
Supplementary Material for CADDIE

1 Implementation

A PostgreSQL database (version 12.2) was created with cancer-related data, therefore the API, built with the
Django web framework (version 3.0.5) with Python (version 3.6) and the Django REST framework (version 3.11.0),
was changed respectively. The algorithms were implemented in graph-tool (version 2.3.1) (1).

The layout in the frontend has been implemented using Angular (version 9.0.2). The genetically related diseases
are displayed as a bar chart using the JavaScript library Plotly (version 1.56). Further, the network has been
implemented with the JavaScript libraries vis-data (version 6.5.1) and vis-network (version 7.4.2).

2 Databases

The implemented selection includes interactions supported by different levels of evidence, from experimentally
validated to predicted interactions. In total, four resources for cancer driver genes, six for GGIs, and four for
drug-gene interactions (DGIs) were integrated (see Table 1). Genes and proteins as well as GGIs and PPIs are
treated as equivalent.

In this section, first, the cancer driver databases are described, then the GGI followed by the DGI databases.
In the end, other resources for diseases and mutations are mentioned.

2.1 NCG6

The Network of Cancer Genes (NCG6, http://ncg.kcl.ac.uk/, version 6) maintains a manually curated collection of
predicted cancer driver genes based on somatic mutations and literature (2). The annotations of cancer types for
2088 cancer driver genes were integrated.

2.2 COSMIC

The Catalogue Of Somatic Mutations In Cancer (COSMIC, https://cancer.sanger.ac.uk/cosmic, version 92) is the
largest database for somatic cell mutations in human cancer (3), containing manually curated data supplemented
with data from other major cancer data portals and literature. 723 cancer driver genes and their related cancer
types were extracted from the Cancer Gene Census.

2.3 IntOGen

The Integrative OncoGenomics (IntOGen, https://www.intogen.org/search, version 2020-01-01) framework identi-
fies cancer driver genes based on somatic mutations in sequenced tumor samples (4). 962 cancer driver genes and
their corresponding cancer types were included.

2.4 Cancer-genes.org

Cancer-genes.org (http://cancer-genes.org/) incorporates the statistical framework Mutpanning (5) which aims to
discover novel cancer driver genes based on frequencies and nucleotide context of somatic mutations. 456 cancer
driver genes and their cancer types were added from this resource.

2.5 BioGRID

The Biological General Repository for Interaction Datasets (BioGRID, https://orcs.thebiogrid.org/, version 4.0.189)
is a public biomedical database, containing genomes, proteomes and interactomes of a wide range of organisms.
Its data is obtained by text-mining approaches and direct user submissions, where all interactions are based on
experimental evidence (6). BioGRID provided 319747 gene-gene interactions and 52548 drug-gene interactions in
human.

2.6 STRING

STRING (http://string.embl.de/, version 11.0) is a repository of direct and indirect protein-protein interactions,
including predicted interactions and interactions with experimental evidence (7). All 211712 interactions in human
with experimental evidence were taken from STRING.
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2.7 APID

The Agile Protein Interactomes DataServer (APID, http://cicblade.dep.usal.es:8080/APID/init.action, version Jan-
uary 2019) aims for experimentally validated protein-protein interactions by data mining from literature, selected
databases, as well as 3D structure predictions (8). All 130578 interactions of the human interactome with at least
two experimental pieces of evidence were integrated from this resource.

2.8 IID

The Integrated Interactions Database (IID, http://iid.ophid.utoronto.ca/, version 2018-11) offers context-specific
protein-protein interaction networks experimental evidence and high-confidence predictions (9). The 224256 cancer-
related PPIs related to human were extracted from IID.

2.9 HTRIdb

The Human Transcriptional Regulation Interactions database (HTRIdb, http://www.lbbc.ibb.unesp.br/htri/) tar-
gets transcriptional regulation interactions based on experimental validation (10). 38761 protein-protein and tran-
scription factor-target gene interactions were taken from HTRIdb.

2.10 Reactome

Reactome (https://Reactome.org, version 74) is a pathway knowledgebase that grows via a manual curation and
peer review process (11). The complete human interactome with 17676 PPIs was extracted from Reactome.

2.11 DrugBank

DrugBank (www.drugbank.ca, version 5.1.7) contains interaction data about all drugs approved by the United
States Food and Drug Administration (FDA), European Medicines Agency (EMA) and Health Canada (HC) as
well as drugs that are in the approval process (12). Information about 15445 drug-gene interactions as well as data
about drug classes was integrated from DrugBank.

2.12 ChEMBL

The ChEMBL database (https://www.ebi.ac.uk/chembl/, version 27) contains knowledge about bioactive drug-like
small molecules and describes their interplay with gene and protein targets (13). 53012 drug-gene interactions as
well as ID mapping tables were used from ChEMBL.

