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A major goal of molecular systems biology is to understand the coordinated function of
genes or proteins in response to cellular signals and to understand these dynamics in the
context of disease. Signaling pathway databases such as KEGG, NetPath, NCI-PID, and
Panther describe the molecular interactions involved in different cellular responses. While
the same pathway may be present in different databases, prior work has shown that the
particular proteins and interactions differ across database annotations. However, to our
knowledge no one has attempted to quantify their structural differences. It is important
to characterize artifacts or other biases within pathway databases, which can provide a
more informed interpretation for downstream analyses. In this work, we consider signaling
pathways as graphs and we use topological measures to study their structure. We find
that topological characterization using graphlets (small, connected subgraphs) distinguishes
signaling pathways from appropriate null models of interaction networks. Next, we quantify
topological similarity across pathway databases. Our analysis reveals that the pathways
harbor database-specific characteristics implying that even though these databases describe
the same pathways, they tend to be systematically different from one another. We show that
pathway-specific topology can be uncovered after accounting for database-specific structure.
This work present the first step towards elucidating common pathway structure beyond their
specific database annotations.

Data Availability: https://github.com/Reed-CompBio/pathway-reconciliation.
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1. Introduction

Cells respond to signals through a series of molecular interactions, culminating in gene ex-
pression changes that alter the cell’s behavior. The protein-protein interactions that occur in
response to specific stimuli are described as signaling pathways. These pathways characterize
cell growth, proliferation, stress, death, and transport, among many other biological pro-
cesses. For over a decade, the growing knowledge about cellular signaling has been collected
in databases such as KEGG,™ NetPath,'? Reactome,? NCI-PID,?? and Panther.'> These re-
sources are all manually curated, organized into specific signaling pathways, and comprise
protein interactions supported by scientific literature. They are the scientific community’s
best guess as to how proteins interact within a larger system of cellular response and are
often the starting point for many downstream analyses of ‘omic data such as gene function
enrichment and identifying genetic associations. Pathway databases have also seen extensive
use for studying human diseases — many databases focus on pathways that are known to be
dysregulated by disease?1222 or describe the altered pathways themselves.%13:26
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While the number and utility of signaling pathway databases grows, there still remain
limitations in their broad use. Signaling pathways from different databases are often incom-
plete,3>19 though they contain high-quality interactions due to the database’s manual cura-
tion steps. Pathways with the same name may contain different protein-protein interactions
or pathways characterizing the same response may be called different names .372* These
challenges arise for a number of reasons: pathway nomenclature has not been standardized,
pathway crosstalk and noncanonical signaling blurs the pathway boundaries, and we simply
have not yet quantified all of the biological interactions that occur. The lack of consistency
across pathway databases indicates that the choice of database can change the results of down-
stream ‘omic analysis, which has been previously shown.'® New databases integrate existing
pathways and offer standardized APIs and data file formats.!6:17,20:23,25

However, we are still left with a fundamental question: How do we reconcile signaling path-
way annotations across databases? Reconciling pathways is different from integrating path-
ways, which has been the focus of related endeavors. Work on protein interaction networks
have shown that simply taking the union of the networks is prone to propagating noise.!! In-
stead, we consider the databases separately and strive to elucidate pathway-specific features
that are shared across databases. Our working hypothesis is that, even though each database
is manually curated with different goals and scopes, if they are describing similar signaling
pathways then we should be able to uncover some information about the pathway structure.

We represent signaling pathways as graphs, allowing us to leverage the considerable theory
developed for characterizing networks. There are lots of ways to characterize the structure of
networks, ranging from extremely simple (and interpretable) summary statistics like degree
distribution to more expressive measures. Signaling pathways have been analyzed using topo-
logical features such as degree, clustering coefficient, and centralities.??3° However, despite
their virtues, these statistics are too simple to fully characterize complex networks. Topologi-
cal structures called graphlets!'®2® have been shown to characterize networks better than simple
summary statistics, and are still easy to interpret. Graphlets are small, connected subgraphs
that have been used to analyze empirical networks such as world trade networks, social net-
works, and protein interaction networks. Two- and three-node graphlets have also been used
to derive global and local network statistics that are robust to network size.® Graphlet-based
measures are useful characterizations of networks beyond node degree, clustering coefficient,
or other centralities.

