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ABSTRACT

CancerGeneNet (https://signor.uniroma2.it/
CancerGeneNet/) is a resource that links genes
that are frequently mutated in cancers to cancer
phenotypes. The resource takes advantage of a
curation effort aimed at embedding a large fraction
of the gene products that are found altered in cancer
cells into a network of causal protein relationships.
Graph algorithms, in turn, allow to infer likely paths
of causal interactions linking cancer associated
genes to cancer phenotypes thus offering a rational
framework for the design of strategies to revert
disease phenotypes. CancerGeneNet bridges two
interaction layers by connecting proteins whose
activities are affected by cancer drivers to proteins
that impact on the ‘hallmarks of cancer’. In addition,
CancerGeneNet annotates curated pathways that
are relevant to rationalize the pathological con-
sequences of cancer driver mutations in selected
common cancers and ‘MiniPathways’ illustrating
regulatory circuits that are frequently altered in
different cancers.

INTRODUCTION

The ability to sequence a whole genome in a day at a
cost that compares favorably with traditional diagnostic ap-
proaches has contributed to assemble large collections of
cancer genomes that are freely accessible in public reposi-
tories (1). The comparison with the genome sequences of
the patient non-transformed tissues has, in turn, allowed to
define a cancer genomic landscape by identifying genes that
are frequently mutated in a specific tumor type (2). Using
this information, the COSMIC Cancer Gene Census (CGC)
(3) has curated lists of genes that are causally implicated in
the onset and progression of different cancers. Additional

independent curation efforts such as for instance the ones
by the Comparative Toxicogenomics Database (4), by In-
tOGen (5), by DriverDBv2 (6) or by the UniProtKB con-
sortium (7) and others have aimed at similar goals, albeit
with different strategies and using different criteria for fil-
tering experimental support for gene-cancer associations.
These sparse undertakings have been collated in a single re-
source by the DisGeNET project (8) that lists 4145 genes as-
sociated to 738 neoplastic diseases. However, although these
studies have, in some cases, led to the fine-mapping of un-
derlying causal variations and generated some mechanistic
insight, our understanding of the connections between ge-
netic variations and cancer onset and progression remains
limited. A seminal paper by Hanahan and Weinberg has
provided a widely used conceptual framework (Hallmarks
of cancer) to rationalize the complexity of neoplastic dis-
eases (9). The challenge is now that of establishing func-
tional paths between the genes that are frequently mutated
in cancers and the ‘Hallmark phenotypes’. This informa-
tion may assist in the design of therapeutic strategies that
revert the cancer phenotypes.

The CGC group has started a curation effort and
screened the literature to recover experimental information
relating cancer genes to cancer phenotypes (3).

The database CancerGeneNet (https://signor.uniroma2.
it/CancerGeneNet/) was conceived to address a similar
challenge by using a different unbiased approach aimed at
precisely identifying chains of causal relationships explain-
ing the impact of cancer-gene mutations on cancer pheno-
types. The resource is based on the annotation of experi-
mental information that permits to embed the cancer genes
into the cell network of causal protein relationships. It is
based on three curation efforts and a set of graph algorithms
to connect gene lists and to find shortest paths between any
two nodes on the network.

CancerGeneNet takes advantage of the global causal net-
work curated in SIGNOR (10), a database of curated logic
relationships which offers a framework for investigating
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the information flow between different signaling proteins
thereby linking genes to phenotypes.

MATERIALS AND METHODS

Cancer-gene lists

We have taken advantage of two lists of cancer related genes
(Supplementary Table S2). The first list is an expert curated
list and was downloaded from the CGC web site (v89) (3).
The census associates 710 genes to 354 tumor types. The
second list was obtained from the file ‘Curated gene-disease
associations’ (DisGeNET v 6.0) (8). We selected the records
with disease type ‘disease’ and disease semantic type ‘neo-
plastic process’, resulting in a list of 4145 cancer genes as-
sociated to 710 tumor types. While the CGC is a curated
list, the DisGeNET resource integrates data from different
resources and is much less selective in inclusion criteria. As
a result, some tumors are associated to a large number of
genes, up to ∼1000. The DisGeNET list, however, can be
ranked according to a score that depends on the supporting
evidence. In CancerGeneNet the DisGeNET cancer gene
lists are truncated to the 50 genes with the highest score.

