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Abstract
ACSN (https://acsn.curie.fr) is a web-based resource of multi-scale biological maps depicting molecular processes in
cancer cell and tumor microenvironment. The core of the Atlas is a set of interconnected cancer-related signaling and
metabolic network maps. Molecular mechanisms are depicted on the maps at the level of biochemical interactions,
forming a large seamless network. The Atlas is a "geographic-like" interactive "world map" of molecular interactions
leading the hallmarks of cancer as described by Hanahan and Weinberg. The Atlas is created using the systems biology
standards and therefore is amenable for computational analysis. The maps of ACSN are organized in a hierarchical
manner and decomposed into functional modules with meaningful network layout. Navigation of the ACSN is intuitive
thanks to the Google Maps-like features in the NaviCell web platform. Particularly, the exploration of the Atlas is
simplified due to the semantic zooming feature, allowing the user to visualize the seamless Atlas and individual maps
from the collection at different levels of details. The resource includes tools for visualization and analysis of molecular
data in the context of signaling network maps. In this chapter we present how a disease-specific resource such as the
Atlas of Cancer Signaling Network (ACSN) can be useful to study and interpret molecular perturbations in cancer,
among others, explaining drug resistance, suggesting intervention points, finding phenotype shifts through disease
progression, explaining susceptibility to a particular type of cancer and studying disease comorbidities.
Nomenclature
ACSN: Atlas of Cancer Signaling Network
CAF: Cancer associated fibroblast
EMT: Epithelial to Mesenchymal Transition
GSEA: Gene Set Enrichment Analysis
MCS: Minimal cut sets
PARP: Poly-ADP-ribose polymerase
SL: Synthetic Lethal
TNBC: Triple Negative Breast Cancer

Introduction
Carcinogenesis represents the aberrant functioning of a complex network of molecular interactions and processes,
such as the cell cycle, regulated cell death, DNA repair and replication, cell motility and adhesion, cell survival
mechanisms, immune processes, angiogenesis, tumor microenvironment, and many others. These processes are
collectively or sequentially involved in tumor formation and modified as the tumor evolves (Hanahan and Weinberg,
2011).
The scientific literature often suggests that, in pathological situations, the normal cell signaling network is altered by
deregulated coordination between pathways or disruption of existing molecular pathways, rather than by creating
completely new signaling pathways. The most common abnormalities in pathological situations are perturbations at
the gene expression level, protein abundance or protein posttranslational modifications, irregular ‘firing’ or silencing
of particular signals, wrong subcellular localization of particular molecules and so on. Such quantitative rather than
qualitative network changes, compared with the normal cell signaling, could be studied in the context of
comprehensive signaling networks by analyzing experimental data obtained from tumor samples, patient-derived
xenografts, cancer-related cell lines or animal models. This approach helps to understand the interplay between
molecular mechanisms in cancer and to decipher how gene and protein interactions govern the hallmarks of cancer
(Hanahan and Weinberg, 2011) in specific settings.
Despite the existence of a large variety of pathway databases and resources (Chowdhury and Sarkar, 2015), only few
of them are cancer-specific, and none of these resources depict the processes with enough granularity. In addition,
pathway browsing interfaces are becoming more important for cancer researchers and clinicians however, further
improvements are required.
Therefore, we constructed a resource, the Atlas of Cancer Signaling Network (ACSN, http://acsn.curie.fr), a web-based
multi-scale resource of signaling network maps depicting molecular processes in the cancer cell and tumor
microenvironment. These signaling network maps are organized by themes, each describing a major signaling
mechanism, and are bound together in the form of a global map that we call “Atlas”. The construction and update of
ACSN involves manual curation and mining of the literature in cellular and molecular biology, together with the
contribution of experts in those fields. The cell signaling mechanisms are depicted using the CellDesigner tool (Kitano
et al., 2005) at the level of biochemical interactions, assembling a large seamless network. The ACSN is applicable for
data visualization, pathway definitions, and structural analyses, suitable for systems medicine (Kuperstein et al., 2015).
The cell signaling mechanisms are depicted in great detail, creating together a map of molecular interactions,
presented as a global ‘geographic-like’ representation. ACSN has a hierarchical structure; each map is divided into
functional modules, corresponding mainly to canonical signaling pathways. Currently the Atlas is being extended with
additional maps depicting other important processes in the cancer cell as well as the components of the tumor
microenvironment. An additional level of complexity will be added to the Atlas in the near future, representing
different types of cells surrounding the tumor, and their interplay, to enable modelling of complex phenotypes.
The navigation and website availability of ACSN is possible thanks to NaviCell web platform. NaviCell
(https://navicell.curie.fr) is a web-based environment empowered by Google Maps (Kuperstein et al., 2013). The maps
generated with CellDesigner can be integrated in NaviCell, and the navigation features such as scrolling, zooming,
markers, callout windows and zoom bar, are adopted from the Google Maps interface. The NaviCell web service can
be used to import and visualize expression data (for molecular entities such as mRNAs, proteins, and miRNAs), gene
copy-number data, mutation data and simple gene lists, such as small interfering RNA (siRNA)-based screening hit list.
In a more elaborated situation, a weighted gene list can be visualized such as the distribution of mutation frequencies
observed in multiple cancers. NaviCom (https://navicom.curie.fr) is a platform to generate interactive network based
molecular portraits using high-throughput datasets. Additionally, NaviCom connects with the cBioPortal database

(www.cbioportal.org) (Cerami et al., 2014) and NaviCell web service, and it allows to display various high-throughput
data types simultaneously on the network maps in a user-friendly way (Dorel et al., 2017).
ACSN is a unique resource of cancer signaling knowledge, with a vast amount of information embedded and organized.
Together with NaviCell, it is optimized for integration and visualization of cancer molecular profiles generated by highthroughput technologies, drug screening data or synthetic interactions studies. The integration and analysis of these
data in the context of ACSN may help to better understand the biological relevance of results, guiding scientific
hypotheses and suggesting potential therapeutic interventions for cancer patients. Data visualization, network and
pathway definitions, structural analysis and large genomic studies are just few of the available applications of ACSN;
however, we will use some examples from those fields to demonstrate the ACSN’s reach.
This chapter is organized into four sections, dedicated to applications of ACSN in systems medicine. We present here
how a disease-specific resource like ACSN can help to study and interpret molecular perturbations in cancer, among
others, explaining drug resistance, suggesting intervention points, finding phenotype shifts through disease
progression, explaining susceptibility to a particular type of cancer and studying disease comorbidities.