Contributions This paper is organized in three parts. First, we describe our methodology
for collecting, parsing, and representing signaling pathways. Using graphlet-based network
embeddings, we then examine pathway topologies in databases compared to suitable controls,
and find that pathways are distinguishable from null models. Finally, we compare pathway
databases to one another. For this last part, we identify similar pathways across databases
which we call corresponding pathways. However, we find that pathways cluster by databases
rather than by corresponding pathways which indicates that databases contain consistent
topological structure and potentially obfuscates shared structure among pathway annotations.
Using a regression framework, we correct the database structure and reveal pathway-specific
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topological structure where corresponding pathways cluster together. These results collec-
tively indicate that, while pathway databases are manually curated with different scopes and
intentions, the same pathway shares topological features across databases.

2. Data Collection and Processing

We considered ten pathway databases for this analysis, which all contain manually-curated
human pathways grouped by phenotype or response. Our goal was to select pathway databases
that were similar orders of magnitude in size, had a broad focus on different types of signaling,
and did not contain other databases as subsets. We chose seven pathway databases from this
list (Table 1). We excluded Reactome? after finding that the parsed pathways were much
larger than the others (Supplementary Fig. S1), we excluded CausalBioNet? due to its focus
on pulmonary and vascular signaling, and we excluded WikiPathways?® since it combines
multiple pathway databases.

Table 1. Pathway databases used in this analysis, after converting pathways to undirected graphs and
removing pathways with fewer than ten interactions. Number of pathways, mean and standard devation
shown. The *-expanded datasets convert complexes and families into protein identifiers (see Section 2.1).

Database Focus Parse Source n # Nodes # Edges
INOHZ" Hierarchical Model PathwayCommons? | 114 30 +47.00 313 + 1063.06
KEGG!? Broad Focus KEGG! 243  38+30.67 40+ 30.80
KEGG-expanded™ Broad Focus KEGG!3 268 70+59.50 2524 417.68
NetPath!? Immune & Cancer NetPath'? 32 734+61.67 1344 159.68
Panther!® Primary Signaling PathwayCommons? | 93  57450.02 389 + 620.55
PathBank?6 Model Organisms  Pathbank?® 576 21 429.18 148 4 543.32
PID?? Cancer PathwayCommons?® | 203 102 £78.22 510 + 788.72
SIGNOR™ Binary Causal NDEx!7 36 25+7.76 39 4 31.08
SIGNOR-expanded'* Binary Causal NDEx!" 36 38+£24.20 169+ 483.34
Interactome Broad Focus PathwayCommons?® | 1 18494 1017054
2.1. From Pathways to Undirected Graphs
20

We strove to parse the databases from pathway compendia such as PathwayCommons*’ and
NDEXx,!” which offer APIs and a unified file format. However, some pathways were parsed from
the original source. While many of these databases are actively maintained, some resources
such as NCI-PID and NetPath are no longer updated yet still contain useful information.
We also parsed all of Pathway Commons, which includes experimentally-sourced interaction
databases, as the interactome that is used to generate null models in Section 3.2 (Table 1).
To topologically characterize signaling pathways, we intentionally started simple. We con-
verted every pathway into an undirected graph by parsing Simple Interaction Format (SIF)
files. These files were pulled directly from PathwayCommons or were converted from BioPAX
format using PaxTools. We only considered interactions that involved proteins and required
pathways to contain at least ten undirected edges. Many metabolic networks, for example,
were ignored due to this requirement. We mapped all proteins into HGNC namespace using
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the HGNC mapper (https://www.genenames.org/download/custom/).

Two databases, KEGG and SIGNOR, capture protein families and protein complexes in
their networks.'4 For these databases, we parsed a collapsed version which includes com-
plexes and families as nodes in the network and an expanded version that converts such entities
into their constitutive proteins. Interactions that include families or proteins were expanded
to add an edge for every protein member (e.g., a two-protein family connected to a three-
protein complex added six undirected edges). Further, protein complexes were connected in
an “all-vs-all” manner to indicate physical interaction (e.g., a three-protein complex added
three undirected edges). As expected, the average number of nodes and edges is larger for
the expanded versions of the KEGG and SIGNOR databases (Table 1 and Supplementary
Fig. S1). In total, we considered 1,592 pathways in nine datasets that captured pathways
from seven distinct databases.
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Fig. 1. Vector representations of graph topology. (A) Undirected graphlets up to five nodes, or-
ganized by the number of nodes in the subnetwork. (B) GHuST coefficients.® Refer to the original
publication for formal definitions.

