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Abstract

The extracellular matrix (ECM) is a three-dimensional network of proteins of diverse nature, whose interac-
tions are essential to provide tissues with the correct mechanical and biochemical cues they need for proper
development and homeostasis. Changes in the quantity of extracellular matrix (ECM) components and their
balance within the tumor microenvironment (TME) accompany and fuel all steps of tumor development,
growth and metastasis, and a deeper and more systematic understanding of these processes is fundamental
for the development of future therapeutic approaches. The wealth of “big data” from numerous sources has
enabled gigantic steps forward in the comprehension of the oncogenic process, also impacting on our under-
standing of ECM changes in the TME. Most of the available studies, however, have not considered the net-
work nature of ECM and the possibility that changes in the quantity of components might be regulated (co-
occur) in cancer and significantly “rebound” on the whole network through its connections, fundamentally
altering the matrix interactome. To facilitate the exploration of these network-scale effects we have imple-
mented MatriNet (www.matrinet.org), a database enabling the study of structural changes in ECM network
architectures as a function of their protein-protein interaction strengths across 20 different tumor types. The
use of MatriNet is intuitive and offers new insights into tumor-specific as well as pan-cancer features of ECM
networks, facilitating the identification of similarities and differences between cancers as well as the visualiza-

tion of single-tumor events and the prioritization of ECM targets for further experimental investigations.
© 2022 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/)

The ECM, is, in fact, a major source of chemical and
mechanical stimuli influencing intracellular signaling
pathways and, as such, is also a crucial controller of

Introduction

The many hundreds of different proteins assem-

bling into the extracellular matrix (ECM) in tissue
specific as well as whole-body assembly patterns
regulate the behavior and phenotype of the cells,
providing structural and functional cues to tissue
architecture and molecular mechanics [1,2].
Quantitative and qualitative alterations to ECM
assemblage are a fundamental “footprint” of cancer.

0945-053X/© 2022 The Author(s). Published by Elsevier B.V. This is an open access article
under the CC BY license (http://creativecommons.org/licenses/by/4.0/)

the hallmarks of cancers defined by Weinberg and
Hanahan [3—5]. Tumors take advantage of manipu-
lating the microenvironment, hence the ECM and all
the proteins associated with or impinging on it - col-
lectively known as the matrisome, to condition it to
their needs and to the detriment of normal tissues
and immunological functions [6]. Almost invariably,
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desmoplasia (ECM accumulation) and high collagen
content in a neoplastic site are associated with poor
patient survival, poor immunological responses, and
enhanced cancer growth and spread [6—8]. Whether
in physiological or in pathological conditions,
changes in ECM quantity or composition impact on
the network of interactions that these molecules
establish, eventually leading to the formation of de
novo structures and/or the loss of existing connec-
tions [9,10].

Large efforts have been devoted in recent years to
the development of algorithms able to reconstruct
the structure of biological networks starting from
available data [11—13]. The task is not easy nor
immediate, as the mathematical constructs and
complicacies involved in generating a network that
best fits the data provided [14] add to the daunting
heterogeneity, time-scale differences and overall
quantity of the interactions that characterize biologi-
cal systems [15].

The enormous importance that ECM connections
play in health and disease, and especially in cancer,
are a compelling stimulus to develop tools to investi-
gate how the matrix interactome varies in different
neoplasms. Beyond the relative “presence” or
“absence” of the various proteins, in fact, the study
of network patterns informs on systems (or compart-
ments) of ECM interactions being globally active or
not, projecting ECM quantities into a space where
mechanisms of co-regulation, co-repression or co-
evolution can be identified. Recent works defining
the landscape of ECM networks [16,17] and the
availability of large open data can, in this context, be
used to develop a maximum theoretical model listing
all the interactions expected to potentially exist, with
good confidence, in a system. From this theoretical
model we can derive, per each tumor of interest, the
connections that are best supported by data and
remove the other, obtaining specific ECM network
configurations in the same way a sculptor carves a
block of marble to “reveal” the final figure.