ACSN applications for data omics analysis and visualization
Explaining the synergistic effect of combined treatments in breast cancer
Synthetic lethality (SL) provides a conceptual frame to develop cancer-specific drugs. This classical paradigm describes
SL interactions as a phenomenon where combinations of two gene deletions significantly compromise cell viability,
whereas the deletion of one of those genes does not. Targeting the SL partner allows the selective killing of the tumor
cells. Due to the complexity of signaling mechanisms occurring in cancer simultaneously, the SL pair paradigm should
be extended to the SL sets or combinations paradigm (Garg et al., 2013), (Huang et al., 2014).
DNA repair inhibitors are holding promises to improve cancer therapy. For example, PARP inhibitors, which act as SL
with BRCA deficiency, appear less efficient in patients with active Homologous Recombination (HR) repair mechanisms
(Lord et al., 2015). During treatment, some tumors escape the elimination through compensatory mutations that
restore the HR activity or stimulate the activity of alternative repair pathways. Therefore, a new class of DNA repair
pathways inhibitors (Dbait or AsiDNA, a Dbait derivative) has been recently developed, consisting of 32 bp
deoxyribonucleotides DNA double helix that mimics double-strand breaks (DSB). It acts as an agonist of DNA damage
signaling, thereby inhibiting DNA repair enzyme recruitment at the damage site (Quanz et al., 2009). However, studies
on the effects of Dbait on multiple types of cancer cell lines show occurrences of resistance in a cancer typeindependent manner.
Depending on the genetic background, different breast cancer tumors vary in their sensitivity to DNA repair inhibitors,
as PARP inhibitors and AsiDNA. Triple negative breast cancer (TNBC) cell lines were studied for their sensitivity to
AsiDNA, the derivative of Dbait DNA repair inhibitor, and Olaparib, the PARP inhibitor. Different TNBC cell lines show
a wide distribution of response/resistance to these drugs, despite the fact that these cell lines are related to the same
disease type. Integrative analyses of omics data (mRNA expression, copy number variations and mutational profiles)
from these cell lines were performed, retrieving non-overlapping unique gene sets robustly correlated with resistance
to each one of the drugs. Enrichment analysis of the omics data in the context of ACSN maps highlighted dysregulated
functional modules across ACSN, associated with resistance to each one of the drugs allowing establishing drug
resistance network-based molecular portraits. This analysis confirmed that different specific defects in the DNA repair

machinery are associated to AsiDNA (Figure 1A) or Olaparib (Figure 1B) resistance. Importantly, it showed involvement
of different compensatory DNA repair mechanisms in cell lines resistant to AsiDNA when compared with cell lines
resistant to Olaparib (Figure 1D), suggesting a rationale to combine these two drugs. The synergistic therapeutic effect
of the combined treatment with AsiDNA and PARP inhibitors in TNBC has been experimentally confirmed, while sparing
the healthy tissue (Figure 1C) (Jdey et al., 2017).

Figure 1. Restoring sensitivity of TNBC cell lines to DNA repair inhibitors. Visualization of expression, copy number and mutation
profiles of TNBC cell lines resistant to (A) AsiDNA or (B) Olaparib on the DNA repair map. (C) Cell survival rates to combination of
AsiDNA and Olaparib, with AsiDNA 1 (black line), without AsiDNA (grey line); dashed lines indicate calculated cell survival for
additive effect of both drugs. (D) Representation of inhibitory mechanisms of AsiDNA and Olaparib. Base excision repair (BER), HR,
NHEJ, Alt-NHEJ Red-up-regulated and green to down-regulated functional modules. (Adapted from Jdey et al., 2017)

Cell type-specific signaling network maps help to reveal signatures of cell heterogeneity and
polarization in tumor microenvironment
The molecular complexity of tumor microenvironment (TME) creates a bottleneck in interpretation of cancer omics
data. To address this challenge, we demonstrate that systematic graphical representation of cell type-specific
molecular mechanisms governing polarization of different TME components is an important step in data
interpretation. To describe the balance between components of the TME and to analyze impact of non-immune cells
as cancer associated fibroblasts (CAF), information on related molecular mechanisms was systematically collected and
represented in a form of a comprehensive network map. The modular map covers the main functions of CAFs in cancer
as interactions with extracellular matrix components, signaling coordinating involvement of CAFs in tumor growth and
interactions of CAFs with immune system in TME. The CAF network map contains eleven functional modules, showing
mechanisms associated with pro-tumoral CAF activity.

The analysis and interpretation of gene expression patterns from breast cancer CAFs samples in the context of the
network map helped to characterize different CAF subsets with distinct molecular properties (Costa et al., 2018). The
enrichment analysis of transcriptome data using the gene sets from functional modules of CAF map highlighted that
CAF-S1 subset exhibits a high expression of immune signatures, including cytokines production and modulation of
regulatory T lymphocytes (Tregs), promoting an immunosuppressive microenvironment. Whereas, CAF-S4 subset
exhibits matrix regulation and motility mechanisms, indicating that the CAF-S4 subset most probably modulates
properties of extracellular matrix and facilitates tumor invasion. These results where visualized on the maps by using
the “map staining” technique that displays the loaded data at the background of the map as described in Bonnet et
al., 2015). These stained maps serve as indicators of the processes that might be more or less active by the coloring in
the different zones of the map and help to interpret enrichment results from the biological point of view (Figure 2).
The application of this systems biology resource for identification of CAFs subset in breast cancer has a broader context
for studying different components of TME.