2.13 DGIdb

The Drug Gene Interaction Database (DGIdb, https://www.dgidb.org, version 3.0) collects knowledge about the
druggability of the genome from literature and web resources (14). Its 26201 drug-gene relations were added as an
additional source.

2.14 NeDRex

NeDRex (https://nedrex.net/, version 1.45.0) is a multi-omics data resource for drug repurposing and disease
module identification (15). It was used to fetch 8237 diseases related to all genes implemented in CADDIE as well
as drug information. The drugs include a status information which indicates the approval status in FDA, EMA or
HC.

2.15 Expression and Mutation Data

The Genomic Data Commons (GDC, https://gdc.cancer.gov/, November 2020) is part of the National Cancer
Institute (NCI) and is dedicated to building a cancer genomic database (16). Cancer type-specific expression and
somatic mutations data from The Cancer Genome Atlas (TCGA) (17) was taken from this source and a mutation
count mapping was generated for each gene. A mutation score was calculated by counting the different mutations
for each gene and applying a logarithmic normalization. Further, Tissue specific expression data was obtained from
GTEx in November 2020 (18).
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2.16 Comparison of integrated datasets

Numerous data resources are available for each cancer driver genes, gene-gene interactions, and drug-gene inter-
actions, allowing to apply the methods on personalized input data (see Table 1). Since many methods have been
proposed to predict cancer driver genes, without the existence of an acknowledged gold standard, each one of them
has its legitimation and drawbacks (19), leading to many predictions represented by different databases. Upon
taking a closer look at the data, the differences show. From the used cancer driver gene datasets, NCG6 with
2088 driver genes is the largest one, while the other datasets have all less than 1000 driver genes. Only 182 cancer
driver genes occur in all datasets while 1390 occur only in NCG6 and not in any other implemented cancer driver
dataset, displaying the discrepancy in the methodological approaches (20) with which these resources were created
(see Figure S1).

BioGRID, even though it provides a high number of interactions for both GGIs and DGIs, tends to have com-
parably little unique interactions. This is because BioGRID incorporates many other databases. The peer-reviewed
GGI data resources Reactome and HTRIdb with solely experimentally validated interactions have with 17676 and
38761 interactions, respectively, the least interactions. Therefore, the variety of data resources in CADDIE offer
the freedom of selecting the input data of choice between different data standards.

3 Algorithms

A number of different graph-based algorithms are implemented in CADDIE. They reach from simple centrality
measurements to more complex approaches like TrustRank (Gyöngyi et al., 2004) and Network Proximity (21),
where each of them can again be modified by the user via a set of algorithm-specific input parameters. While the
algorithms all differ in their methodology to allow for a variety of comparable results and use case-specific solutions,
they commonly expect user-selected seed nodes. Overall four algorithms for the drug search and six for the drug
target search are available.

3.1 Degree Centrality

Degree centrality is a measure used for ranking the nodes in a network. It is defined as the number of neighbors a
node has divided by the number of nodes (22). It is implemented in CADDIE as

centralitydegree(x) = deg(x)

where x is a given node and deg(x) is its degree. While it is a commonly used network analysis technique (23),
it most importantly has been shown useful in the identification of essential proteins in PPI networks (24). Thus, it
is a simple approach to classifying the network-related importance of a particular protein. In CADDIE it can be
used to discover valuable drug targets or drugs, based on the seed selection given by the user.

3.2 Harmonic Centrality

Harmonic centrality can be measured as the average shortest distance from each node to all other nodes in a
network. This measurement is the equivalent of closeness centrality (25) for disconnected graphs (22, 26). Formally
speaking, it can be annotated as

centralityharmonic(x) =

y∑
y ̸=x

1

dist(x, y)

where x is a given node and 1/dist(x, y) = 0 if dist(x, y) = ∞ (22). The closer a node is to other nodes, the
higher the score. It has already been proven successful in a number of biological network problems for instance with
metabolic (27) or PPI networks (28). In CADDIE, this algorithm can be used to find drug targets or drugs that
affect the seed nodes as direct as possible.

3.3 Betweenness Centrality

Betweenness is obtained by finding the shortest paths for each pair of nodes in the network and assessing the
number of shortest paths that pass through a particular node, such that a measure of the centrality of a node in a
network global context is received (27, 29). Betweenness Centrality has been established as a common measurement
in network biological application (30) and is especially practical in finding communities in large networks (31). In
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Figure S1: Comparison of datasets
This figure describes the intersections and uniqueness of the datasets available in CADDIE in each topic (cancer
driver genes (A), gene-gene interactions (B), and drug-gene interactions (C)). Reactome and HTRIdb were left out
for the gene-gene interactions due to the very low number of interactions.
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CADDIE, betweenness is based on the shortest paths between the seed nodes only and can be used to find drug
targets with maximized connectivity to all seeds (32).

