimated with our tractography atlas-based approach, the combination 
of our disconnectome model with other quantitative MRI modalities is 
an interesting line of research for future work. 

Last but not least, lesions located in the spine, cortex and optical 
nerve were not considered in this study but might play a role in 
explaining the clinico-radiological paradox in multiple sclerosis. 

Previous studies have shown how brain connectivity and network 
efficiency in particular can be affected by the sex and brain size of the 
subject (Yan et al., 2011). Such effects are not considered in our 
approach as the tractography atlas is independent from the sex and brain 
size, which might therefore result into interpretation pitfalls. 

6. Conclusion 

In conclusion, our atlas-based graph model of disconnectivity allows 
to extract topological features shown to reflect actual physiological 
properties and in good accordance with individual tractography dis-
connectome models in multiple sclerosis. Such metrics were shown to 
contribute to narrowing the clinico-radiological gap in multiple sclerosis 
by providing a new quantitative characterization of brain dis-
connectivity, in a large retrospective multi-centric study involving 
substantially different clinical cohorts and MR images in terms of 
hardware and acquisition sequences. 
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This method could be applied to any other neurological diseases 
characterized by the appearance of white matter lesions to study their 
impact on structural connectivity without requiring diffusion imaging. 
This is especially interesting for clinical research, as our method enables 
the retrospective analysis of structural disconnectivity in pre-existing 
datasets with routine MR contrasts that does not contain high quality 
diffusion imaging. 
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of Siemens Healthcare AG; Tomas Uher: received financial support for 
conference travel and honoraria from Biogen Idec, Novartis, Roche, 
Genzyme and Merck Serono, as well as support for research activities 
from Biogen Idec and Sanofi (GZ-2017-11718); Jan Krasensky: 
received financial support for research activities from Biogen Idec; 
Manuela Vaneckova: was supported by Czech Ministry of Health, grant 
RVO-VFN 64165, NV18-04-00168. She received compensation for 
speaker honoraria, travel and consultant fees from Biogen, Sanofi 

Genzyme, Novartis, Roche and Teva, as well as support for research 
activities from Biogen. Dana Horakova: received compensation for 
travel, speaker honoraria and consultant fees from Biogen, Novartis, 
Merck, Bayer, Sanofi, Roche, and Teva, as well as support for research 
activities from Biogen. She was also supported by the Czech Ministry of 
Education project Progress Q27/LF1. Jonas Richiardi: Pending Patent 
Application; Tobias Kober: Employee of Siemens Healthcare AG and 
Pending Patent Application. The other authors have nothing to disclose. 

Appendix A. Supplementary data 

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.nicl.2021.102817. 

References 

Aerts, H., Fias, W., Caeyenberghs, K., Marinazzo, D., 2016. Brain networks under attack: 
robustness properties and the impact of lesions. Brain 139 (12), 3063–3083. https:// 
doi.org/10.1093/brain/aww194. 

Barkhof, F., 2002. The clinico-radiological paradox in multiple sclerosis revisited. Curr. 
Opin. Neurol. 15 (3), 239–245. https://doi.org/10.1097/00019052-200206000- 
00003. 

Bassett, D.S., Sporns, O., 2017. Network neuroscience. Nat. Neurosci. 20 (3), 353–364. 
https://doi.org/10.1038/nn.4502. 

Bates, E., Wilson, S.M., Saygin, A.P., Dick, F., Sereno, M.I., Knight, R.T., Dronkers, N.F., 
2003. Voxel-based lesion-symptom mapping. Nat. Neurosci. 6 (5), 448–450. https:// 
doi.org/10.1038/nn1050. 

Brandes, Ulrik, 2001. A faster algorithm for betweenness centrality. J. Math. Sociol. 
Buckner, R.L., Krienen, F.M., Castellanos, A., Diaz, J.C., Yeo, B.T.T., 2011. The 

organization of the human cerebellum estimated by intrinsic functional connectivity. 
J Neurophysiol 106 (5), 2322–2345. https://doi.org/10.1152/jn.00339.2011. 

Bullmore, E.T., Bassett, D.S., 2011. Brain Graphs: Graphical Models of the Human Brain 
Connectome. Ann. Rev. Clin. Psychol. 7 (1), 113–140. https://doi.org/10.1146/ 
annurev-clinpsy-040510-143934. 

Butzkueven, H., Chapman, J., Cristiano, E., Grand’Maison, F., Hoffmann, M., 
Izquierdo, G., Jolley, D., Kappos, L., Leist, T., Pöhlau, D., Rivera, V., Trojano, M., 
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