Figure 2. Visualization of transcriptome profiles for (A) CAF-S1 and (B) CAF-S4 in the context of cell type-specific CAF map. Red
highly expressed and green lowly expressed functional modules. Boxes represent differentially expressed modules related to
interactions with the immune system.

Regulated Cell Death Map in disease comorbidity studies
Based on experimental data retrieved from literature, an integrated signaling network of a Regulated Cell Death (RCD)
map has been constructed. The RCD map was applied to explore the differences in cell death regulation between
Alzheimer’s disease (AD) and lung cancer. AD is a disease where neurodegeneration acts as the main trigger of
cognitive decline and other symptoms (Sperling et al., 2011). Nevertheless, the precise molecular processes resulting
in neuron death remain uncertain. In order to explore if the regulated cell death mechanisms play a role in AD, we
analyzed gene expression data from different studies. Additionally, in several epidemiological and other studies, it has
been suggested that lung cancer has an inverse comorbidity (lower than expected co-occurrence (Tabarés-Seisdedos
and Baudot, 2016)) with AD (Musicco et al., 2013; Ou et al., 2012; Sánchez-Valle et al., 2017). Since cancer has been
described as a disease where cell survival is abnormally maintained, evading programmed cell death, the comparative
study of three lung cancer and AD datasets was performed.

Enrichment analysis of RCD map functional modules using gene expression data was performed using the ROMA
algorithm (Martignetti et al., 2016); deregulated molecular functions as well as the main players were compared. In
the AD data, the glucose metabolism, mitochondrial genes, as well as the oxidative phosphorylation and TCA cycle
modules were significantly over-dispersed in the three studies, whereas in the lung cancer data ER stress was the only
over-dispersed module across the three studies. Nevertheless, we found a downward trend in modules related to
mitochondrial function in AD cases compared to lung cancer. Interestingly, the oxidative phosphorylation and TCA
cycle module exhibits a trend to score higher in lung cancer than in AD (Figure 3).
Moreover, when we used the map-staining technique to visualize the aforementioned values, we identified additional
differences in the regulation of RCD-related processes between the two diseases. Namely, the pyroptosis module
appeared to be more active in AD vs. lung cancer. Experimental evidence has shown the Pyroptosis in AD to be a
response to the NLRP1 inflammasome (Kaushal et al., 2015) or NLRP3 inflammasome (Schmid-Burgk et al., 2016).
However, there are no studies correlating AD and pyroptosis directly in humans.
In addition, the visualization of data in the context of the RCD map highlighted a persisting activation of metabolicrelated modules, as well as ER stress processes in lung cancer in contrast to AD (Figure 3C-D). The literature suggests
that endoplasmic reticulum stress is as an adaptive response that could lead to either tumor growth or apoptosis in
tumors (Avril et al., 2017; Giampietri et al., 2015). In addition, this response has also been related to chemotherapy
resistance (Salaroglio et al., 2017). This study allowed identifying that metabolism-related modules are less active in
AD comparing to lung cancer. We concluded that the inverse comorbidity between these diseases implicates rather
metabolic pathways but further research is needed.

Figure 3. Comparison of transcriptomic profiles between Alzheimer’s disease and lung cancer using Regulated Cell Death signaling
map. A) Heatmap representing the average enrichment ROMA scores across the data sets used per group (AD: Alzheimer’s disease,
non-AD: non Alzheimer’s disease, LC: lung cancer, non LC: non lung cancer). B) Heatmap representing the disease average
enrichment ROMA after subtracting the non-diseased scores. Visualization of the enrichment ROMA scores, from figure B, on the
RCD map, for (C) AD and (D) lung cancer datasets. Red highly active and green lowly active functional modules.

ACSN applications for defining rewired pathways in cancer
ACSN as a source of informative signatures of cancer
ACSN can be used in various computational biology studies as a source of pathway definitions in terms of the sets of
genes composing them or the structure of the connections between pathway members. ACSN and other pathway
databases have been assessed regarding the value of pathway gene sets for downstream analyses, for example in
functional enrichment studies (Cantini et al., 2018). A formalism of informative signatures, using an unsupervised
approach to prioritize gene sets capable of defining a natural ranking of samples, has been developed for this purpose
(Cantini et al., 2018), and pathway definitions, both from knowledge-based databases like ACSN and from data-driven
approaches like MSigDB (C4 computational gene sets, (Liberzon et al., 2015) were assessed for their chance to obtain
significant enrichment scores in transcriptomic studies in cancer research.
With this aim, a large corpus of data composed of 8991 transcriptomically profiled tumor samples for 32 cancer types
from the Cancer Genome Atlas (TCGA, https://portal.gdc.cancer.gov/) was analyzed with 12096 definitions of
pathways from various pathway databases, including ACSN. Then the pathway definitions were ranked in terms of the

variance explained by the genes in the pathway, called eigen-genes, (overdispersion) and the spectral gap between
the first and the second pathway eigene values (overcoordination). (Martignetti et al., 2016). In a series of
computational experiments, it was demonstrated that ACSN pathways have a higher chance to obtain significant
enrichment scores when comparing typical groups of tumoral transcriptomes i.e., in normal vs cancer transcriptome
comparisons, or tumors of different stages. It was concluded that ACSN pathway definitions are relatively more
informative for cancer studies than the definitions coming from other knowledge-based pathway databases such as
REACTOME or KEGG (Figure 4A).