2.2. Topological Characterization of Networks

Graphs have been characterized by global and local characteristics such as degree distribu-
tion, clustering coefficient, and path-based centralities. Topological structures such as network
motifs (small connected subgraphs) have been shown to characterize networks. A natural gen-
eralization of a network motif is to enumerate all possible connected graphs of a specific size.
This collection of networks have been coined as graphlets.
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Graphlets. Graphlets, first introduced by Przulj et al.,'® are an enumeration of small,
connected non-isomorphic graphs. We focus on undirected graphlets with up to five nodes
(Fig. 1A). Graphlets can be efficiently computed, as described in other work.!1? Here we pro-
vide an intuitive description of this calculation. An automorphism orbit (or orbit for short)
of a graphlet is a set of nodes that are automorphic within a specific graphlet. A graphlet’s
orbits summarize the possible distinct positions of each node in each graphlet. For example,
there is one orbit in Gg, two orbits in G; (the middle node and the outer nodes), and one
orbit in G3. There are a total of 73 orbits in the 30 graphlets in Fig. 1A). Once these orbits
have been counted, they can be combined to produce graphlet counts for the network. We use
ORCA to count orbits for each node.!®

GHuST. While graphlets can be efficiently counted in a network, graphlet characterization
can be biased when networks are different sizes and densities. Recent work by Espejo et al.®
developed the GHuST framework: twelve network statistics derived from two- and three-node
graphlets (Fig. 1B). The GHuST framework captures both local and global network topology
without needing four- and five-node graphlets.

The GHuST framework involves calculating twelve network statistics (also called p coef-
ficients) based on the orbits from the first three graphlets (Go — G2). These coefficients are
grouped into four types of characteristics. Global connectivity coefficients measure the propor-
tion of additional edges beyond those required for connectivity as well as leaf proportion and
distribution. Hub coefficients measure the proportion and distribution of hubs in the network.
String coefficients measure the number and proportion of consecutive nodes of degree two
(consecutive Gy graphlets). Finally triangle coefficients measure the proportion, distribution,
and connectivity of triangles (G graphlets) in the network. For simplicity, we call the p values
GHuS'T coefficients and we have implemented them in our software.

3. Topological Structure of Pathway Databases

We asked firstly whether pathways are enriched for particular graphlets or GHuST coefficients
within databases, and secondly whether these pathways are distinguishable from random sub-
graphs of a protein-protein interactome. While previous work has compared graphlet distri-
butions to some random models,'®2?® we used two random graph models that are particularly
well suited to answer our questions.

3.1. Graphlet Enrichment by Random Rewiring

To determine whether pathways are enriched for graphlets or GHuST coefficients, we used a
random rewiring random graph model (REWIRE). In the REWIRE model, pairs of edges from
a graph G are randomly rewired, preserving the degree sequence of G. For each pathway p, a
REWIRE realization rewires on average ten times the number of edges in p; we generated 100
realizations of the REWIRE model. For each graphlet or GHuST coefficient, we computed the Z-
score of the observed value compared to the values from 100 REWIRE realizations and counted
the number of pathways with values that were larger than two standard deviations from
the average. Specific graphlets and GHuST coefficients exhibit statistically significant over or
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under-representation in the Panther database (Fig. 2). The REWIRE null model networks have
the same number of nodes and edges as the original networks, thus, the first graphlet (number
of edges, Gp) and the first GHuST coefficient (line-surplus coefficient p;) are not significant
by constuction. However, many other structural properties that show discernible pattern in
pathways are prevalent (Fig. 2), and these non-random features may be utilized to characterize
pathways. Not all graphlet counts are independent of each other;?® for example, G5 can be
calculated from Gy and Gy, and this redundancy can be seen in the over-representation of
G4 and G11 (Fig. 2). GHuST coefficients are derived two- and three-node graphlets ( e.g. the
triangle rate pg is closely related to the number of triangle Gs), and many triangle-based p
values are similarly over- or under-represented. Strikingly, pathway databases exhibit unique
graphlet and GHuST enrichment patterns (Supplementary Fig. S2 and S3).
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Fig. 2. Over- and under-representation of graphlet counts (left) and GHuST coefficients (right) in
the Panther Database. Select graphlets and p values are labeled below the x-axes.

3.2. Distinguishing Pathways from Random Subnetworks

Next, we considered whether the pathways were distinguishable from other subnetworks of a
protein-protein interactome from PathwayCommons (Table 1). We wanted to preserve path-
way connectivity and size when extracting a subnetwork from the interactome. To do so, we
designed a random walker induced random graph model (WALKER). The WALKER model works
as follows: given an interactome G and a pathway p containing n nodes and m edges, select a
random node from G and perform a random walk until n» nodes have been visited. Then, take
the induced subgraph of G given the visited nodes to get subnetwork H. At this point if H has
m or fewer edges, return H. If not, remove edges from H at random until A has m edges as
long as their removal would not create a connected component of size 1. The WALKER-sampled
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networks are (in practice) the same size as p.* To evaluate how well pathways from a database
are distinguishable from the WALKER model we randomly generate one realization for every
pathway in the database, thus building a balanced dataset with the same number of WALKER
graphs as empirical pathways. We do this five times to generate five balanced datasets.

