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Abstract

Motivations: Signal transduction is the common
term used to define a diverse topic that encompasses
a large body of knowledge about the biochemical
mechanisms. Since most of the knowledge of sig-
nal transduction resides in scientific articles and is
represented by texts in natural language or by di-
agrams, there is the need of a knowledge represen-
tation model for signal transduction pathways that
can be as readily processed by a computer as it is
easily understood by humans.

Results: A signal transduction pathway representa-
tion model is presented. It is based on a compound
graph structure and is designed to handle the di-
versity and hierarchical structure of pathways. A
prototype knowledge base was implemented on a de-
ductive database and a number of biological queries
are demonstrated on it.
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1 Introduction

Signal transduction is the common term used to de-
fine a diverse topic that encompasses a large body of
knowledge about the biochemical mechanisms (Ray,
1999). Initial studies on signal transduction were
focused largely on growth factor signals that upreg-
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ulate or downregulate certain genes. But the aston-
ishingly rapid progress in this field, which covers
model systems from bacteria to humans, demon-
strates its importance for the understanding of var-
ious biological processes (i.e., control of cell fates,
sense of direction, response to blue light, etc.).

The range of topics researchers have to cover is
becoming broader and broader, but the information
still resides mostly in scientific articles represented
by natural language or drawings, which makes it
hard to comprehensively trace the required informa-
tion. This situation motivated the current blossom
of information extraction (IE) from biological texts
and other document processing projects. But the
target information is in most cases interactions or
relations of proteins or genes ((Proux et al., 2000),
(Shatkay et al., 2000), (Thomas et al., 2000), (Rind-
flesch et al., 2000), (Humphreys et al., 2000)).

Data on protein-protein interactions, which can
be thought of as units of signals in cellular signal
transduction pathways, are becoming also available
through experiments and computational analyses in
a comprehensive way (Uetz et al., 2000; Fromont-
Racine et al., 1997; Flores et al., 1999; Marcotte,
2000; Enright et al., 1999; Marcotte et al., 1999;
Eisenberg et al., 2000). But the problem is that
these interactions derive a huge graph with a high
degree of connectivity, including artifacts and false-
positive predictions, which is difficult to interpret.

The cell system orchestrates biochemical interac-
tions to form a signal transduction pathway that re-
alize an appropriate cellular function in each tissue
or environment. Hence, to decipher the mystery of
the life phenomenon, it is important to understand
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not only the function of each interaction itself but
also the pathway as a whole in which it occurs as a
part.

Thus a method capable of structurally represent-
ing the signal transduction pathway in a form that
can be readily processed by computers and easily
understood by humans would be of great value.

The rest of the paper is organized as follows. In
the next section we briefly review the features of bi-
ological pathways and then introduce our knowledge
representation model. After providing examples of
queries, we discuss limitations and future directions.

2 Features of Signal Transduction
Pathways

In the case of extensive genome knowledge bases,
metabolic pathways are commonly represented by
a graph-like structure in which nodes represent re-
actants, products or EC numbers and edges rep-
resent reactions. Owing to a matured background
knowledge, KEGG has ~ 90 of these reference maps
(Kanehisa and Goto, 2000) and EcoCyc has 129
metabolic pathway objects (Karp et al., 1999). Each
map or pathway is categorized into an existing tax-
onomy according to its function.

However, the signal transduction pathway has
neither a widely accepted taxonomy of biologi-
cal functions as does the EC classification system
(Webb, 1992) nor an accepted reference pathway
map, but is rather a huge archive of small frag-
mented pathways that concerns various species, cell-
lines, and developmental stages. This makes sig-
nal transduction domain different from metabolic
pathway domain. Many types of molecules are in-
volved in signal transduction, e.g., hormones, neu-
rotransmitters, membrane receptors, ion channels,
transcription factors, metal ions, and so on. In
addition, the molecules are related to each other
not only by biochemical interactions (local func-
tions (Karp, 2000)) but also by direct or indirect in-
teractions of regulations (regulatory functions, i.e.,
upregulation /downregulation, activation/inhibition
and increase/decrease.). These two functions rep-
resent different concepts. A protein that is “regu-
latively” activated can be “physically” either phos-

phorylated or dephosphorylated by that activation.
In this sense regulatory interactions represent a pro-
tein’s function in a more abstract manner with the
interpretation of the authors.