ACSN as a source of network for finding correlation between gene profiles
Definitions of pathways from ACSN have been used also for demonstrating the utility of several computational
methods. The Cytoscape plugin DeDaL (Data-Driven network Layout) provides an algorithm for constructing datadriven 2D network layouts, which simultaneously reflects the structure of the network of interactions and the
proximity between genes in the metrics defined by the omics data. This approach is useful for example, for finding
correlations between gene profiles in a cohort of patients (Czerwinska et al., 2015). An example of such data-driven
network layout for one of the pathways existing in ACSN, the Fanconi module of DNA repair map, is shown in Figure
4B.

Figure 4. ACSN applications for defining rewired pathways in cancer. A) ACSN as a source of informative cancer signatures in the
InfoSigMap. B and C) Examples of using ACSN in validating computational methods. B) Data-driven network layout of Fanconi
pathway structure taken from ACSN DNA repair map, produced by DeDaL Cytoscape plugin (Czerwinska et al., 2015). Colors here
visualize the t-test value for comparison the gene expression profile in basal vs non-basal breast cancers (green for downregulated

in basal subtype and red for upregulated). C) Application of the reduced Google matrix method for the analysis of AKT-mTOR
pathway from ACSN (Lages et al., 2018). Here the color of the edges shows either the sign of the regulation (green for inhibition
and red for activation) or inferred hidden interactions between pathway members (purple) or hidden interaction emerging in
cancer cells due to the changes in the underlying transcriptional network (light blue). The color of the node shows the sign of the
change of the global node PageRank in cancer cell vs normal cell.

Rewired pathways in leukemia cell lines
The Google matrix approach, based on a random walk method, is a well-established tool to analyze complex directed
networks. In systems biology, this approach can be applied to evaluate the features of signal propagation through a
pathway by considering a stochastic Markov chain with uniform non-zero restart probability along oriented edges of
the graph representing the global biological network. Following this framework, the inference of hidden causal
relations between the members of a signaling pathway or a functionally related group of genes, is possible.
A definition of the AKT-mTOR pathway from ACSN was used to validate the reduced Google matrix approach, aimed
at inferring hidden indirect connections between pathway members through the global interaction network (Lages et
al., 2018). By comparing normal lymphocytes with a leukemia cell line, it was demonstrated that certain parts of the
AKT-mTOR pathways have been indirectly rewired due to the changes in the underlying global transcriptional
regulatory network (Figure 4C).

ACSN network structure analysis applications to reveal key regulators of biological
processes
Finding metastasis inducers in colon cancer through network analysis
Invasion and metastasis, in particular in colon cancer, have been extensively studied in experimental models. The
mechanisms that trigger the process are still largely unknown, and the available mouse models of colon cancer are far
from being satisfactory (Hung et al., 2010; Trobridge et al., 2009). To generate an effective experimental mouse model
of invasive colon cancer, it is mandatory to understand the key players that lead to invasion. Since Epithelial-toMesenchymal Transition (EMT), a type of differentiation process where epithelial cells lose their polarity and acquire
a motile mesenchymal phenotype, is assumed to be an early event in the multi-step invasion process (Nieto, 2011),
understanding on/off mechanisms of EMT represents the starting point.
To identify the interplay between signaling pathways regulating EMT, a signaling network was created. This signaling
map
is
integrated
into
the
EMT
and
cell
motility
comprehensive
map
of
ACSN
(https://acsn.curie.fr/navicell/maps/emt_senescence/master/index.html). Structural analysis and simplification of the
EMT network highlighted the EMT network organization principles (Chanrion et al., 2014), which agree with current
EMT understanding (Fre et al., 2009; Knouf et al., 2012; Moes et al., 2012; Siemens et al., 2011). Based on those
features, network complexity reduction was performed using the Cytoscape plugin BiNoM (Zinovyev et al., 2008). The
reduced network contained the core regulatory cascades of EMT, apoptosis and proliferation that were preserved
through all reduction levels (Bonnet et al., 2013). This reduced network has been used for comparison between the
wild type and all the possible single and double mutant combinations that could promote EMT. The computational
analysis of the signaling network led to the prediction that the simultaneous activation of Notch Intracellular Domain
(NICD) and loss of p53 can promote an EMT phenotype. Furthermore, EMT inducers may activate the Wnt pathway,

possibly producing a positive feedback loop that will amplify Notch activation and maintain an EMT-like program
(Figure 5A-C). To validate this hypothesis, a transgenic mouse model was generated, expressing a constitutively active
Notch1 receptor in a p53-deleted background, specifically in the digestive epithelium. Importantly, green fluorescent
protein (GFP) expression linked to the Notch1 receptor activation allows lineage tracing of epithelial tumor cells during
cancer progression and invasion (Figure 5D). These mice developed digestive tumors with dissemination of EMT-like
epithelial malignant cells to the lymph nodes, liver and peritoneum, and they generated distant metastases (Figure
5E). Exploration of early EMT program inducers in invasive human colon cancer samples confirmed that EMT markers
are associated with modulation of Notch and p53 gene expression in a similar manner as in the mouse model (Figure
2F), supporting a synergy between these genes to induce EMT (Chanrion et al., 2014). The prediction of synthetic
interaction between Notch (NICD) and p53 demonstrated that there are alternative ways to achieve conditions
permissive of EMT, beyond those already described in literature. This result was not obvious from the previous data
and partially contradicts the commonly accepted dogma in the colon cancer field. Gathering together cell signaling
mechanisms may uncover unexpected interactions and lead to the finding of regulatory mechanisms of cell phenotypes
that might significantly affect our understanding of molecular processes implicated in cancer, hence changing
therapeutic approaches. Finally, the new EMT mice are a relevant model mimicking the invasive human colon cancer
and a system for therapeutic drug discovery (Inna Kuperstein et al., 2015b).