3.4 TrustRank

TrustRank is based on the same concepts as the Google PageRank algorithm (Page et al., 1999) and Closeness
Centrality. A crawler searches the network based on user-selected seeds and ranks visited nodes, damping the score
based on the distance traveled. The damping factor can be set by the user in a range from 0-1, with a higher
damping factor causing the crawler to explore nodes in close proximity or in larger portions of the GGI network.
In CADDIE, TrustRank is able to find putative drug targets as well as drug candidates.

3.5 Network Proximity

Network Proximity, as introduced by Guney et al. (21), is the average length of shortest paths from drugs to all
neighboring nodes to the user-selected seed nodes. The algorithm then computes a statistical significance score
comparing against random expectation. This algorithm was adopted in CADDIE so that best-scored drugs are
returned to the user as candidate drugs.

3.6 KeyPathwayMiner

Network enrichment analysis is the search of subnetworks of GGI networks based on common biological functions
(33). KeyPathwayMiner (KPM, https://keypathwayminer.compbio.sdu.dk/keypathwayminer/, version 5) is an
online tool developed by Alcaraz et al. (34) for pathway enrichment analysis. Users have the option to utilize
KPM for their drug-target search by selecting seed nodes in the GGI network and letting KPM find an interaction
network of genes that are commonly dysregulated spanned by the seed genes. The resulting proteins are presumably
functionally related to the seed nodes, and therefore are suitable drug-target candidates. Only one parameter K
has to be set by the user which defines the amount of permitted intermediate nodes that are neither part of the
seed nodes nor the common pathway.

3.7 Multi-level Steiner Tree

Computation of a minimum spanning tree is a very well known combinatorial problem, which is defined as finding
a network that connects all the nodes and minimizes the global length (35). Since the calculation of a minimum
spanning tree is an NP-hard problem, the Multi-level Steiner Tree algorithm is used here to approximate the solution
and solve the problem in reasonable time (36). It can be used to create a minimum spanning subnetwork between
user-selected seed nodes, which happen to be central interaction partners between the seed nodes, and thus represent
favorable drug-targets.

3.8 Summary

The summary function allows to combine different task results. It merges the individual resulting networks and
creates statistics to conclude the different searches.

4 Explorer

The Explorer is the main part of the application. It allows the user to explore the interactome of your cancer type
or cancer driver genes of interest. Most importantly, it provides a variety of information like related diseases or
expression values to help selecting seed genes for drug or drug-target search.

4.1 Left Menu

On the left side, the user can find a menu bar that allows to select cancer types or gene interaction resources of
interest. It also provides a short overview of your cancer type of interest. After selecting seed genes, the left menu
allows the user to start analysis tasks (max. 3 at a time). The tasks will be displayed at the bottom of this menu
in the ”Tasks” section. A click on a finished task leads to the analysis view.
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Figure S2: CADDIE left side menu.
The menu contains panels with different functionality. From here, the network can be edited and drug target search
and drug prioritization algorithms can be started.

4.2 Gene-Interaction Network

On the right side of the explorer is the gene-interaction network. It contains all cancer driver genes of the selected
cancer type(s), forming a minimal spanning tree in the human gene interactome. It is supplemented by genes found
by the Multiple Steiner Tree algorithm, which was used to pre-compute the network (see Figure S3). Therefore,
the network will change when a new interaction dataset is selected. The network gives an overview of the relations
of the cancer driver genes to each other and lets the user select seed genes for the drug target or drug search by
double-clicking the nodes. A single click on a node opens a window at the top of the left menu with detailed
information about the drug or gene such as related diseases or the node degree in the complete human drug-gene
interaction network.
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Figure S3: Interactive gene-gene interaction network.
Visualized is the gene-gene interaction network for all acute lymphoblastic leukemia driver genes stored in the
NCG6 database. The Multiple Steiner Tree algorithm was applied together with the BioGRID interactions to find
the edges and intermediate nodes.

Below the network, the user can find various functions that help to manipulate the network and to find genes
of your interest. The expression of genes in different tissues (data from GTEx) as well as in different cancer types
(data from TCGA) can be highlighted and genes may be selected automatically above a certain threshold. By
e.g. selecting a cancer type here, the expression values will be loaded into the network and visualized via a color
gradient. Now, via the function ”Cancer expression” in the left menu or the menu below the network, genes can be
added to the selection by setting an expression threshold (see Figure S4). The same possibility exists for mutation
data from GDC. Furthermore, a menu is available with versatile options such as selection of all cancer driver genes
or upload of a vcf-file to filter for genes with damaging mutations. The user can add more genes to the network by
uploading a list seed genes (for example via the ’Custom genes’ function in the left menu) followed by the ’Add to
network’ functionality. Gene-gene interactions are taken from the selected interaction database.
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Figure S4: Colon adenocarcinoma expression visualized in the BioGRID gene-gene interaction network for the
colorectal adenocarcinoma driver genes from NCG6. The cancer type selected to highlight expression was colon
cancer. The expression threshold less than 12 transcript per million (TPM) selects 22 seed genes.