The diversity of concepts involved in signal trans-
duction together with the rapid and uninterrupted
progress of research in this area results in the lack
of a well-defined language to write down the knowl-
edge in articles. And this lack makes it difficult to
model a signal transduction pathway diagram as a
graph as described below.

2.1 Heterogeneous Knowledge Granu-

larity

A signal transduction pathway diagram, which rep-
resents a mechanism of a certain cell function, con-
sists of a set of orchestrated local functions. Thus
each part of a pathway can be decomposed into frag-
ments of pathways at an arbitrary level of detail,
depending on the author’s interest. This results in
a diagram that consists of biological entities of ir-
regular knowledge granularity.

Figure 1 shows examples that describe the same
TGF-3/Smad signaling pathway. Figure la is from
a review (Ulloa et al., 1999). It shows that TGF-3
assembles a ligand-induced receptor complex that
phosphorylates a member of the R-Smad class,
Smad3, which enables Smad3 to associate with
Smad4 to accumulate in the nucleus. The recep-
tor complex consists of TGF-# and two receptor
serine/threonine kinases, type I and type II. Type
IT receptor activates type I receptor through phos-
phorylation. Smads in the nucleus associate with
DNA binding cofactors and activators or repressors.
Figure 1b is taken from a study that reported an
interplay between TGF-j signaling and IFN-v sig-
naling. Accordingly, this figure does not go into de-
tail, but represents the pathway in a more abstract
way. Both examples represent a pathway by means
of a graph-based structure with circles and arrows.
While in the former example a circle represents a
protein, in the latter a circle represents one of three
different concepts: a protein, a receptor complex
consisting of several proteins, and a cell response to
outer stimuli which itself can be represented as a
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Figure 1: Examples of TGFj Signaling diagram.

pathway.

Therefore to represent these diagrams as a graph,
one needs to decide what the primitive components
are in each pathway, and to comprehensively de-
termine how each node can be decomposed into
these primitives. However, considering the num-
ber of available articles and the diversity of the sig-
nal transduction domain, a bottleneck is likely to
arise in the data-retrieval phase when constructing
a knowledge base.

Another drawback of a graph representation is
that it omits the author’s sectioning of a path-
way (i.e., receptor complexes, downstream cascades,
etc.), which is important to understand the path-
way’s structure. For example, a detailed graph with
primitives as its nodes connected by edges consti-
tutes an overly complex model and is not informa-
tive to a user who only wants to know the sub-
strate of a TGF-8 receptor. This loss of information
caused by omitting the sectioning can be crucial, as
we do not have a widely accepted taxonomy of sig-
nal transduction pathways.

2.2 Incomplete Knowledge Description

Studies on signal transduction pathways often do
not provide comprehensive information about ev-
ery relation in the pathway (Takai-Igarashi and
Kaminuma, 1999). For example, the author may

omit a well-known portion of the pathway under
the presumption that the reader is already famil-
iar with it. A portion of the pathway not clearly
understood yet may also be omitted.

Because of this incompleteness, even a well-
known pathway can be fragmented in a knowledge
base. An example is the description of a complex
such as “AtCUL is a component of an SCF(SKP-
cullin-F-box) ubiquitin ligase complex that includes
TIR1, the F-box protein, and ASK1, a homolog of
yeast SKP1” (McCarty and Chory, 2000). This de-
scription defines the members of a complex, but not
the direct relations between them. Consider a path-
way of proteins A, B and C', where C' is a complex
with subcomponents Cy, C5, and C5, and where A
interacts with C'; and B interacts with (5, but di-
rect interactions between (C}, C;) are not provided.
A graph will represent A, B, (4, C3, and (35 as
nodes with edges (A,C4), (C3,B). In this repre-
sentation the pathway from A to B through C' is
fragmented because a path from 'y to C'5 is not de-
fined. A way to avoid this fragmentation is to add
virtual edges between all (C;,C;). But this does
not allow representation of subcomponents of a sub-
component. In addition the graph will have become
overly intricate, and to find a complex one needs to
find a clique!.

From these observations we recognized that a sig-
nal transduction pathway diagram should be mod-
eled as a graph whose nodes can be decomposed into
another graph for arbitrary depth.