Figure 5. Prediction of synthetic interactions combination to achieve EMT. Mechanistic model of EMT inducers regulation
involving Notch (NICD), p53 and Wnt pathways in (A) normal and (B) double mutant with NICD overexpressed and p53 lost. (C)
Representation of regulation of three major cell states in colon cancer (cell death, proliferation and metastasis). Lineage tracing
by Notch1-GFP and immunofluorescent staining for EMT markers E-Cadherin (ECD), Vimentin and ZEB1 in (D) primary tumor and

(E) metastases in distant organs; (F) regulation of p53, Notch and Wnt pathways in invasive colon cancer in humans (TCGA data)
(Adapted from Chanrion et al., 2014).

Complex stage-specific interventions in the MAPK pathway to disrupt proliferative signaling
in bladder cancer
Structural analysis of biological networks might be useful to find the most optimal SL gene combinations, possibly more
than one pair, which might help to remove tumor cells more effectively (Acencio et al., 2013; Huang et al., 2014; Zeng
et al., 2014). The MAPK signaling network is coordinated with various processes implicated in cell survival and part of
the cell survival map in ACSN (https://acsn.curie.fr/navicell/maps/survival/master/index.html).
The strategy of the following study consists of (i) identification of tumor stage-specific active functional modules, i.e.
sets of MAPK signaling network components that are transcriptionally deregulated in bladder cancer (Grieco et al.,
2013) compared with controls, and (ii) computation of intervention sets of MAPK map components, whose disruption
blocks all the proliferative paths fostered by the identified active functional modules in bladder cancer (Inna Kuperstein
et al., 2015a) (Figure 6A). Differential gene expression levels were computed, using transcriptomics data of five
different bladder cancer stages. Regions of the map having high density of differentially expressed genes/proteins
were identified and scored by GSEA (Gene Set Enrichment Analysis) (Subramanian et al., 2005), being the highly scoring
ones assumed to likely indicate sources of proliferative signals in the tumor. If paths exist in the map from the
components belonging to any strongly activated network region to the node ‘Proliferation’, then presumably the
region contributes to the activation of cell division (Figure 6A). Using minimal cut sets (computed using the OCSANA
algorithm (Vera-Licona et al., 2013a) in the Cytoscape plugin BiNoM (Zinovyev et al., 2008), we removed sets of
proteins leading to blockage of the identified proliferative paths. In the less invasive Ta stage, two significantly
activated functional modules were identified (Figure 6B; stages Ta). One contains AKT serine/threonine kinase (AKT)
from the phosphatidylinositol-4,5-bisphosphate 3-kinase (PI3K) pathway that has been shown to be deeply involved
in bladder cancer (Askham et al., 2010). Inhibitors targeting this protein have been recently developed (Ching and
Hansel, 2010) and showed promising results. The second module contains the mitogen-activated protein kinase 7
(MAP3K7) protein, an upstream activator of mitogen-activated protein kinase 14 (p38) and mitogen-activated protein
kinase 8 (JNK), which is activated by three stimuli: the TNF receptor superfamily member 1 (TNFR1), the Interleukin 1
Receptor Type 1 (IL1R1) and the Transforming Growth Factor Beta Receptor (TGFbR), frequently up-regulated
pathways in Ta tumors. OCSANA results suggested that the de-phosphorylation of both p38 and MAP3K7 can block the
proliferative effects of MAP3K7- dependent functional module. In the analyzed data-set, the FGFR3 gene was found to
be strongly expressed in the stage Ta, less in the stage T1, whereas it has low expression in invasive stages. Strikingly,
the best intervention for Ta tumors consists in the disruption of both p38 and a downstream target of PI3K, AKT, that
was identified as the most contributing gene with highest differential expression level in the path for the studied dataset (Figure 6B). In the most invasive T2, T3 and T4 stages of bladder cancer, three up-regulated functional modules,
with high expression of receptor tyrosine kinase/extracellular signal–regulated kinase (RTK/ERK) signaling components
(Figure 6B) were detected. The OCSANA results point to the de-phosphorylation of both ERK and RAS as best
interventions to block proliferation, which is consistent with current developments of RAS- and ERK inhibiting drugs
for several cancer types (Cakir and Grossman, 2009).
The analysis suggested different interventions depending on the tumor stage. Network analysis using ACSN and
OCSANA can be performed for individual patient tumor profiles, leading to personalized treatment recommendations
(Grieco, 2013).

Figure 6. Analytical strategy for finding stage-specific interventions sets using detailed reaction network analysis and omics data.
(A) Detailed MAPK network map is shown with schematically indicated activated modules. Finding minimal hitting sets allows
cutting all paths (schematically shown by arrows) from the activated modules to the proliferation phenotype. (B) Stage-specific
activated modules detected in MAPK network using bladder cancer transcriptome data. Module enrichment score were computed
by the GSEA method. The most contributing leading-edge genes with highest differential expression level are highlighted by red.
The optimal hitting set lists from these gene elements of MAPK network, which on removal cuts all the paths from the
corresponding activated modules to the proliferation phenotype, were calculated using the OCSANA algorithm, and intervention
sets for each stage of bladder cancer were suggested. (Adapted from Grieco, 2013).