Following this idea, we have developed MatriNet
(www.matrinet.org), the first database enabling the
investigation of tumor-specific and pan-cancer ECM
network modules and differential interaction pat-
terns. These modules, in return, offer both a global
view of which proteins are co-present or -absent in
one or multiple tumors and also what is the strength
of the association between any element of the mod-
ule, thus identifying different “preferential connec-
tions” in otherwise similar interactomes and
cancers. In its current implementation (v0.1), Matri-
Net is a proof-of-concept, as it uses a small set of
ECM interactions that spans the lysysl oxidase
(LOX) and the syndecan (SDs) interactome [18,19].
To calculate the likeliness of the presence or
absence of any connection within these interac-
tomes, we used protein profiles from The Human
Protein Atlas (THPA) [20]. THPA profiles are a

convenient form of data, as they are a direct repre-
sentation of the quantity of the various ECM proteins
they refer to across the different neoplasms. On the
other hand, THPA profiles present additional chal-
lenges over unidimensional formats (e.g., gene
expression or protein abundance values), as they
represent quantitative distributions of staining
across four “levels” (High, Medium, Low and
Absent). This means that, to make sense of them, a
model needs to “orient” the data in the direction of
the levels (High is more than Medium, which is more
than Low, which is more than Absent) and calculate
the shape of the overall distribution accordingly.
Next, the theoretical network model can be updated
by comparing the distributions of each pair of inter-
acting proteins and evaluating the association
between them. Interactions with high strength will
demark areas of the network where proteins co-
occur at similar levels in the same samples, while a
diminishing strength will denote a loss of co-regula-
tion and, thus, a relative “unlikeliness” of the interac-
tion to occur. Furthermore, using the notion of
strength across entire networks, new similarities and
specificities can be observed for multiple tumors,
offering an unprecedented and systematic view of
the ECM interactome.

Results

MatriNet is implemented as a freely-browsable,
responsive database available at www.matrinet.org.
We have built this resource to enable any matrix
biologist to access, analyze and download the struc-
ture of ECM networks across cancers through a set
of 3 major standalone tools (MatriNet GX, LX and
CX) that can be accessed separately from the Matri-
Net home page.

The leading idea behind MatriNet is to superim-
pose known ECM protein-protein interaction (PPI)
networks with quantitative data on each of the node
(protein) involved. Each PPI (edge of the network)
marks a “possible” or “expected” interaction between
two ECM proteins, and the association between the
quantities of the two proteins informs on the “likeli-
ness” of such interaction to exist in the network. Intu-
itively, the higher this value the more likely it is that
the two proteins will co-exist and interact in a given
tumor’s microenvironment, and vice versa. With
MatriNet, this analysis can be extended to entire net-
works and, also, used as a starting point to identify
(and quantify) similarities and differences among
cancers that could not be determined otherwise. A
schematic view of how MatriNet works is presented
in Fig. 1.

The MatriNet homepage. Clicking www.matrinet.
org forwards users to the homepage showing our
logo and, below, buttons for the 3 tools available for
analysis and a project information section. A set of
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Fig. 1. Schematic view of the MatriNet database. The MatriNet database is built around 3 tools (GX, LX and CX), which
enable the study of single-tumor and pancancer protein-protein association strength across the whole extracellular matrix
(ECM) network connectome. The three tools focus on different “levels” of the overall network structure (“subject of the
analysis”), employing different algorithms (“methods”) to generate tabular and graphical results (“results and outputs”)

that can be exported from the user.

tutorials for each tool is provided below the applica-
tion buttons. Each analytical tool is standalone and
can be launched independently from the homepage.

The MatriNet GX tool. MatriNet GX (where G
stands for graph) is the first tool presented by our
database and is meant for the exploration of the net-
work structure. The network visualized by default is
the “baseline” network sourced from MatrixDB, over-
layed with squares of different colors mapping the
major subnetworks defined as the neighborhoods of
(interactions impinging on) LOX, SDC1, SDC2,
SDC3 and SDC4. The network is responsive to user
inputs, nodes can be moved freely and the network
structure rearranged by means of filtering interac-
tions below or above a user-selected threshold or
interval. Also, double-clicking a node selects its
neighborhood (all other ECM proteins it is directly
linked with) and the rest of the network discarded for
easier visualization, and selection of connections
can also be obtained by ctrl-clicking any given node
or shift-clicking an area of the network. With the nav-
igation panes on the left and right, parameters per-
taining to nodes (proteins) and links (interactions)
can be tweaked, filtered, their visibility toggled on
and off, etc. Finally, the edge list corresponding to
the network being visualized can then be down-
loaded via the small triangle button at the bottom of

the tool and, directly below it, a small information
stripe explains the main input and output of the tool,
its tweakable parameters and how they affect visual-
ization.