Curation rules and strategies

Information about logic relationships linking cancer genes,
cancer phenotypes and cancer drugs was searched in the sci-
entific literature by standard methods (PubMed and Google
searches). The retrieved articles were filtered by expert cu-
rators and relevant information annotated in the database
according to the SIGNOR curation model.

The cancer phenotypes, forming the end point of the
CancerGeneNet graph are shortened versions of the ‘hall-
marks of cancers’ (9). The mapping between the hallmarks
of cancers and the cancer phenotypes in CancerGeneNet is
reported in Supplementary Table S1. We have not consid-
ered ‘Avoiding immune destruction’ since this hallmark in-
volves interaction between different cell types and we have
added the phenotype ‘differentiation’. The hallmark ‘Dys-
regulating cellular energetics’ comprise a large number of
very different ‘metabolic phenotypes’. Including all these
phenotypes in our analysis would complicate the curation
effort, increase the burden of the search algorithms and con-
fuse the result page. We limited our effort to the phenotype
‘Glycolysis’ as the modulation of this metabolic pathway is
possibly the best studied and aerobic glycolysis is the clear-
est readout of the Warburg effect.

Finally, we took advantage of a recent paper (11) that
provides a list of FDA approved anticancer drugs and their
targets to manually annotate 91 FDA drugs and 105 gene
targets.

Database structure and portal implementation

The data is presented to the user through a web interface
based on HTML5, integrated with JavaScript scripting to
provide a more dynamic and responsive user interaction.
Most data manipulation and display are handled through
PHP (version 7.0.33). R scripting is used to extract further
meaningful information. The network viewer is created us-
ing SPV (Signaling Pathway Visualizer, v1.0) (12).

Graph algorithms

Identification of the shortest paths between a specific gene
and cancer phenotypes was programmatically implemented
using the shortest path function of the R igraph (13). This
function returns all shortest paths linking any two nodes in
an oriented graph, such as the one in SIGNOR. To offer the
user the possibility to explore paths that are different from
the shortest ones, but that may be of biological relevance,
we used the function, all simple paths, implemented in the
NetworkX module (14) of the Python language. The imple-
mented function returns all the shortest paths linking the
query gene to the target phenotype and adds those paths
that are one step longer. The resulting path list are ranked
for relevance by using a measure of path length that takes
into consideration the ‘reliability’ of each edge forming the
path, as defined in SIGNOR (Licata et al. under submis-
sion to the NAR database issue). This reliability score com-
bines four features supporting the functional relevance of
the curated relation: (i) the number of references (PMID)
that support the interaction in SIGNOR, (ii) the number
of SIGNOR pathways that include the interaction, (iii) the
number of occurrences of the relation in the Reactome in-
teractome and (iv) the number of times the target entity is
mentioned in the UNIPROT source entity page. The com-
bined reliability score ranges from 0 to 1. We next defined
node distance (d) which is linked to reliability (r) by the fol-
lowing simple relation d = 1 – r.

The total path length is the sum of the length of all the
edges in the path. We also evaluated the effect of the pro-
tein activity on the phenotype where path containing 0 or
an even number of inhibitory steps are defined as pheno-
type activators, otherwise are considered as phenotype in-
hibitors.