Finding signaling paths connecting PTP4A3 to metastasis
PTP4A3 (PRL-3) is able to modulate the key processes that lead to metastasis. This is achieved mainly by targeting
major signaling pathways, such as p53, MAPK, mTOR and STAT3, thus promoting proliferation, survival, angiogenesis,
motility, etc. In order to understand involvement of PTP4A3 in regulation of specific biological phenotypes that
collectively leas to metastasis, the information was first manually retrieved from the scientific literature and
systematically gathered together that resulted in a comprehensive signaling map.
In order to identify what paths from PTP4A3 reach and regulate various invasion phenotypes, the OCSANA algorithm
in BiNoM (Zinovyev et al., 2008), a Cytoscape plugin, was used. The network path analysis using OCSANA on the PTP4A3

signaling maps allowed extracting the main paths that lead to various phenotypes that then allow executing the
metastasis process. The identified paths in the networks guided further complexity reduction of the network, by
maintaining the first order connections, but removing un-related processes from the network. This reduction allows
understanding the organization principles of the map and to identify the key paths. In this way, the major players
connecting PTP4A3 and the six major phenotypes of interest (cell cycle, survival, angiogenesis, adhesion, cytoskeleton
remodeling, EMT and motility and invasion), were retrieved.
PTP4A3 is able to modulate the key processes that lead to metastasis. This is achieved mainly by targeting major
signaling pathways, such as p53, MAPK, mTOR and STAT3, thus promoting proliferation and survival. PRL-3 induces
angiogenesis via VEGF activation (Figure 7). A strong correlation between PRL-3 and Erk was shown; Erk is well known
to allow extracellular matrix adhesion. Even though the role of PTP4A3 on RhoGTPase is not clear (in some studies
PTP4A3 activates RhoA and in other the phosphatase down-regulates RhoA expression), PTP4A3 modulates RhoGTPase
to promote cytoskeleton remodeling but also EMT and motility, invasion and angiogenesis (Figure 7). The activation of
AKT by PTP4A3 is also well established and it promotes survival, EMT and motility, and invasion. Finally, one of the
most important players activated by PRL-3 is the kinase Src to promote invasion and metastasis. PTP4A3 also acts by
regulating some effectors directly. Indeed, the phosphatase regulates directly integrins, FAK and paxillin involved in
focal adhesions or MMPs involved in the degradation of extracellular matrix (Figure 7). PTP4A3 also modulates
cytoskeleton proteins such as Ezrin, stathmin and keratin 8 which each of them regulating actin, microtubules and
intermediate filaments respectively.
As PTP4A3 is involved in many cancers, this phosphatase appears to be a viable therapeutic target. Some PTP inhibitors
are currently used in research but some efforts must be implemented in order to obtain a selective component that
can be used in therapy. Worth to notice, these approaches are useful to identify downstream players, which can
represent potential targets for further therapeutic strategies.

Figure 7. Schematic representations of PTP4A3 (PRL-3) involvement in regulation of the six key phenotypes that collectively
contribute to metastasis process in cancer. Interaction diagrams of signaling paths between PTP4A3 to (A) Angiogenesis, (B) Cell
Adhesion, (C) Cytoskeleton Remodeling, (D) Cell Cycle, Survival and Proliferation, (E) Invasion and (F) EMT and motility.

Complex intervention gene sets derived from data-driven network analysis for cancer patients
resistant to genotoxic treatment
Genotoxic treatments, like Cisplatin, that induce un-repairable DNA damage and cell death specifically in cancer cells,
is often inefficient due to backup mechanisms in the DNA repair signaling. To overcome Cisplatin resistance in ovarian
cancer, synthetically interacting combinations of genes can be suggested.
A comprehensive map of cell cycle and DNA repair signaling network constructed from literature curation was used
for this study (https://acsn.curie.fr/navicell/maps/dnarepair/master/index.html). The map is composed of three
interconnected cell cycle, DNA repair and checkpoints layers covering the most recent knowledge on molecular
mechanisms implicated in these processes (I Kuperstein et al., 2015). A state transition graph has been derived from
the map including all paths leading to repaired DNA and genes regulating each step (Figure 8A). Using the OCSANA
algorithm for searching the minimal cut sets (MCS) on the state transition graphs, considering genes that regulate each
step as potential targets for interference (Vera-Licona et al., 2013b). MCSs whose knock-out completely abort DNA

repair were identified and suggested as potential intervention points (Figure 8B). The coherence of the method has
been validated using experimentally–proven SL pairs, verifying the enrichment of the SL pair in real vs. randomlygenerated (pseudo)-MCSs.
For selection of the best MCS to be targeted in patients, one needs to find those MCSs where part of the components
is already altered in the patient, allowing exploiting this background and targeting the remaining components in the
set, hence achieving synthetic lethality. MCSs were evaluated for each patient (TCGA ovarian cancer dataset) using
genomic, expression and mutation data integration and correlation with patient’s resistance/sensitivity to Cisplatin.
The top-correlated MCSs were ranked according for the mutation status of each gene. Those MCSs that were enriched
with genes harboring inactivating mutations were suggested as best intervention combinations to restore sensitivity
to Cisplatin by inhibiting the remaining ‘active’ genes in the set. This approach is relevant for complementing genotoxic
chemotherapy by targeting specifically cancer cells and exploiting certain defects in the DNA repair machinery in each
patient.

Figure 8. Intervention gene sets for Cisplatin-resistant ovary cancer patients. (A). DNA repair map. (B). State transition graph of
DNA repair map with regulators of each state transition (regulators of level 1).

ACSN applications in genomic studies
Finding susceptibility to papillary thyroid carcinoma development
An example of an association study, where ACSN was used to investigate genes involved in DNA repair, is a case of
radiation-induced cancer. Exposure to Ionizing radiation is a known cause of cancer, as they produce DNA lesions, and
DNA repair genes are at the front line for repairing the effects of those aggressive radiations on the genome. After the
Chernobyl nuclear power plant accident in April 1986, an important increase of thyroid malignancies was observed,
and in particular of Papillary Thyroid Carcinoma (PTC), in children and adolescent that were exposed to radioactive
fallout. We describe an interesting case of genetic association study on papillary thyroid cancer, where cases and
controls were both exposed to ionizing radiations after the Chernobyl power plant accident (Lonjou et al., 2017).
Belarusian children from the Gomel region (among the most contaminated areas of Belarus), participated to this study:
83 PTC cases and 324 matched and unrelated controls, all being younger than 15 years old at the time of the Chernobyl
nuclear accident.