This tool is meant for the visualization of the total
network in a specific tumor type, selected via the
navigation pane on the left. The landscape of edge
weights (“strength” of PPI, equal to the association
between any given two proteins) across the network
can be explored on a continuous scale with the
slider on the left, and all edges outside of the
selected range are disconnected from the network.
The purpose of this tool is not to suggest a most-
trustworthy or -stable network structure as a function
of a given edge strength value. Rather, this tool ena-
bles at a glance the visualization of nodes whose
connectivity remains stable or varies at different lev-
els of strength and which connect the most proteins
within and across neighborhoods. Also, this tool
enables the download of calculated edge strengths
and node features (such as the degree) of the nodes
and edges selected, providing an immediate access
to the actual data the user is looking at.

Usage example: user selects breast cancer and
investigates how connections change at different
levels of edge strength, for example an interval
0.75—1.00 . Using this specific range of weights, the
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user will notice that (1) LOX-cluster is now discon-
nected completely, the majority of the communica-
tions between SDC1 and the other main network
cluster have been disaggregated, except for the con-
nection between SDC3. The similar type of pattern
can be found by repeating the analysis for the endo-
metrial cancer. Surprisingly, despite its similarity in
tissue of origin with the ovarian cancer, the connec-
tion between SDC1 and LOX is formed between
COL1A1 and COL1A2 proteins, the former of which
is also connecting SDC1 and LOX in the cervical
cancer. Therefore, it might These neighborhoods
and their connections can be further evaluated in
the LX tool accompanied with external databases
such as CBioPortal (https://www.cbioportal.org/) to
further investigate their practical relevance. .

A tutorial portraying the use of MatriNet GX can
be further found in the MatriNet homepage, and a
more exhaustive introduction to the use of MatriNet
(with examples) is available at https://pdfhost.io/v/
cF8.WZdAE_Introduction_to_MatriNet_vO1.

The MatriNet LX tool. MatriNet LX (where L
stands for local structures) is the second tool in the
workflow and is tailored to the identification of “net-
work modules” across any of the 20 tumor types
available. This tool generates two graphs at the
same time, allowing to focus on two aspects of the
same query or to compare two different queries.
Briefly, the first graph automatically selects all the
proteins directly connected to any of the “subnet-
work centers” (chosen via the menu on the right) -
that is, the neighborhood of the query - and returns
the association between the chosen center and all
the proteins connected with it. The higher the value
the more likely a protein is part of the selected sub-
network (and, as such, could be back-found in the
total ECM network by MatriNet GX), and vice versa.
The second graph considers shortest paths - that is,
it identifies all proteins other than the neighborhood
which are indirectly connected with the chosen cen-
ter via intermediate nodes (the neighborhood of the
center, the neighborhood of the neighborhood, etc.).
Given the level of interconnection of the background
model, the choice of the shortest path (the shortest
“‘walk” from the subnetwork center to a far away
node) gives smaller values to those distant nodes
which are “most influenced” from the chosen center,
while feeble - though possible - distant network inter-
actions/effects are given a maximum distance value
of 1. Hence, in the first graph, the strength of con-
nections within a subnetwork is reported, while in
the second graph the influence of a node across the
whole network is reported. The comparison of
strength values across cancers in the first graph
highlights which ECM proteins are likely connected
to a center and which aren’t, evidencing the local dif-
ferences in the structure of tumor ECM networks.
Conversely, the second graph allows the evaluation
and the identification of strong and weak

associations across the entire network, whose
effects might be important in shaping the total con-
nectivity of the tumor matrisome network.

Usage example: user selects glioma, breast, cer-
vical, endometrial and ovarian cancers from the left
menu and then chooses SDC17 as the center from
the drop-down menu on the right. The graph will dis-
play five curves of different colors (user can further
smooth them via the selector on the right) which
largely overlap but for within two areas on the left
and right sides of the middle of the graph, curves are
separating from each other as both glioma and
breast cancer curves dip down significantly. Zoom-
ing into this area, the user will find GMEBS1-2 pro-
teins connecting SDC1 with the SDC2 and FYN
connecting SDC1 and SDC3 (the left dipping point).
Moreover, all other syndecans (SDC2-4) are located
right below the other differentiating region on the
right. On the other hand, the LOX centered cluster is
completely disconnected from the rest of network in
the breast cancer and only loosely connected
through COL1A1 and COL1A2 within endometrial,
cervical and ovarian cancers. In the Glioma network,
however, LOX is tightly interacting with SDC1 clus-
ter, not only via COL1A1-2, but also through MMP2
and PLG proteins. We discuss this further in the Dis-
cussion section.