3 Methods

3.1 Modeling Pathways

To model a signal transduction pathway we use a
compound graph. The method is designed to cap-
ture directly the structure of pathways that biolo-
gists bear in mind or that are described in articles.
The model does not assume the existence of a well-
defined semantics of the domain.

A compound graph is an extension of a graph
definition in which each node can contain a graph

YA clique of a graph is a maximal complete subgraph. A
complete graph has every pair of its nodes adjacent.
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Figure 2: An example of a compound graph.

inside itself. First, we give a general definition of a
compound graph.

3.1.1 Compound Graph Definition

A graph G = (V,F) is defined by a finite set V
of nodes and a finite set F of edges, which are or-
dered pairs (a,b,!) of nodes a, b with a label [. «
is called the source node and b is called the target
node of the edge, respectively. A path of length m
between a node a; and a node a,, is a sequence of
nodes ay, as, ...,a,, such that (a;, a;11,0;) € E, for
r=1,....,m—1.

A rooted tree T' = (V, E/,r) is a graph such that
for every node a € V, except for the node r called
the root of the tree, there is a unique path from r to
a. For every node a € V, except r, a unique node b
such that (b,a,l) € F exists and is called the parent
of a. Foranode a € V, the nodes in {b|(a,b,l) € E'}
If node a € V does
not have a child, @ is called a leaf of the tree, and
otherwise a is an internal node. The ancestors of a
are nodes that are on the path from the root node
r to a, with the exception of a itself.

A compound graph CG = (G, T) is defined as the

are called the children of a.

pairing of a graph G = (V, E%) and a rooted tree
T = (V,ET,r) that share the same set of nodes.
In this paper, we refer to the graph G of C'G as
an interaction graph and the tree T of C'G as a de-
composition tree. An edge e € EY is called an
interaction edge and an edge e/ € ET is called a
decomposition edge. A fragment Frag(a) of C'G is
defined as a compound subgraph derived from the
nodes of the subtree 7" of T', rooted by the internal
node a of T'. Figure 2 is an example of a compound

graph.

3.1.2 Signal Transduction Pathway Model

A compound graph CG represents a signal trans-
duction pathway SP. Then, a knowledge base of sig-
nal transduction pathways KB is defined by (9, R),
where 5 is a set of CGs and R is a set of rules to
manipulate the data. Every biological entity that
appears in the diagram is an individual node of C'G.
For example, a phosphorylated Smad3 and an un-
phosphorylated Smad3 are two distinct nodes in C'G
of the TGF-j signal transduction pathway. Smad3
in the cytosol and Smad3 accumulated in the nu-
cleus are also represented as two different nodes. A
local interaction with the name [ in SP is an interac-
tion edge of C'G' with the label [. The labels of inter-
action edges used throughout this paper are shown
in Table 1. phosphorylate is an attach_modifier edge
and attach_modifier is a modify edge. dephosphory-
late is a detach_modifier edge and detach_modifier
is a modify edge. An edge (a, b, statechange) means
that state a has changed to b, i.e., activated or inac-
tivated by phosphorylation, dephosphorylation, etc.
For more detailed descriptions, one can use other
available ontologies (Bioontology, 2000). A regula-
tory function is an interaction edge of C'G with the
label activation or inhibition.

If a set of biological entities ent;(i = 1,...,n) can
be integrated into a biological concept b (e.g., a pro-
tein complex, a downstream cascade) in SP, then b
is a node in C'G which has ent; as its children in the
decomposition tree T'. An ontology for this integra-
tion/decomposition relation is shown in Table 1. A
protein complex is decomposed into subunits with
the has_component relation. If a protein has several
modified forms, i.e., a non-phosphorylated form,
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Figure 3: A compound graph of the TGF-
beta/Smad pathway.

a form phosphorylated at the C-terminal, a form
phosphorylated at the linker region, etc., the protein
is decomposed into these modified forms with the
has_state relation. An integration/decomposition
relation in SP with a name L is a decomposition
edge in C'G with the corresponding label. We refer
to Frag(b) as a pathway fragment b of SP. Thus a
fragment can contain other fragments and its hierar-
chical structure is defined by the decomposition tree
T. Note that in our model this hierarchical relation
is not necessarily a hierarchy of “is_a” relations that
is in a concept tree.

Figure 3 shows the TGF-5/Smad pathway repre-
sented by a compound graph. Pathways represented
by compound graphs can be easily integrated by
adding a new root node as shown in Figure 4.