This study shows that many genes, involved in distinct DNA repair mechanisms, might contribute to the susceptibility
to papillary thyroid carcinoma in children exposed to ionizing radiation, as this was the case after the Chernobyl
accident. This is a case where both, exposure to ionizing radiation (a known physical carcinogen) and genetic
background can result in the development of cancer. Sensitivity to ionizing radiation might be modulated by genetic
factors, which could explain inter-individual susceptibility to PTC in exposed individuals. If the children had not been
exposed to ionizing radiation, they would not have developed a cancer, so the exposure variable is of primary
importance. The genetic factors compound of the disease is (only) a modulating factor. ACSN is a useful resource to
study the DNA repair pathway, which is subdivided in 10 modules.
Usually, to gain power in a GWAS study, pooling data from Multi-center studies is done. When pooling data from
different origins, in addition to genetic heterogeneity due to different LD patterns, possible heterogeneity in exposure
might decrease the power to detect true causal mechanisms in the development of the disease. Ideally, cancer
association study design should consider exposure to environmental carcinogens, and always match controls to cases
with relevant exposition.
Few genetic studies have both cases and controls exposed to the same carcinogen. In the future, exposome studies,
collecting exposure data during all individual’s life, will be needed and help refine the importance of combination of
genetic background and environmental factors for cancer. Environmental systems epidemiology designed study will
be a huge step forward in precision medicine.

Visualization of transcriptome dynamics after inhibition of EWS/FLI-1 in cell lines
Ewing sarcoma is one of the most frequent forms of pediatric bone tumors. In the majority of patients, a chromosomal
translocation induces the expression of the EWS-FLI1 chimeric transcription factor that constitutes the major oncogene
in this tumor. The relative genetic simplicity of Ewing sarcoma makes it quite attractive to study cancer in a systematic
manner. Silencing EWS-FLI1 leads to cell cycle alteration and, ultimately, results in apoptosis. To study this
phenomenon, transcriptome time-series data after EWS-FLI1 silencing were used to identify core modulated genes
(Tirode et al., 2007). The transcriptomics data from this experiment depict the temporal changes in gene expression,
followed silencing expression of EWS/FLI-1 in mesenchymal stem cells by shRNA. There are in total 10 time points
measured during 17 days after EWS/FLI-1 silencing.
Visualization of the cell line transcriptome in the context of the whole ACSN allowed evaluating the global changes in
the transcriptome of the tumor cells depending on the status of the EWS-FLI1 (Figure 9). This visualization illustrates
the switch of a cancer cell state from tumorigenic and proliferative (Day 0, before inhibiting the EWS/FLI-1 oncogene)
to apoptotic and non-proliferative ( Day 9 after inhibition of EWS/FLI-1). When visualizing the data on ACSN, it was
observed that genes regulating cell motility had an increased expression (Figure 9). This observation permits to
hypothesize that Ewing’s sarcoma cells on a less proliferative state are characterized by activated ability to interact
with the extracellular matrix and eventually migrate. This hypothesis can be validated by rigorous statistical analysis
(Figure 9, C).

Figure 9. Study of Ewing sarcoma transcriptome dynamics using ACSN. Visualization of cell line transcriptome in the context of
the whole ACSN at (A) DAY 0, before inhibiting the EWS/FLI-1 oncogene and (B) DAY9 after inhibition of EWS/FLI-1. The comparison
of A and B suggests a switch between proliferative and migrating states of the Ewing’s sarcoma cells, visible as drastic change of
the color of Cell Cycle and EMT/Cell Motility maps, and especially Cell-matrix adhesion module. (C) GSEA scores calculated using
the difference between expression values in Day 9 and Day 0 as and the ACSN modules, indicating significant switch in ACSN
modules activation between day 0 and day 9 of the experiment. (Adapted from Bonnet et al., 2015).

Accessibility and downloads
The ACSN maps can be browsed online via NaviCell platform. The maps components are clickable, making it interactive.
The extended annotations of the map components contain a rich tagging system converted to links. This allows tracing
the involvement of molecules into different maps and sub-structures as modules. The tagging system also allows to
use the map as a source of annotated signatures. The semantic zooming feature of NaviCell simplifies navigation
throughout the large collection of molecular interactions, revealing a readable amount of details at each zoom level.
A gradual exclusion of details allows the exploration of map contents, going from the detailed towards the top-level
view. The hierarchical structure of the ACSN atlas facilitated the generation of several zoom levels for web-based
navigation of the map. The ACSN maps can be downloaded from the homepage in several exchange formats as xml,
SBGN-ML, BioPax (https://acsn.curie.fr/ACSN2/downloads.html). In addition, the content of the ACSN maps grouped
per modules is available and downloadable in the form of GMT files suitable for further functional data analysis. Finally,
ACSN2 binary relations between proteins are also available and provided in SIF format.