In this and the remaining analyses we cluster the vector representations of the pathways
(either 30-dimensional graphlet vectors or 12-dimensional GHuST vectors). We perform ag-
glomerative clustering with a mean linkage criterion and a cosine distance metric. Clustering
quality is quantified using adjusted mutual information (AMI), which adjusts for random
chance. Given a partition X determined by the agglomerative clustering and correct labels Y’
(here, “pathway” or “WALKER”), the AMI is defined as

MI(X,Y) — E[MI(X,Y)] 0
avg(H(X),H(Y)) — E[MI(X,Y)]’

where MI(X,Y) is the mutual information of the partitions, F[MI(X,Y)] is the expectation
of the mutual information of two partitions based on a hypergeometric model of randomness,
and H(X) is the entropy of X. A larger AMI indicates that the partitions are more similar,
and hence X better reflects the correct labels Y. We calculate the AMI for every possible
number of clusters admitted by the agglomerative clustering algorithm.

AMI(X,)Y) =
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Fig. 3. (A) Clustering of 32 Netpath pathways (orange leaves) and 32 WALKER networks (brown
leaves) by graphlet counts. (B) AMI of five balanced datasets from NetPath using graphlet counts
and GHuST coefficients. (C) AMI of five balanced datasets from NetPath using G and pg. (D) AMI

of the balanced dataset containing all 1,592 pathways using graphlet counts and GHuST coefficients.

When clustering the balanced datasets, pathways in each database are distinguishable

*This works because the WALKER-induced subgraphs tend to be much denser than pathways, and it
is generally straightforward to find edges which are removable without creating isolated nodes.
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from WALKER networks, with larger AMIs associated with fewer clusters. The dendrogram of
clusters by graphlet counts for the NetPath database, for example, contains only three NetPath
pathways grouped with random networks in an otherwise perfect clustering (Fig. 3A). The
AMI of this dendrogram reflects the good clustering, especially with few clusters since we
have two labels (Fig. 3B left). To compare these results to other topological features such
as clustering coefficient, we took a single dimension from each of the graphlet counts and
GHuST coefficients that captured this information (G2 and ps, respectively) and clustered
the same networks using Euclidean distance; the AMI for both metrics were notably worse
(Fig. 3B middle). When clustering all 1,592 pathways and their WALKER models, we find that
graphlets and GHuST coefficients cluster well in aggregate (Fig. 3B right). Supplementary
Fig. S4 and S5 contain AMI plots for all individual databases.

4. Topological Structure of Corresponding Pathways

After establishing that pathways are distinguishable from random graph models, we moved to
directly comparing pathways across databases. To do so, we first need to identify a subset of
pathways across the seven databases (INOH, KEGG, NetPath, Panther, PathBank, PID, and
SIGNOR) that describe similar processes. We call these corresponding pathways, and we say
that two pathways from different databases correspond if they aim to capture similar signaling
events.

4.1. Identifying Corresponding Pathways

We employ a semi-automated procedure to find corresponding pathways from the seven
databases. Our approach is similar in spirit to that of ComPath,® which generates mappings
between pathway annotations by considering the lexical similarity between names and content
similarity between genes of each pair of pathways followed by a manual curation. Given two
pathway databases A and B, pathway a € A and b € B are corresponding pathways if two
conditions hold.

(1) Tokenized versions of a’s and b’s pathway names share at least one word, after ignoring
domain-specific terms (e.g., signaling, activation, network, downstream, etc.) and common
stop words.

(2) The asymmetric Jaccard overlap J(a,b) is non-zero; that is, a and b have at least one node
in common (normalized by the number of nodes in a).

Let f(a, B) denote the set of pathways b € B that correspond with pathway a. Two pathways
a € A and b € B are symmetrically corresponding if they are corresponding pathways and each
have the largest asymmetric Jaccard overlap among all other corresponding pathways in each
database:
argmax J(a,b’) = b and argmax J(d’,b) = a. (2)
vef(a,B) a’ef(b,A)
Since we are trying to find broad canonical pathways across databases we ignore pathways
that include diseases or non-canonical terms (e.g., cancer, syndrome, viral, inflammation, etc.),
model organisms (e.g., xenopus, drosophila, etc.), or metabolic signaling terms.
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Next, we must identify groups of symmetrically corresponding pathways that collectively
describe a single event across multiple databases. To do so, we build an undirected graph
G = (V, E) where the nodes are pathways and two nodes are connected if the pathways are
symmetrically corresponding (Fig. 4A). We find connected components in G that contain
pathways from at least 7 different databases, where 7 is a user-defined threshold (we use
7 =06).