Network of cancer similarity

The network of cancer similarity offers an alternative ac-
cess to the data in the resource. To draw the network, we
have first calculated the Jaccard index by comparing the
lists of cancer related genes between any pair of cancers.
For the DisGeNET gene lists, we limited the calculation
to the 50 genes with higher tumor-association score. Can-
cers with a Jaccard index above an arbitrarily chosen thresh-
old are joined by an edge in the graph. The network is dis-
played in the homepage with Cytoscape.js (16), a Javascript
library for graph visualization and analysis. Node (cancer)
size is mapped to the number of associated genes. Edge
width is related to the –log10 of the P-value calculated by
the Fisher’s exact test. Graphs are rendered with the Euler
layout for both the CGC and DisGeNET datasets. To avoid
overcrowding of the DisGeNET graph, cancers with three
associated genes or less are not shown.

RESULTS

Retrieving experimental information on causal interactions

The CancerGeneNet project aims at linking genes impli-
cated in cancer to cancer phenotypes via causal interac-
tions between proteins (Figure 1A). Two lists of cancer re-
lated genes were derived from the CGC (3) and from Dis-
GeNET (8) respectively (Supplementary Table S2). The two
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Figure 1. Database content. (A) schematic representation of the layered information in the CancerGeneNet database. The second layer represents the
cancer gene network that was specifically curated for this project. The yellow hexagons in the top layer represent the anticancer drugs that target sensitive
signaling proteins. The cancer genes impact on the causal interactome network in SIGNOR (light green circles) that directly affect cancer phenotypes (green
rectangles). (B) Venn diagram of the cancer genes annotated in the Cancer Gene Census and in DisGeNET. (C) Histogram representing the distribution
of the number of relationships for each cancer gene in the Cancer Gene Census. (D) The diagram illustrates the size of the protein ensembles that are (i)
annotated in Signor, (ii) included in the Cancer gene Census, (iii) specific targets of anti-cancer drugs or (iv) have been annotated as phenotype modifiers.

resources use different inclusion strategies and stringency
criteria. As a consequence, the two lists are different in size
(710 and 4145 gene products respectively) and only 531
genes are common to both lists (Figure 1B). At the begin-
ning of this project we monitored the fraction of the CGC
that has at least one interaction in SIGNOR. It turned out
that ∼300 CGC genes (∼40%) were not annotated in the
SIGNOR network. Thus, we started a curation campaign
searching for published information on the impact that per-
turbation of a cancer gene had on the activity of other pro-
teins in the cell proteome. At the end of this effort the per-
centage of cancer genes, which were integrated in the causal
network, rose to ∼80%. The number of relationships asso-
ciated to the genes in the CGC varies from zero (142 genes)
to 214 (for AKT1) as shown in Figure 1C

The graph that can be extracted from the curated infor-
mation in CancerGeneNet is a tripartite signed directed
graph linking cancer related gene-products to cancer phe-
notypes and anticancer drugs (Figure 1A). The interac-
tions annotated for this project have been selected for their
relevance to the modulation of cancer pathways and have
been curated according to the SIGNOR data model (10)
and curation rules, following the ‘Causal Tab’ standard

(17). We have first looked for experimental information on
causal relationships (i.e. protein A activates protein B) be-
tween gene products listed in the CGC and proteins in
the human proteome. Causal relations and their signs de-
pend on the genetic context. All the annotations in Can-
cerGeneNet refer to a wild type context. The effect of each
activating/inactivating mutation on the information flow in
a disease context needs to be evaluated after inferring the
effect of the mutation on protein activity.

By this approach we have curated ∼6000 new interac-
tions. However, 142 cancer genes (∼20%) remain uncharac-
terized and therefore disconnected from the global causal
cell interactome (Supplementary Table S3). For most of
these genes no robust information could be found about di-
rect logic interactions underlying their link to cancer pro-
motion.

Next, we have identified proteins that are demonstrated
to affect cancer phenotypes (say p53 for ‘cell death’), either
in overexpression or when inactivated (∼120 proteins). This
step has a certain degree of arbitrariness as many genes have
been linked to some hallmarks more or less directly. We have
selected eight phenotypes that are easily implementable in
our data model and can be mapped to the cancer hallmarks
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(Supplementary Table S1). Finally, we have embedded these
two interaction layers into the global human-cell causal-
interactome, as annotated in the SIGNOR database.