3.2 Implementing Pathways

3.2.1 HilLog

A prototype knowledgebase is implemented on XSB
ver.2.2 (xsb, 2000) that can process a predicate logic
called HiLog (Chen et al., 1993) 2. A distinguishing

?Note that a user does not need to understand the HiLog
code or any prolog syntax. Queries will be submitted through
a graphical user interface (GUI) that presents directly the
structure of the stored knowledge as shown in Figure 3 (al-
though the GUI is not implemented yet).

feature of HiLog is that even though it has a higher-
order syntax its semantics is first-order. HiLog al-
lows arbitrary terms to be relation names so that
terms can appear in places where predicates, func-
tions, and atomic formulas occur in predicate cal-
culus.

EXAMPLE?
A Prolog predicate calculating a transitive closure
of edge can be written as follows:

path(X,Y) :- edge(X,Y).

path(X,Y) :- edge(X,Z), path(Z,Y).
With HiLog syntax, a more generic transitive clo-
sure predicate can be defined:

closure(R) (X,Y) :- R(X,Y).

closure(R) (X,Y) :-

R(X,Z),closure(R)(Z,Y).

Here, closure is syntactically a second-order func-
tion which, given any relation R, returns its transi-
tive closure closure(R).

3.2.2 Example: the TGF-beta/Smad path-
way

A part of the pathway in Figure 3 (the TGF-j re-
ceptor complex) is shown in Figure 5 as a HiLog
code. For simplicity, a node has only two at-
tributes, i.e., its object 1D and its name. Each
interaction edge and decomposition edge is imple-
mented as a predicate with the name of the corre-
sponding edge label. For example, an interaction
edge (nidl,nid3,bind) is a predicate bind(eid1,
nidl, nid3) in a HilLog program. The hierar-
chy of the edge ontology is defined as in Figure 6.
edge(bind) means that bind is an edge relation.
modify(R) :-attach modifier(R) means that re-
lation R is an attach modifier relation and is a
modify relation.

4 Computation

In this section, examples of queries are presented.

®the example is borrowed from (Chen et al., 1993)
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Interplay of TGF-beta pathway and INF-gamma pathway (new root)

Figure 4: Interplay of the TGF-beta/Smad pathway and IFN-+/Statl pathway.

% part of the interaction graph
node(nidl,tgf_beta).
node(nid2,tgf_beta_receptor_complex) .
node(nid3,type2_receptor).
node(nid4,phos_typel_receptor).
node(nidb5,nonphos_typel_receptro).

Type of edges node(nid6,typel_receptor).
interaction decomposition node(nid12,smad_cascade) .
bind has_component
release has_state % part of the decomposition tree
modify has_a default(cidl, nid0, nid2).
attach_modifier default default(cid2, nid0, nidi12).
phosphorylate default(cid3, nid0, nid1).
detach_modifier has_component(chid4, nid2, nid3).
dephosphorylate has_component(chid5, nid2, nid6).
statechange has_state(chid6, nid6, nidh).
translocate has_state(chid7, nid6é, nid4).

default

% part of the interaction edges
bind(eid1,nid1,nid3).
phosphorylate(eid2,nid3,nid4) .
statechange(eid3,nid5,nid4).
bind(eid4,nid3,nids).

Table 1: The type of edges.

Figure 5: Pathway fragment of TGF-3 receptor
complex
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edge(bind) .
edge(release).
edge(modify).
edge(R) :- modify(R).
modify(attach_modifier).
modify(R) :- attach_modifier(R).
attach_modifier(phosphorylate).
modify(breakbond) .
modiry(R) :- detach_modifier(R).
detach_modifier(dephosphorylate).
edge(statechange) .
edge(translocate).
edge(default) .

Figure 6: Interaction edge ontology

4.1 Path Search

As mentioned before, pathways may be fragmented
in a graph representation due to the lack of precise
information of relations between every node.

In Figure 3 the path from “Smad complex” to
“Target gene” is fragmented in a conventional repre-
sentation because there are no edges between “Smad
complex in nucleus” and “Target genes”. But with
the background knowledge that “Smad complex in
nucleus” is a member of “Smad transcription factor”
and that the transcription factor binds to “Target
genes”, one can infer a path from “Smad complex”
to “Target gene”.