Moving to the second graph, and again selecting
SDC1 as the center, cervical, endometrial and ovar-
ian cancers appear aligned one after another half-
way through the y-axis. A bright azure/white area
(indicating stronger “distant effects” of this center) is
found towards the end of the x-axis and, by zoom-
ing, the user will appreciate the higher influence of
SDC1 on, e.g., plasminogen (PLG) in endometrial
cancers than in the other. Noticing that PLG con-
nects SDC1 to LOX and recalling from above that
other important connection between these two cen-
ters, such as MMP2, are likely lost in breast cancers,
it can be suggested that SDC1 accounts for the most
of the interactions with PLG in this tumor while the
same protein is “shared” between different areas of
the ECM interactome in other neoplasms.

A tutorial portraying the use of MatriNet LX can be
further found in the MatriNet homepage, and a more
exhaustive introduction to the use of MatriNet (with
examples) is available at https:/pdfhost.io/v/cF8.
WZdAE_Introduction_to_MatriNet_vO1.

The MatriNet CX tool. MatriNet CX is the third
and last tool in the workflow, built to cluster tumor
types using network— and non-network—based
approaches (Fig. 1D). A non-network—based
approach only uses protein expression profiles, with
no regard as to whether the proteins being analyzed
interact or not and, thus, likely co-occur or not. Clus-
tering tumors this way can, at best, identify similari-
ties based on global expression pattern profiles. On
the other hand, network—based approaches also
consider the eventual connections (PPl) between
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the proteins being evaluated and groups more
closely tumors with similar local structures within the
ECM network.

This tool is meant to evaluate the amount of simi-
larity and differences among tumors given the
underlying data distributions (expression profiles)
and/or the network structure encompassing the
data. The expression profile-based clustering is
what, generally, a user would get from the THPA
data with no consideration to the known interactions
among these proteins. The network—based
approaches, conversely, give high importance to the
connections within the network, hence to the co-
occurrence of expected interacting pairs and/or the
connections between subnetworks. In this respect,
the tool provides two alternatives that can be chosen
via the selector on the right: a “network edge-weight
model”, which considers only directly interacting
pairs, and a “network flow model” that, much like the
second graph in MatriNet LX, also considers how
strongly each subnetwork connects to any other
reachable one as the direct estimation of the associ-
ation between any two nodes that can be connected
by the shortest walk over the network. Immediately
below, a heatmap reporting the absolute difference
in the strength of connection of any ECM protein
with its center across all cancers is shown, to ease
glancing at the most different subnetwork structures
which are likely to have a major impact in driving the
network-based clustering algorithms and, poten-
tially, hold a particular biological significance.

Usage example: user selects “Expression-profile
model” from the selector on the left and notices that
cervical, endometrial and ovarian cancers are sepa-
rated from each other, clustering in what seems a
random order with other carcinomas and generating
a heatmap whose most common value is zero
(hence, no similarity across tumors). This is the
model that would be obtained from the protein
expression profiles per se, without consideration
to local or distant network structures. Subse-
quently, the user selects “Network edge-weight
model” (a model that gives more importance to
neighborhood connectivity) and “Network flow
model” (a model that gives more importance to
total - neighborhood and distant - connectivity)
and notice that meaningful clusters appear, with
endometrial, cervical and ovarian tumors never
being too far apart.

Scrolling down to the differential networks tool,
the user selects cervical and endometrial cancers
from the drop-down menu on the left and notices
an azure/blue square - indicative of large differen-
ces between the two tumors - in the upper left
corner of the heatmap, corresponding to the
SDC1 neighborhood. Again, zooming, the same
genes already identified before appear, with the
largest difference mapping to PLG, as discussed
before.