In a third curation undertaking we have annotated causal
interactions between the anti-cancer drugs that are used in
therapy and their targeted proteins (Figure 1D) (11).

In addition, cancer pathways and MiniPathways, which
are frequently altered in different tumors, have been man-
ually curated, allowing analysis of pathway cross talk and
comparison of inferred cancer networks with processes that
are frequently altered in cancers. We have defined for each
annotated cancer pathway a set of 20–30 proteins that are
often mutated or have their expression perturbed in the tu-
mor. A cancer pathway is an ensemble of relationships that
link the ‘seed’ entities. A MiniPathway is smaller network
(about 10–15 entities) that describes a signal transduction
module that is frequently perturbed in different types of
cancers.

Database interface

The main motivation for the development of the Cancer-
GeneNet resource was that of offering a database of causal
relationships and tools that could help (i) inferring paths
linking cancer associated genes to cancer related pheno-
types and (ii) identifying functional correlations between
genes that are found mutated in cancers by building net-
works of causal relationships.

The website homepage offers four entry points to search
and interrogate the database.

The panel in the top left corner allows to enter any gene
(Uniprot ID or gene name), or list of genes, and query the
database for the shortest causal path(s) linking the gene of
interest and eight phenotypes characterizing cancers. It is
possible to search for path linking any gene and the eight
hallmarks, separately or simultaneously. The results of the
paths searching algorithm, are shown as a graph displaying
the interactions connecting the query gene(s) to the pheno-
type(s) and as a table listing all the shortest paths, and those
that are one step longer. Paths are ranked and listed in a
table according to a measure of reliability as described in
methods and outlined with green or red colors to identify
activating and inhibitory paths respectively.

CancerGeneNet also offers a second functionality that
assists in addressing the task of finding whether genes in
a list, for instance a list of genes associated to a given can-
cer, are linked by causal relations. This can be achieved by
searching a specific cancer either in a drop-down menu or
in a network representing cancer similarities, as determined
by the calculation of the Jaccard index for each pair of tu-
mors in the cancer gene lists. Both entry points can be used
to access either the CGC or the DisGeNET datasets. By se-
lecting a given cancer in the drop-down menu or by clicking
the ‘connect driver genes’ in the node pop up window in
the similarity network, users can launch a search looking
for logic relationships between the cancer associated genes.
Three types of graphs are assembled and may be graphi-
cally displayed (Figure 2A). In a first display (level 1) only
direct connections between the query genes are shown. A
second algorithm (level 2) aims at connecting the query can-
cer genes by including also proteins that, by interacting with

two cancer genes, allow to form a bridge between them (first
neighbors). Finally, at level 3 it is possible to show all the
logical interactions that are annotated to the query genes in
the database. A check-box also allows to add to the network
the physical interactions that can be retrieved from the men-
tha database (18). Once any of these graphs is displayed it is
possible to edit it by adding or removing nodes or by filter-
ing the graph according to interaction score and type. Gene
products that are targeted by FDA approved anti-cancer
drugs are outlined with a cyan border. By clicking the node,
the list of inhibitors can be visualized via a hyperlink in the
popup window.

One additional feature allows to count the number of
nodes that are in common between the displayed net-
works and the cancer MiniPathways that are curated in the
database and to calculate the statistical significance of the
overlap using the same procedure described for the DIS-
NOR database (19). This offers the possibility to infer can-
cer pathways that are likely perturbed in the tumor specific
network that is under scrutiny. Finally, the cross-talk be-
tween the displayed graph and cancer MiniPathways can be
shown graphically (Figure 2B). The annotated information
that is used to generate the graphs can be downloaded in a
tab delimited format for local use.

The approach described above is not limited to gene lists
annotated in the CGC and in DisGeNET, as any user de-
fined gene list can be entered in the ‘connect proteins’ frame
to query the database and to draw networks connecting the
genes in the list (Figure 2A).