Concluding remarks
In this chapter we demonstrated several examples on ACSN applications for systems medicine. This has been possible
thanks to the systematic representations of signaling pathways implicated in the disease, in the form of comprehensive
network maps and tools for network-based analysis, visualization and interpretation of cancer omics data.
The aforementioned resource and analytical tools can serve as basis for a more general approach to understand
signaling regulation in human disorders, to develop network-based models underlining drug resistance and to suggest
intervention sets (Barillot et al., 2013). A workflow that is applicable not only to cancer-related studies, but also to
study other pathologies has been depicted.
With the aim of revealing perturbations of molecular mechanisms in different human diseases, to predict drug
sensitivity, and to find optimal intervention schemes, one could combine the approaches represented in the examples
previously described, into a workflow that contains various steps: (i) construction of a comprehensive intra- and
intercellular signaling network of a disease; (ii) integration of omics data and retrieval of network-based signatures,
characterizing the disease; (iii) upon data availability, the resistance to treatment can be exploited to elucidate the
mechanisms associated with the resistance, being highlighted in a form of deregulated functional modules, pathways
or key players; (iv) modelling mechanisms governing the disease and drug resistance and computing intervention gene
sets to interfere with the disease and drug resistance. The omics data from each patient can be considered to rank the
intervention gene sets according to intrinsic vulnerabilities in each patient.
The suggested approach demonstrated ACSN’s wide potential and its applicability for other complex diseases. This
rationale has led to the creation of a collective research effort on different human disorders called Disease Maps
project (http://disease-maps.org). The Disease Maps community aims at applying similar approaches as described in
this review that will lead to identifying emerging disease hallmarks of various disorders, as Parkinson disease (Fujita et
al., 2014), influenza (Matsuoka et al., 2013) and others. This will help in studying disease comorbidities; predict
response to standard treatments and to suggest improved individual intervention schemes based on drug repositioning
(Dorel et al., 2015).
There is an ongoing effort to include ACSN content into various open source platforms and pathway databases, such
as (a) MINERVA (Gawron et al., 2016) which is a web-based platform hosting molecular interaction networks encoded
as process diagrams in SBGN (Novère et al., 2009) and CellDesigner (Funahashi et al., 2003) formats. MINERVA enables
highlighting targets of drugs, and upload and visualization of user-provided experimental datasets, including multiomics entries and custom color coding, (b) Pathway Commons (Cerami et al., 2011) which is a collection of publicly
available pathway data from multiple organisms. It provides a web-based interface that enables to browse and search
a comprehensive collection of pathways from multiple sources represented in a common language, a download site
that provides integrated bulk sets of pathway information in standard or convenient formats and a web service that
software developers can use to conveniently query and access all data, (c) WikiPathways (Slenter et al., 2018) which is
an open, collaborative platform for capturing and disseminating models of biological pathways for data visualization
and analysis. Built on the same MediaWiki software that powers Wikipedia, WikiPathways contains a custom graphical
pathway editing tool and integrated databases covering major gene, protein, and small-molecule systems such that it
can be used in many projects through standard interfaces as Cytoscape (Shannon et al., 2003), and (d) NDEx (Pratt et
al., 2015), the Network Data Exchange, which is an open-source software framework that facilitates the sharing of
networks of many types and formats, the publication of networks as data, and the use of networks in modular
software. NDEx exists also as a Cytoscape Plugin and can be coupled with various tools available for network analysis
or manipulation.

In addition, by integrating two comprehensive, manually curated network maps such as ACSN and ReconMap 2.0
(Thiele et al., 2013), it will be possible to elucidate the crosstalk between metabolic and signaling pathways. This merge
opens an opportunity to model coordination between signaling pathways and metabolism. Multi-level omics data
analysis in the context of the signalling and metabolic network maps will allow defining “hot” areas in molecular
mechanisms and point to key regulators in physiological or in pathological situations and beyond.
Finally, to make the applications of ACSN broader we ensure that the resource is compatible with, and well connected
to downstream analysis pipeline tools. For example, ACSN is part of the GARUDA connectivity platform integrating
inter-operable gadgets with applications in biology, healthcare and beyond (Ghosh et al., 2013) (http://www.garudaalliance.org).
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Glossary
Biocuration: Refers to extraction of biological knowledge from an unstructured text and representation in a formalized
computer-readable form.
Biological network: Systems composed of interconnected sub-units. The network is composed of nodes, representing
the units or entities, and edges, representing interactions between the nodes.
Cancer Associated Fibroblasts: Are a subset of fibroblasts present in tumors, they show a pathological (activated)
phenotype and support tumor growth and metastasis.
Canonical signaling pathways: Is the most common and well-studied variant of a signaling pathway (see signaling
pathway).
Exposome: Refers to all the exposures a human encounter through the life-span (diet, drugs, infectious agents, and
environmental pollutants, etcetera).
Functional module: Section of signaling map representing a group of molecular interactions with common functional
relevance involved in a common process.
Gene-set enrichment analysis (GSEA): Computational approach aimed at finding overrepresented modules in a ranked
gene list, using a weighted Kolmogorov-Smirnov test.
Minimal cut set: Minimal set of reactions whose inactivation would lead to a failure in a system function.
Hallmarks of cancer: Are a series of features that help to describe and organize the principles of cancer development.
Invasion: Process of extension and penetration by cancer cells into neighboring tissues.
Metastasis: Process of distant spread of cancer cells from an initial or primary site to a different or secondary site
within the host's body.
Pyroptosis: Form of regulated cell death. This process is characterized to be caspase-1 dependent with release of proinflammatory cytokines by the dying cells.
Representation and quantification of module activity (ROMA): Computational method that uses the first component
of a principal component analysis to summarize the co-expression of a group of genes in a gene set (module).
Signaling pathway: A cascade of biochemical reactions in the cell that reaches the target molecule or reaction and
results in a particular cell phenotype.

Signaling map: Graphical representation of biological knowledge on molecular interactions represented in the form of
a diagram of consecutive reactions.

Tumor Microenvironment: Cellular environment in which the tumor exists, including surrounding blood vessels,
immune cells, fibroblasts, bone marrow-derived inflammatory cells, lymphocytes, signaling molecules and the
extracellular matrix. Tumor microenvironment includes immune and non-immune cells that play an important role in
tumor growth and metastasis.