A tutorial portraying the use of MatriNet CX can be
further found in the MatriNet homepage, and a more
exhaustive introduction to the use of MatriNet (with
examples) is available at htips://pdfhost.io/v/cF8.
WZdJAE_Introduction_to_MatriNet_v01.

Discussion

Since Paget’s pioneering idea of “bad seed in a
bad soil” to explain tumorigenesis [21], ECM has
been recognized as a fundamental player in all the
steps of the oncogenic process and much efforts
have been devoted to the identification of ECM com-
ponents within the TME and their functional rele-
vance [6,22]. A particular aspect of interest, poorly
studied, remains however the system-level organi-
zation of the tumor ECM, both at the quantitative
and qualitative level. In this regard, MatriNet is a first
attempt at visualizing and analyzing how ECM net-
works vary across cancers as a function of protein
quantity.

Starting from THPA protein staining profiles [20]
and MatrixDB network structures [17], MatriNet
uses an estimator based on the Kullback-Leibler
divergence [23] to evaluate association between
ECM proteins (the co-occurrence of two proteins) in
any of the 20 tumor types for which data are avail-
able in THPA. These data are then presented to
researchers, allowing for: (1) the visualization of PPI
strengths in a tumor, showing which parts of the
ECM network are most strongly connected and
which are not; (2) the comparison of local network
structures (subnetworks) across cancers, enabling
the immediate spotting of proteins which are likely
present in a given tumor type’s subnetwork but miss-
ing in another tumor type, and (3) the evaluation of
similarities between tumors that are driven by net-
work structures rather than data per se.

Using MatriNet, local and global patterns of ECM
networks can be easily identified and used as a
starting point for further analyzes. For example, a
researcher could use our database to evaluate simi-
larities and differences among tumors with overlap-
ping cell- and tissue-of-origin patterns [24], such as
endometrial and cervical cancer or prostate and tes-
tis cancer. In both cases, MatriNet CX network-
based tools are the only able to appropriately cluster
these tumors according to their tissue/system-of-ori-
gin, while the model built solely on ECM protein
quantity fails poorly. From this starting point, the
researcher could use MatriNet LX to visualize simi-
larities and differences across the network centers,
discovering that, e.g., the LOX- and SDC7-subnet-
work profiles of endometrial and cervical cancers
are largely different while the SDC2-, SDC3- and
SDC4-subnetwork are essentially similar. Hence,
focusing on the differences within the LOX subnet-
work, the researcher could immediately notice the
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much stronger association of COL1A2 with LOX in
endometrial cancers than in cervical ones, in line
with recent observations in patients, in vitro and in
silico [25—27]. Similarly, researchers could appreci-
ate the large difference in the association of
ADAM17 with the subnetwork center (SDC4) in the
two tumors, a difference that reflects findings on the
role of this molecule in cervical cancers [28]. Further,
more systematic observations can be made by look-
ing at the absolute difference plot in MatriNet CX,
facilitating the exploration of fine details within the
subnetworks and the generation of novel hypothe-
ses.

MatriNet is in its initial development stage and will
be expanded with future releases to accommodate
more data and interactions. We strongly encourage
user feedback and hope the ECM community will
volunteer to provide further data and ideas to imple-
ment new functions. A fundamental limitation of
MatriNet in its current version (v0.1) is the size of
the underlying network, covering only a part of the
total ECM interactome available from MatrixDB, and
the use of only one source (THPA) and one type
(antibody staining profiles) of data to evaluate the
co-occurrence of ECM proteins. We are currently
working on scaling up MatriNet to all interactions
provided by MatrixDB as well as on the integration
of gene expression and clinical data from The Can-
cer Genome Atlas (TCGA) [29,30] and continuous
protein abundance values from the MatrisomeDB
[31], to more accurately and more widely analyze
ECM network dynamics (eventually, at the proteo-
genomics level) across cancers. With the scaling up
of the database, we will also implement a looser pol-
icy in centering the network, allowing users to freely
choose any protein as a “subnetwork” center.
Another tool currently in development will allow for
the comparison of networks between tumors and the
corresponding healthy tissues, to provide a differen-
tial view [14,32] that could help in further prioritizing
local ECM network structures with high specificity to
a given tumor. Furthermore, we foresee the imple-
mentation of longitudinal studies and spatial infor-
mation in future releases of MatriNet which is still in
its initial development stage and very open to contri-
butions from the ECM community.