5 Showcase Ovarian Cancer

We apply CADDIE to ovarian cancer by selecting PPM1D, BARD1, CASP3, LRP1B, and CSMD3 - five of the
most frequent drivers in ovarian cancer according to COSMIC dataset (3) - as seed genes. For a more conclusive
drug candidate search, the KeyPathwayMiner drug target search (parameter K=5) was applied. The genes BRCA1,
nucleoporin 43 (NUP43), MYC, and ubiquitin C (UBC) were returned. BRCA1 is a gene known to be associated
with ovarian cancer (37), as is MYC (38), although MYC has shown to be difficult to target directly by drugs.
Therefore, Zeng et al. have proposed CDK7, CDK12, and CDK13 as targets to down-regulate MYC upon inhibition.
Targeting UBC in tumor cells with inhibited ubiquitin B has led to a significantly prolonged survival time (39) and
members of the nucleoporin family have been associated with the susceptibility of chemotherapy in ovarian cancer
patients (40).

With the extended set of seed genes, a drug search using harmonic centrality was performed. The GGI dataset
BioGRID as well as the DGI dataset DrugBank were used. To receive more explorative results, indirect and non-
approved drugs were included while nutraceutical drugs were excluded to find more case-relevant drugs. In addition,
the drugs were reduced to only CTRPv2 drugs. The result size was limited to 20 drugs with the highest scores (see
Figure S5).

Analyzing the drug result, we notice that none of the seed genes has a direct drug interaction in the DrugBank
dataset. However, CADDIE identified drugs with an impact on the given disease module by detecting mechanisms
of co-regulation. One of the highest scored drugs is alvocidib, a cyclin-dependent kinase inhibitor (41) and second-
order neighbor to three of the seed genes. Alvocidib is an investigational drug that has successfully passed phase
I clinical trials (42). Among its targets is CDK1, a member of the cyclin-dependent kinases, which is predicted
by CADDIE to affect MYC (see Figure S5), similar to the predictions by Zeng et al. (38). Staurosporine is
one more investigational drug represented in the top-scored drugs (see Table S1). It has been shown to improve
outcomes of chemotherapy in ovarian cancer in vitro (43) as well as in mouse models (44), although its mechanisms
remain unclear. CADDIE predicts its effect on the seed genes MYC, CASP3, and BRCA1 by targeting the genes
GSK3B, CDK2, and LCK, respectively. Out of the remaining best scored drugs, tamoxifen (45), paclitaxel (46), and
docetaxel (47) are known for treatment of ovarian cancer. Bosutinib is not applied in ovarian cancer but received
a high score in CADDIE, making it a putative drug for further research.

8



Figure S5: Drug network computed with harmonic centrality based on COSMIC cancer driver genes and DrugBank
drug-gene interactions.

Table S1: Drug search results for ovarian cancer
Name Approved ATC L CanceRx Score Degree
Alvocidib no no no 1 11
Staurosporine no no no 1 13
Tamoxifen yes yes yes 1 17
Bosutinib yes yes yes 1 10
Paclitaxel yes yes yes 1 6
Docetaxel yes yes yes 1 6
Dasatinib yes yes yes 0.96 24
Regorafenib yes yes yes 0.96 18
Belinostat yes yes yes 0.96 11
Obatoclax no no no 0.92 1
Navitoclax no no no 0.92 3
Imatinib yes yes yes 0.91 2
Simvastatin yes no yes 0.91 3
Bortezomib yes yes yes 0.91 2
Curcumin yes no no 0.91 5
Vorinostat yes yes yes 0.91 5
Nintedanib yes yes yes 0.91 12
Lovastatin yes no yes 0.91 3
Tanespimycin no no no 0.91 2
Sorafenib yes yes yes 0.91 10
Listed are the top 20 drug results for ovarian cancer. Each row contains the drug name, approval by FDA, EMA
or HC, whether it is listed as antineoplastic or immunomodulating agent (ATC class L) by the WHO, whether it is
contained in CanceRx, the normalized score and the node degree in the drug-gene-interactome (DrugBank).
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Low node degrees increase the relevance of the found node since they are less likely to be reported by chance.
Obatoclax is found amongst the highest scoring drugs with only one interaction to BCL2, which shows interactions
with three of the original seed genes. Furthermore, it is known to participate in apoptosis in epithelial ovarian
cancer cells (48). Hence, BCL2 represents a potentially valuable target. In addition to obatoclax, CADDIE proposes
navitoclax as a drug to target BCL2, an investigational drug to reduce BCL-induced resistance to chemotherapy in
ovarian cancer (49).
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