DISCUSSION

CangerGeneNet is offered to the users to explore mecha-
nisms underlying the cancer-driver nature of selected gene
alterations. This is unique in the cancer resource panorama
and useful as it can stimulate new hypothesis to be tested ex-
perimentally. Since the CancerGeneNet network is directed
and signed its analysis also permits to infer whether any
chain of causal relationships has the potential to activate
or to inactivate the end node of the chain. One may find
surprising that the answer to this type of queries is not uni-
vocal and depends on the specific path that is considered. In
other words, a gene may turn out to act as an onco-gene or
an onco-suppressor depending on the specific path that is
taken to join the gene to the cancer phenotype. There might
be trivial explanations of these findings, some of which are
mentioned below. However, we also need to consider that a
gene/protein-function depends on the context and reports
of genes that may be classified as oncogenes in one context
and onco-suppressors in another are becoming more and
more common (20–24).

We have made our best effort to ensure high coverage
and accuracy in our annotation endeavor. However, we are
aware, that important logic relationships might have es-
caped our attention while some others might have been an-
notated inaccurately. This can be improved with a continu-
ous curation and revision effort. One additional important
caveat is that our ‘naı̈ve approach’ assumes that all proteins
in the proteome are expressed in all cells and, as such, it may
suggest paths linking proteins that are not expressed in the
specific tumor. Proteome expression databases such as the



D420 Nucleic Acids Research, 2020, Vol. 48, Database issue

A

B

Figure 2. Connecting cancer associated genes. A tool based on graph algorithms offers the possibility to find functional connections in list of genes that
can be user-defined or obtained from the Cancer Gene Census or DisGeNET. (A) Three types of graphs can be obtained. At level 1 only direct connections
between query genes are shown. At level 2, two query genes can be linked by causal interactions with common proteins in the global causal interactome.
Finally, at level 3, all the interactions of the query cancer genes are shown. (B) Once one of these graphs are shown it is possible to explore cross talks with
a list of curated cancer MiniPathways.

Human Protein Atlas (25) can help filtering paths involving
proteins that are not expressed in the biological system of
interest.

Finally, our model might not be completely adequate to
represent the intricacy of cell signaling. As an example, in
our model proteins have ‘one’ function that can be stimu-
lated or inhibited. The model does not allow to consider
that a protein has two different functions that can be mod-
ulated independently. For instance, a kinase that has two
targets where only one of the two activities is modulated by
an inhibitor.

The application of graph algorithms to the network un-
derlying CancerGeneNet permits to achieve tasks that are
relevant for the inference of the phenotypic impact of al-
tering the expression or activity of any given gene product.
In the database front-hand, we have implemented a num-
ber of graph algorithms that manipulate the signed directed

‘cancer graph’ to help accomplishing the following tasks:
(i) determine the paths linking any given gene to the cancer
hallmark-phenotypes, (ii) given a list of apparently unlinked
tumor associated genes, as in the CGC or in DisGeNET,
connect them via causal relationships, (iii) given any user
defined gene list, connect them via causal relationships and
link them to the hallmarks of cancer.

The value of CancerGeneNet lies on the unbiased cover-
age of the cell causal network linking cancer related genes
without much prejudice on the causal relationships that are
relevant. As such the resource is able to provide novel hy-
potheses. However, it should be kept in mind that biology is
more complex than graph theory and that the resource out-
puts should be taken as suggestions and filtered critically by
expert cancer biologists.

Finally, an unexpected outcome of our curation effort is
the finding that for up to 20% of the cancer genes we know
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little about the molecular mechanisms underlying their tu-
morigenic function.

Many resources focus on cancer signaling pathways
(15,26,27). To our knowledge, however, the manually anno-
tated information-content and the tasks that can be accom-
plished with CancerGeneNet cannot be matched by any
other public resource. CancerGeneNet offers a unique tool
that permits to bridge the gap between genomic data and
cancer phenotypes.
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