Finally, we have a last manual step that examines each connected component that passes
the 7 threshold, assigns a common name to the pathway, and selects exactly one pathway
for each database based on the pathway name.t If we cannot determine a common name, we
remove that connected component from consideration. Once we have a table of corresponding
pathways for each database, we add the KEGG-collapsed and SIGNOR-collapsed datasets,
since they will have an exact match with the KEGG-expanded and SIGNOR-expanded titles.
Complete details about gathering, parsing, and finding corresponding pathways are provided
in the GitHub repository.
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Fig. 4. (A) Identifying corresponding pathways. We first build a graph where the nodes are pathways
and two edges denote symmetric correspondence. Then, we find the connected components that
contain at least 7 different databases and ensure at most one pathway per database. Finally, we
name each connected component based on the pathway names. (B) Each connected component is
represented as a row in the matrix, which describes the average Jaccard overlap of each pathway
across databases. White entries denote databases with no corresponding pathway.
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Corresponding pathways have low node overlap. While we used Jaccard overlap to
determine corresponding pathways, this overlap was typically quite low. For each pathway,
we calculated the Jaccard overlap for pairs of databases, resulting in a database-by-database
heatmap of overlaps (Supplementary Fig. S6). We then calculated the average Jaccard value
for each pathway/database combination (Fig. 4B). For Hedgehog, TNFalpha/Fas, TCR, and
p38/MAPK, on average about a third of the nodes were shared between any two pathways. The
Notch and Wnt pathways had slightly higher overlap, with an average of 0.5 across the rows.

"Note that it is possible that a connected component may have two pathways b, b’ € B from the same
database if they were symmetrically corresponding with other pathways in different databases.
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Notably, many of the overlaps were bleak, with minimums ranging from 0.08 (p38/MAPK) to
0.29 (Notch) across the rows.

Corresponding pathways cluster by database. Once we had corresponding pathways, we
calculated the AMI from the agglomerative clustering based on cosine similarity as described in
Section 3.2. We found that the AMI was much higher when we labeled partitions by database
instead of by pathway (the blue “Original” curves in Fig. 5A). This indicates that there
are database-specific topologies that are driving the clustering; we call this database-specific
structure.
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Fig. 5. (A) AMI of graphlet counts and GHuST coefficients when clustering corresponding path-
ways using databases as ground truth labels (first two plots) or pathways as ground truth labels
(last two plots). Blue lines indicate clustering by original values; brown lines indicate clustering by
regression-transformed coordinates. Vertical red line indicates the correct number of clusters for each
ground truth dataset. (B) Dendrograms of the clusters using original (top) and transformed (bottom)
graphlet counts, colored by the six pathway labels. The AMI of these dendrograms are shown in the
shaded plot in Panel (A).

5. Correcting for Database-Specific Structure Reveals Pathway Similarities

The blue “Original” curves in Fig. 5A suggest that pathways within a specific database share
some topological similarities. This is not particularly surprising, since each database is designed
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by curators with different goals in mind. We wondered whether we could correct for the
database-specific structure to reveal pathway specific topological features. To do this, we used
a simple ordinary least squares (OLS) model to find database weights to transform pathway
vector embeddings. For this part, we normalize the graphlet counts by all counts for graphlets
with the same number of nodes (e.g., the number of triangles is normalized by the sum of
Gy and Gg). We treat each graphlet value or GHuST coefficient separately. Let x ) be the
ith co-ordinate in the vector embedding where j denotes the pathway and k is the database
label, in a set of at least six corresponding pathways. For each coordinate ¢ and pathway 7,
we construct a profile y as an average over all databases as

_ 1 (k)
Yij = ﬁj zk:x” (3)

where N; is the number of databases that contain pathway j. Note that the average profile y
is not specific to a database and only has two indices i and j.