The compound graph model captures this back-
ground knowledge by its decomposition tree. Thus
one can infer the path by traversing the decompo-
sition edges. Figure 7 is a path inference program.
It checks if the target node by and the source node
ay of two interaction edges (aq,b1, 1) and (az, by, (2)
are related by the decomposition tree. For instance,
if ay is a child of by it infers that there is a path
inf _path(ay,by) from a; to by. By the relation
int_edge and dec_edge we can control the inter-
action edges and the decomposition edges that can
be used for the inference. For example, by lines 6
and 7 only the connectivity between members of a
node decomposed by has_component or has_state
relation is inferred.

int_edge(statch).
int_edge(bind).
int_edge(mod).
int_edge(move) .
int_edge(trans).

dec_edge(has_state).
dec_edge(has_component) .

inf_path(X,Y) :-
inf_path(X,Y) :-
inf_path(X,Y) :-

inf_path(X,Y) :-

inf_path(X,Y) :-

inf_path(X,Y) :-
inf_path(X,Y) :-

inf_path(X,Y) :-

int_edge(R),R(_,X,Y).
dec_edge(R),R(_,X,Y).
int_edge(R) ,R(_,X,Z),
inf_path(Z,Y).
int_edge(R) ,R(_,X,Z),
dec_edge(S),s(_,W,Z),
inf_path(W,Y).
int_edge(R) ,R(_,X,Z),
dec_edge(S),s(_,Z,W),
inf_path(W,Y).
dec_edge(S),s(_,X,Z),
inf_path(Z,Y).
dec_edge(S),s(_,Z,X),
inf_path(Z,Y).
int_edge(R) ,R(_,X,Z),
dec_edge(S),
S(_,V,W),s(_,V,Z),
inf_path(W,Y).

Figure 7: Path finding program.
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4.2 Search Pathway Functions

Suppose one wants to know the cellular function of
a protein. An ontology or a gene catalogue with
controlled vocabularies of cellular functions is able
to answer the question with function names but will
not provide the underlying molecular mechanism of
A graph of protein interaction will
answer with its connected component that has the

the function.

protein as its node, which is a transitive closure of
possible biochemical interactions and does not nec-
essarily represent a cellular function.

The compound graph model will answer the ques-
tion with its fragment Frag(z), where z is the par-
ent of the protein in the decomposition tree (Figure
8). If the database curator gave the appropriate
name to each node, 4 the pathway fragment will pro-

*In this example we assume that a node name represents
a function, but usually this information will be carried by

Type I
Recepto
on_phos phos / (nig3)
Type I Type I TGF-beta

Receptoy Receptor/ |Type I receptor
nids nid4 complex
(nid2)

Receptor
(nide)

Figure 9: TGF-beta receptor complex.

vide both the name of a function and the molecular
mechanism of the function by a simple program:
cell function(X) :- parent(Y,X),

list_fragment(Y)..
list_fragment(Y) does a depth first search on the
subtree Ty of T rooted by Y and lists the nodes
V in Ty and all interaction edges (a,b,l), where
a,b € V. Figure 10 and Figure 9 is the result for
7- cell _function(nid3).

4.3 Search Conserved Pathway Struc-
tures among Species

Searching conserved modules of signal transduction
pathways would be of great importance. For ex-
ample, it is suggested that a scaffold structure in
MAP-kinase signaling of Saccharomyces cerevisiae
is conserved in mammals (Whitmarsh and Davis,
1998).

With a graph representation, the problem can be
modeled as a subgraph isomorphism determination,
an NP-complete task (Garey and Johnson, 1979).
However, compared to intermediary metabolism,
signal transduction pathways are more divergent
and may not be conserved “exactly” as a graph
structure. Hence, defining a submodule by a graph
is a too-strict constraint in some cases.

Since our model represents biologically related
objects not only by interaction edges but also by
a decomposition tree, the constraints can be re-
laxed to the problem “find a pathway fragment that
shares the same biological entities with the input
structure”.

Figure 11 is an example. By executing the query
?- submod ([ “list of entities”]). it searches the

an attribute of the predicate node, i.e., node(nid, nanme,
function).
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all_dec_edge(has_state).
all_dec_edge(has_component).
all_dec_edge(default).

anc(X,Y) :- all_dec_edge(R),R(_,X,Y).
anc(X,Z) :- all_dec_edge(R),R(_,X,Y), anc(Y,Z).

