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ABSTRACT

Cell signaling pathways are important tools used by biol-
ogists to model how signals are transduced through cells.
Though signaling pathways can be (and often are) modeled
using graphs, we instead use a generalization known as di-

rected hypergraphs. We find directed hypergraphs to be a
useful alternative to standard graphs, because hypergraphs
give us a way to represent complex biological reactions that
may have more than one reactant or product.

Prior work analyzing cell signaling as hypergraphs sought
structures called hyperpaths. We develop the notion of a hy-

pershrub, a multi-source, multi-target generalization of a hy-
perpath. We create a formulation that finds specific, prize-
dense hypershrubs that may be representative of biologi-
cal phenomena that went previously unnoticed in standard
graph representations of the same signaling pathways.

To build our graphs, we introduce a weighting scheme that
uses differential expression data to assign weights to nodes,
representative of proteins and protein complexes, based on
confidence that a given node is differentially regulated be-
tween conditions. This method is agnostic about whether or
not a node is up-regulated or down-regulated between con-
ditions, allowing us to find pathways that may involve both
positive and negative regulation. We apply this formulation
to the human Hedgehog signaling pathway, using data from
Basal Cell carcinoma (BCC), to analyze the effectiveness of
our algorithm on real data.

Keywords

hypergraphs, cell signaling networks, cancer, BCC

1. INTRODUCTION
One of the most promising areas where computational

methods are now being applied in a biological context con-
cerns the study of signaling pathways within cells. Cell sig-
naling pathways are useful to understand how information
propagates throughout cells, ultimately changing their be-
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havior. Understanding how signaling information spreads
throughout a cell helps us to better grasp dysregulations
that result in changes to cellular dynamics. These dysregu-
lations are often manifested in heterogeneous diseases such
as cancer [7].

One of the difficulties presented by applying traditional
computational methodologies to analysis of signaling path-
ways is that modeling pathways that contain complex reac-
tions using standard graphs leads to information loss and
oversimplification. To better model these systems, we use
directed hypergraphs [6] to more accurately model the bio-
logical reactions taking place within cells. We define a di-
rected hypergraph, H, as a pair (V, E), where V is a finite
set of vertices and E ⊆ 2V × 2V is a finite set of directed

hyperedges connecting members of V . A directed hyperedge
e ∈ E relates a tail set T(e) to a head set H(e). We require
that H(e) and T(e) are disjoint and are each nonempty [2].
Using hypergraphs, we model proteins, protein complexes,
and small molecules as nodes and we use hyperedges to de-
note their involvement in known reactions.

2. HYPERSHRUBS
We develop a formulation that seeks“hypershrubs”, mean-

ingful subnetworks that, roughly speaking, connect inter-
esting sources to interesting targets. Consider the follow-
ing for an edge subset A ⊆ E . Define T (A) = ∪e∈AT (e),
H(A) = ∪e∈AH(e), and V (A) = T (A)∪H(A). The induced

root set of A is D(A) = V (A) \H(A), and the induced leaf

set of A is C(A) = V (A) \ T (A). An example of this is
shown in Figure 1. Given S, T ⊆ V where S ∩ T = ∅, an
S, T -hypershrub is an A ⊆ E where S, T ⊆ V (A), D(A) ⊆ S

and C(A) ⊆ T . When sources S and targets T are deter-
mined ahead of time, an S, T -hypershrub A is a subnetwork
that includes all the source and target nodes, directed only
from sources as roots to targets as leaves.

For the pathway analysis applications we consider here, we
seek hypershrub-like structures in hypergraphs by instead
inferring sources and targets from additional experimental
data. This leads us to a “prize-collecting” formulation that
places weights on nodes and hyperedges, a series of scores
and costs, to find optimal subnetworks that include valued
nodes, while minimizing the edges and induced leaves and
roots that connect them.

3. WEIGHTING FROM DATA
To build hypergraphs, we draw upon the wealth of publi-

cally available databases that have arisen in the last decade