We use the following linear regression for each coordinate i to identify database-specific
structure within the pathway profiles using y as the target function.

yig = ai + gz ¢ (4)

The estimated values of the intercept a and the regression coefficients 8 that minimize the
error term e can be used to transform any pathway profile in a database. The transformed
profiles Z are computed as

) =l 4 g (5)

irj

Recall that our goal is to have correspondlng pathways cluster together, rather than
databases. Clustering the transformed coordinates :c(k dramatically reduces the AMI for
database labels while increasing the AMI for pathway labels (brown “Transformed” curves
in Fig. 5A). This is illustrated with cluster dendrograms of the original and transformed
graphlet counts (Fig. 5B). Not only does this illustrate that the database-specific structure
is reduced, but pathways from different databases are closer in the transformed vector space.
The effect of transformation can also be seen in the first two principal components of the
GHuST coefficients, where some databases cluster in the original vector space and nearly all
pathways cluster in the transformed vector space (Fig. 6 and Supplementary Fig. S9). Notch
and Wnt overlap in the transformed space, which makes sense due to their extensive pathway
crosstalk. The first two principal components of the transformed graphlet counts also reveals
clustering by pathway (Supplementary Fig. S10).

6. Discussion

As the number of pathway databases grows, we have the opportunity to leverage more curated
interactions to better understand cellular behavior and response. However, combining signal-
ing pathways across databases is not a trivial task, and databases may each have structural
features that obfuscate latent pathway structure. We have presented a topology-based frame-
work for describing pathway structure and reconciling signaling pathways across databases.
Signaling pathway structure is consistently distinct from random graph models, even when
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Fig. 6. Principal component analysis (PCA) of the first two components for the original GHuST
coefficients (left) and the transformed coefficients (right) for the five datasets that have all six cor-
responding pathways for 7 = 6. Datasets are denoted by marker shape, pathways are denoted by
colors. Representative clusters are annotated

accounting for node degree and comparing to appropriate subnetworks from a larger inter-
actome. Using a new approach that accounts for database-specific structure, we show that
corresponding pathways cluster together and ultimately share topological features despite
coming from differently-curated resources.

We use two embeddings based on graphlets to describe network topology. We found the
AMI curves based on graphlet counts were often slightly larger than those based on GHuST
coefficients, but it is striking that GHuST performs so well given that the coefficients are
derived from only two- and three-node graphlets. Further, neither embedding worked partic-
ularly well when reducing 7 to four for corresponding pathways, though the trends of the
original and transformed AMIs still hold (Supplementary Fig. S7, S8, and S11). We suspect
there is room for more descriptive statistics using four node graphlets in a GHuST-like frame-
work which may outperform both GHuST coefficients as well as graphlets for the study of
signaling structure.

We (and the folks we build our work upon) have to make many choices in the design
and execution of our work, and thus there are many sources of bias in our study. First and
foremost, the foundation of our work builds upon the manual curation of different databases.
Some databases are considerably more well-developed than others — KEGG, for example,
is over twenty years old and is still actively maintained. Newer databases like SIGNOR and
PathBank are smaller than others but are quickly growing. Researchers might be more familiar
with a particular pathway database and slower to adopt new resources, which might also lead
to bias in the peer review of database publications. For example, updates of existing databases
may be more well-received than new databases that offer complementary resources.

Certain pathways are more studied than others, and canonical versions of pathways are
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more often described than non-canonical counterparts. Examples of well-studied pathways
appear in our corresponding pathway lists, since we require that the pathways are present in
multiple databases. This might expressly contradict the goal of particular pathway databases,
for example PathBank includes model organisms beyond human pathways.

The decisions made by us and others to interpret biochemical reactions as graphs un-
doubtedly affects our results. Firstly, nearly all pathway databases capture directed, signed
interactions, and standardized pathway formats like BioPAX and SBML capture multi-way re-
lationships and reaction stochiometry. These details are ignored when we use undirected graph
representations. We partially addressed this issue with the “expanded” versions of KEGG and
SIGNOR pathways, but it certainly deserves more investigation. Directed graphlets'?! and
signed graphlets? could reveal more refined pathway structure.

Our methods are intentionally straightforward, with the goal to show that using topological
metrics on undirected networks can reveal pathway-specific structure. In addition to improving
the underlying graph representation of signaling, there is room for improvement in the choice
of clustering and the regression model for correcting database-specific topologies. Additionally,
we note that the transformed coordinates do not directly translate into networks that exhibit
those coordinates. An exciting area of future work is to identify subgraphs from a larger
interactome that approximates an arbitrary graphlet count vector.

As the number of signaling pathway databases grows, topological features hold promise in
elucidating pathway specific structure. While signaling pathway representations have long been
acknowledged to be different within and across databases, we have shown that it is possible
to reduce database-specific structure and find structural similarities among corresponding
pathways. Our work indicates that reconciling pathways while retaining the databases as
separate entities can characterize signaling pathway structure.

Code Availability. Code to parse databases, count graphlet and calculate GHuST coeffi-
cients, and generate all results is available at
https://github.com/Reed-CompBio/pathway-reconciliation.