In conclusion, we believe that the MatriNet
database offers a new perspective on tumor ECM
networks which complements existing databases
[17,31] and supports a data-intensive approach to
the identification of ECM interaction patterns in
cancer.

Experimental procedures

Data. Staining intensity profiles based on immu-
nohistochemistry using tissue micro arrays for the
human proteome are sourced from the latest version

of The Human Protein Atlas (THPA, http://www.pro-
teinatlas.org) version 21.0, Ensembl version 103.38
at the moment of writing [20]. ECM networks are cre-
ated from the interactions (edges of the network)
present in the MatrixDB database (http://matrixdb.
univ-lyon1.fr) [17]. In the current release of MatriNet,
the following MatrixDB interaction networks have
been used: “Interaction network of the propeptide of
lysyl oxidase” - Interactome of LOX Propeptide [19]
and “Interaction network of the four syndecans” -
Interactome of Syndecans [18], though we plan on
expanding the network to all connections available
in MatrixDB in future releases.

Database implementation. MatriNet is hosted by
shinyapps.io (http:/www.shinyapps.io/). The pro-
gram is written as a mixture of R, Python, C++, and
JavaScript programming languages to ensure a sta-
ble and adaptive maintenance environment for con-
trolling version and module updates, as well as
scalability. Some of the results are pre-calculated
with Python and C++.

Edge weight calculation with entropy esti-
mates. The standard data format for typical network
model estimation is to have P columns, each of
which refers to an individual protein, as well as N
rows consisting of sample-specific expression val-
ues for each protein [33]. Staining profiles from
THPA are compositional, i.e., they only represent
quantitative distributions of staining across four “lev-
els” (High, Medium, Low and Absent), and thus
unusable for the purpose of covariance analysis and
classical maximum likelihood-based approaches
[34].

To circumvent this limitation, we resorted to infor-
mation geometry [35] and developed an association
measure based on the Kullback-Leibler (KL) diver-
gence [23] between two frequency distributions. In
simple terms, KL divergence evaluates the amount
of information Jost if the expression profile of one
protein is used to approximate the expression profile
of another protein. This implies that the KL diver-
gence measure for completely identical distributions
is equal to zero and increases with more diverging
expression profiles [35]. The original version of KL
divergence is, however, inapplicable to the estima-
tion of network models because of its asymmetry in
respect to the order of input distributions (the KL
divergence between protein A and protein B,
KLDoa — pB, is not the same as its reciprocal,
KLDpg — pa)- In MatriNet, we implemented a recur-
sive approach to overcome this limitation. First,
each individual edge weight in the network was
defined as the average of KLDs calculated sepa-
rately for both directions (KLD,a _ s and
KLDpg . pa), to get the information radius between
two expression profile distributions (also known as
the Jensen-Shannon, JS, divergence), the outcome
of which is demonstrably a symmetric, bounded ([0,
1]) modification of the KL divergence [36,37]. Next, a
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new estimator was developed as the inverted inter-
pretation of JS divergence (1 - JS divergence). While
the JS divergence converges towards zero as the
similarity of input distributions increases (by the defi-
nition of KLD), the new estimator converges towards
one as the similarity of input distributions increases,
matching the standard definition of edge weights in
weighted networks as based on similarity measures
(i.e., larger edge weight values are associated with
stronger associations between nodes). Finally, the
new estimator was applied to the calculation of all
tumor-specific network edge weights from the pro-
tein expression profiles, enabling the interpretation
of each edge weight as an analogous to the absolute
value of a standard correlation coefficient.

The edge weight clustering model in the MatriNet
CX model is simply based on computing the Frobenius
norm (FN) over the differences of weighted adjacency
matrices between tumors [38]. The values appearing in
the heatmap are then calculated as 1 - FN to imply that
tumor pairs with the smallest amount of network differ-
ences (higher similarity) have the largest values [39].
The same measure is used for network flow clustering
model, but the original weighted adjacency matrices
are replaced with matrices representing shortest
weighted distances (sum of weights) between any
given pair of proteins [40].

The complete array of analytical procedures
employed in MatriNet is available in the dedicated
GitHub page (see Data availability)

Data availability

All pre-processing and analytical procedures are
open access and available at https://github.com/Izzi-
lab/matrinet.
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