% xsb in_tree([C|CL],X) :- anc(X,C), in_tree(CL,X).
[xsb_configuration loaded] in_tree([]1,_).

[sysinitrc loaded]

[packaging loaded] submod ([C|CL]) :-

anc(X,C), inctree(CL,X), node(X,XN),
XSB Version 2.2 (Tsingtao) of April 20, 2000 print(’>>> root of fragment: ’), print(X),

[x86-pc-windows; mode: optimal; print(’ with name: ’), print(XN), nl,
engine: chat; scheduling: batched] list_fragment (X).
| 7- [pathways] submod ([]1).

[pathways loaded]

Figure 11: A submodule finding program.

yes

| ?- cell_function(nid3).

>>> root of fragment: nid2 pathway fragment that includes the entities in “list
with name: tgf_beta_receptor_complex of entities”.

>> decomposition_tree:
has_component(chid4,nid2,nid3),

has_component (chid5,nid2,nid6), 5 Discussion and Future Works
has_state(chid6,nid6,nid5),

has_state(chid7,nid6,nid4), In this paper we proposed a knowledge represen-
<<< end of the tree tation model for signal transduction pathway di-

agrams. By modeling a pathway as a compound

>> interaction_graph: graph, the method (1) prevents fragmentation of

bind(eid4,nid3,nid6) pathways caused by incomplete knowledge descrip-
phosphorylate(eid2,nid3,nid4) tions, and (2) handles the irregular knowledge gran-
statechange(eid3,nid5,nid4) ularity problem in diagrams and at the same time
<<< end_of_the_graph (3) succeeds in not omitting the information about
sectioning of pathways intended by the authors.
yes By implementing a deductive database with the
| 7- proposed method, we demonstrated that several

queries of biological importance could be realized
with a set of simple rules.

Figure 10: Result of 7~ cell function(nid3) Another good feature of a compound graph is its
suitability for a graphical user interface (GUI) not
only for pathway editing tools for data registration
but also to visualize the results of pathway queries
in a knowledge base. Owing to its ability to rep-
resent complex structures, several computer-aided
creativity systems use the compound graph in their
GUI systems (Misue, 1990), and several automatic
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compound graph drawing algorithms have been de-
veloped (Battista et al., 1994).

(Takai-Igarashi and Kaminuma, 1999) is a sig-
nal transduction database and represent interac-
tion data as binary relations. Thus its inference
engine calculates only a transitive closure of the
(Eilbeck et al., 1999) is a database of
protein-protein interactions that displays the inter-
action map as a graph with a straight-line draw-
ing algorithm (Basalaj and Eilbeck, 1999). As dis-
cussed before, each node in signal transduction di-
agrams does not necessarily represent a single pro-
tein. Thus, at least for the signal transduction do-
main, pathways should be visualized according to
their underlying structures. Our model is suitable
for that purpose.

relations.

In this paper we have not mentioned causality
or time representations. Information of timing is
as important as that of localizations when inferring
whether two biological entities interact in a certain
biological process. However, it is not clear whether
one can use a standard time scale: i.e., can we com-
pare two events such as “The increase of A was max-
imal 15 min after addition of B” and “The increase
of C was maximal 20 min after addition of B” in
two different cells? As a consequence, the granu-
larity of time representation will not be fine, as in,
for example, “short term response” and “long term
response”. But even this limited information will
help to control the inference process in a knowledge
base.

Although our model defines the structure for a di-
agram, it does not provide a unique representation.
For the same pathway diagram, several decomposi-
tion trees may exist. Thus some guidelines for data
registration will be needed.

The naming of sections and submodules (the
naming of pathway fragments) in a pathway de-
pends on the authors, and no naming convention
or ontology for such sectioning exists. The primary
goal of the proposed method is to make the knowl-
edge buried in articles accessible and has not as-
sumed a well-defined language to describe the do-
main. Therefore, knowledge base development will
be an interactive process involving the construction
of signal transduction pathway taxonomies.

We expect that the encoding of every pathway
of every cell-line reported in articles into a knowl-
edge base will provide a case-base for the molecular
mechanism of each cellular function, which will com-
pensate for the coarseness of cellular function name
ontologies.
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