Acknowledgments. This work is funded by the National Science Foundation (DBI
#1750981) to AR.

References

1. David Aparicio, Pedro Ribeiro, and Fernando Silva. Network comparison using directed
graphlets. arXiv preprint arXiv:1511.01964, 2015.

2. Stéphanie Boué, Marja Talikka, Jurjen Willem Westra, William Hayes, Anselmo Di Fabio, Jen-
nifer Park, Walter K Schlage, Alain Sewer, Brett Fields, Sam Ansari, et al. Causal biological
network database: a comprehensive platform of causal biological network models focused on the
pulmonary and vascular systems. Database, 2015, 2015.

3. Saikat Chowdhury and Ram Rup Sarkar. Comparison of human cell signaling pathway databas-
esevolution, drawbacks and challenges. Database, 2015, 2015.

4. Apratim Das, Alex Aravind, and Mark Dale. Algorithm and application for signed graphlets.
In 2019 IEEE/ACM International Conference on Advances in Social Networks Analysis and
Mining (ASONAM), pages 613-620. IEEE, 2019.


https://doi.org/10.1101/2021.08.03.454954
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.08.03.454954; this version posted August 4, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

5. Emek Demir, Ozgun Babur, U Dogrusoz, A Gursoy, Gurkan Nisanci, Renguel Cetin-Atalay, and
Mehmet Ozturk. Patika: an integrated visual environment for collaborative construction and
analysis of cellular pathways. Bioinformatics, 18(7):996-1003, 2002.

6. Daniel Domingo-Fernandez, Charles Tapley Hoyt, Carlos Bobis-Alvarez, Josep Marin-Llas, and
Martin Hofmann-Apitius. Compath: an ecosystem for exploring, analyzing, and curating map-
pings across pathway databases. NPJ systems biology and applications, 4(1):1-8, 2018.

7. Daniel Domingo-Fernandez, Sarah Mubeen, Josep Marin-Llad, Charles Tapley Hoyt, and Mar-
tin Hofmann-Apitius. Pathme: Merging and exploring mechanistic pathway knowledge. BMC
bioinformatics, 20(1):1-12, 2019.

8. Rafael Espejo, Guillermo Mestre, Fernando Postigo, Sara Lumbreras, Andres Ramos, Tao Huang,
and Ettore Bompard. Exploiting graphlet decomposition to explain the structure of complex
networks: the ghust framework. Scientific reports, 10(1):1-14, 2020.

9. Antonio Fabregat, Steven Jupe, Lisa Matthews, Konstantinos Sidiropoulos, Marc Gillespie,
Phani Garapati, Robin Haw, Bijay Jassal, Florian Korninger, Bruce May, et al. The reactome
pathway knowledgebase. Nucleic acids research, 46(D1):D649-D655, 2018.

10. Tomaz Hocevar and Janez DemsSar. A combinatorial approach to graphlet counting. Bioinfor-
matics, 30(4):559-565, 2014.

11. Justin K Huang, Daniel E Carlin, Michael Ku Yu, Wei Zhang, Jason F Kreisberg, Pablo Tamayo,
and Trey Ideker. Systematic evaluation of molecular networks for discovery of disease genes. Cell
systems, 6(4):484-495, 2018.

12. Kumaran Kandasamy, S Sujatha Mohan, Rajesh Raju, Shivakumar Keerthikumar, Ghantasala
S Sameer Kumar, Abhilash K Venugopal, Deepthi Telikicherla, J Daniel Navarro, Suresh Math-
ivanan, Christian Pecquet, et al. Netpath: a public resource of curated signal transduction path-
ways. Genome biology, 11(1):R3, 2010.

13. Minoru Kanehisa, Miho Furumichi, Yoko Sato, Mari Ishiguro-Watanabe, and Mao Tanabe. Kegg:
integrating viruses and cellular organisms. Nucleic acids research, 49(D1):D545-D551, 2021.

14. Luana Licata, Prisca Lo Surdo, Marta Iannuccelli, Alessandro Palma, Elisa Micarelli, Livia
Perfetto, Daniele Peluso, Alberto Calderone, Luisa Castagnoli, and Gianni Cesareni. Signor 2.0,
the signaling network open resource 2.0: 2019 update. Nucleic acids research, 48(D1):D504-D510,
2020.

15. Huaiyu Mi, Dustin Ebert, Anushya Muruganujan, Caitlin Mills, Laurent-Philippe Albou,
Tremayne Mushayamaha, and Paul D Thomas. Panther version 16: a revised family classifi-
cation, tree-based classification tool, enhancer regions and extensive api. Nucleic acids research,
49(D1):D394-D403, 2021.

16. Sarah Mubeen, Charles Tapley Hoyt, André Gemiind, Martin Hofmann-Apitius, Holger Frohlich,
and Daniel Domingo-Fernandez. The impact of pathway database choice on statistical enrichment
analysis and predictive modeling. Frontiers in genetics, 10:1203, 2019.

17. Rudolf T Pillich, Jing Chen, Vladimir Rynkov, David Welker, and Dexter Pratt. Ndex: a com-
munity resource for sharing and publishing of biological networks. In Protein Bioinformatics,
pages 271-301. Springer, 2017.

18. Natasa Przulj, Derek G Corneil, and Igor Jurisica. Modeling interactome: scale-free or geometric?
Bioinformatics, 20(18):3508-3515, 2004.

19. Anna Ritz, Christopher L Poirel, Allison N Tegge, Nicholas Sharp, Kelsey Simmons, Allison
Powell, Shiv D Kale, and TM Murali. Pathways on demand: automated reconstruction of human
signaling networks. NPJ systems biology and applications, 2(1):1-9, 2016.

20. Igor Rodchenkov, Ozgun Babur, Augustin Luna, Bulent Arman Aksoy, Jeffrey V. Wong, Dy-
lan Fong, Max Franz, Metin Can Siper, Manfred Cheung, Michael Wrana, et al. Pathway com-
mons 2019 update: integration, analysis and exploration of pathway data. Nucleic acids research,
48(D1):D489-D497, 2020.


https://doi.org/10.1101/2021.08.03.454954
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.08.03.454954; this version posted August 4, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

21. Anida Sarajli¢, Noél Malod-Dognin, Omer Nebil Yaveroglu, and Nataga Przulj. Graphlet-based
characterization of directed networks. Scientific reports, 6:35098, 2016.

22. Carl F Schaefer, Kira Anthony, Shiva Krupa, Jeffrey Buchoff, Matthew Day, Timo Han-
nay, and Kenneth H Buetow. Pid: the pathway interaction database. Nucleic acids research,
37(suppl_1):D674-D679, 2009.

23. Denise N Slenter, Martina Kutmon, Kristina Hanspers, Anders Riutta, Jacob Windsor, Nuno
Nunes, Jonathan Mélius, Elisa Cirillo, Susan L Coort, Daniela Digles, et al. Wikipathways: a
multifaceted pathway database bridging metabolomics to other omics research. Nucleic acids
research, 46(D1):D661-D667, 2018.

24. Donny Soh, Difeng Dong, Yike Guo, and Limsoon Wong. Consistency, comprehensiveness, and
compatibility of pathway databases. BMC' bioinformatics, 11(1):1-16, 2010.

25. Dénes Tiirei, Alberto Valdeolivas, Lejla Gul, Nicolas Palacio-Escat, Michal Klein, Olga Ivanova,
Marton Olbei, Attila Gabor, Fabian Theis, Dezs6é Médos, et al. Integrated intra-and intercellular
signaling knowledge for multicellular omics analysis. Molecular systems biology, 17(3):€9923,
2021.

26. David S Wishart, Carin Li, Ana Marcu, Hasan Badran, Allison Pon, Zachary Budinski, Jonas
Patron, Debra Lipton, Xuan Cao, Eponine Oler, et al. Pathbank: a comprehensive pathway
database for model organisms. Nucleic acids research, 48(D1):D470-D478, 2020.

27. Satoko Yamamoto, Noriko Sakai, Hiromi Nakamura, Hiroshi Fukagawa, Ken Fukuda, and Toshi-
hisa Takagi. Inoh: ontology-based highly structured database of signal transduction pathways.
Database, 2011, 2011.

28. Omer Nebil Yaveroglu, Noél Malod-Dognin, Darren Davis, Zoran Levnajic, Vuk Janjic, Rasa
Karapandza, Aleksandar Stojmirovic, and Natasa Przulj. Revealing the hidden language of com-
plex networks. Scientific reports, 4:4547, 2014.

29. Pourya Naderi Yeganeh, Chrsitine Richardson, Erik Saule, Ann Loraine, and M Taghi Mostafavi.
Revisiting the use of graph centrality models in biological pathway analysis. BioData mining,
13(1):1-23, 2020.

30. Da-Yong Zhuang, LI Jiang, Qing-Qing He, Peng Zhou, and Tao Yue. Identification of hub subnet-
work based on topological features of genes in breast cancer. International Journal of Molecular
Medicine, 35(3):664-674, 2015.


https://doi.org/10.1101/2021.08.03.454954
http://creativecommons.org/licenses/by-nc/4.0/

