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ABSTRACT
Motivation: Many algorithms that derive gene regulatory
networks from microarray gene expression data have been
proposed in the literature. The performance of such an algo-
rithm is often measured by how well a genetic network can
recreate the gene expression data that the network was
derived from. However, this kind of performance does not
necessarily mean that the regulatory hypotheses in the net-
work are biologically plausible. We therefore propose a Gene
Ontology based method for assessing the biological plau-
sibility of regulatory hypotheses at the gene product level
using prior biological knowledge in the form of Gene Ontology
annotation of gene products and regulatory pathway databa-
ses. Templates are designed to encode general knowledge,
derived by generalizing from known interactions to typical
properties of interacting gene product pairs. By matching
regulatory hypotheses to templates, the plausible hypotheses
can be separated from inplausible ones.
Results: In a cross-validation test we verify that the templa-
tes reliably identify interactions which have not been used in
the template creation process, thereby confirming the gene-
rality of the approach. The method also proves useful when
applied to an example network reconstruction problem, where
a Bayesian approach is used to create hypothetical relations
which are evaluated for biological plausibility. The cell cycle
pathway and the MAPK signaling pathway for S. Cerevisiae
and H. Sapiens are used in the experiments.
Contact: jonas.gamalielsson@his.se

1 INTRODUCTION
It is highly desirable to be able to derive causal gene regula-
tory networks using gene expression data. This is known as
reverse engineering of genetic networks (D’haeseleeret al.,
2000). Time series expression data is often used, and the
reverse engineering algorithm tries to find a set of activa-
tion rules that fits the data. The rule set should generate
the expression levels for the genes in the current time step
using the expression levels of the previous time step. Methods
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for reverse engineering of genetic networks can use boolean
networks (Lianget al., 1998; Akutsuet al., 1999) where
expression levels are discretised as on or off, or continuous
additive neural network inspired models (D’haeseleeret al.,
1999; Weaveret al., 1999) which use the actual expression
levels. Furthermore, Bayesian networks have been used by
several researchers (Friedmanet al., 2000; Kimet al., 2003;
Husmeier, 2003; Imotoet al., 2003).

In most cases, many different reverse engineered networks
are consistent with the observed data, but we can expect
that only some of these networks are biologically plausible.
A drawback with methods for network evolution which are
based solely on fit to the data is that they do not provide
any way of distinguishing between biologically plausible and
inplausible networks. It has been proposed to include pre-
vious knowledge by including known regulatory interactions
in the network reconstruction process, but this approach suf-
fers a lack of generality: already known relations would be
rediscovered, while no help is provided for discovering rela-
tions that are functionally similar, but previously unknown.
This limitation seems crucial, since the objective of the whole
exercise is to discover previously unknown relations.

Therefore our aim is to propose a method for assessing the
biological plausibility of regulatory hypotheses. The method
should be able to utilise general knowledge about regula-
tion in known relations in the assessment of new hypothetic
relations derived by e.g. reverse engineering algorithms.

The mismatch between plausibility with respect to the data
and biological plausibility has been observed before. It has
been claimed that gene microarray data alone is not suffi-
cient for accurate regulatory network derivation (D’haeseleer
et al., 2000). Hence, some work on genetic networks use
different types of prior knowledge in the inference process.
Harteminket al. (2002) used a combination of Bayesian net-
works, temporal gene expression data and data from analysis
of genomic binding locations in the inference of the the phe-
romone response pathway inS. Cerevisiae. However, this
approach uses specific knowledge in the network inference,
rather than general knowledge as we propose.
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A useful resource to support our ideas of general know-
ledge is the Gene Ontology (GO). GO provides a structu-
red vocabulary of molecular biology. The Gene Ontology
Consortium (http://www.geneontology.org) is responsible for
GO, which contains three different sub-ontologies covering
the molecular functions, biological processes and cellular
components of gene products (Ashburneret al., 2000). The
ontology is structured as a directed acyclic graph showing
how the terms are related to each other, using the relati-
ons inheritance (IS-A) and aggregation (PART-OF). A gene
product can be associated with several terms in each sub-
ontology. By using the inheritance relation, abstraction hier-
archies of terms with different specificity are created. This is
a feature in GO that is important for the method we propose.
GO annotations for approximately 25 different organisms are
available at the Gene Ontology Consortium webpage. In our
work, the annotations forS. CerevisiaeandH. Sapiensare
used.

The Gene Ontology is similar to WordNet (Miller, 1990),
which is a lexical database of words in the english language.
WordNet has semantic relations for words (terms) such as
nouns, verbs, and adjectives. One important use of an onto-
logy is the calculation of semantic similarity between two
terms. Different information theoretic measures have been
proposed and applied to WordNet (Lin, 1998; Jiang and Con-
rath, 1997; Resnik, 1999), and ideas from these measures
are used in our method for hypothesis assessment. The mea-
sures have also been used for investigating the relationship
between gene sequence similarity and gene product semantic
similarity (Lord et al., 2003a,b). It was found that there is a
clear correlation between these two approaches to similarity
between gene products, especially when using the molecu-
lar function ontology and annotation evidence in the form of
traceable author statement .

As an example of using GO and semantic similarity as prior
knowledge, Speeret al. (2004) combined correlation distan-
ces between expression profiles of genes and semantic distan-
ces between the biological process terms of the correspon-
ding gene products in a memetic co-clustering algorithm. It
was found that the GO annotations are useful for finding clu-
sters of genes participating in similar biological processes.
GO has also been used for informed regulatory network infe-
rence by combining gene expression data, GO process terms
and transcription factor binding site information (Haverty
et al., 2004).

Apart from using GO to achieve generalization, the con-
cept of templates is appealing for identifying hypothetic
regulatory relations that are similar to known regulatory rela-
tions. Templates in the context of association rule discovery
and expression data was used by Tuzhilin and Adomavicius
(2002). A template-language was designed that allowed a
user to group, filter and inspect the large number of rules
produced by association rule discovery algorithms. Of par-
ticular interest for our work are rule templatesF1 → F2

which detect rules where the antecedent part contains any of
the genes in a predefined functional groupF1 and the conse-
quent part contains a gene from a groupF2. The functional
groups of genes were defined manually by an expert user. It
should be noted that association rules are not causal relati-
ons; an association ruleA → B merely claims that objectA
co-occurs withB.

Our contribution is a Gene Ontology based method for
assessing the biological plausibility of regulatory hypotheses
at the gene product level using prior biological knowledge in
the form of Gene Ontology annotation of gene products and
regulatory pathway databases. The templates are designed
to encode general knowledge, derived by generalizing from
known interactions to typical properties of interacting gene
product pairs. By matching regulatory hypotheses to templa-
tes, plausible hypotheses can be separated from inplausible
hypotheses.

The rest of this paper is organised as follows. Section
2 describes the method. The results from different experi-
ments performed to assess the performance of the method
are covered in section 3, and the impact of our findings is
discussed in section 4.

2 METHODS AND ALGORITHMS
The basic idea is to use what we know about regulation
in documented pathways, generalize this knowledge, and
apply the generalized knowledge when assessing the biolo-
gical plausibility of hypothetical regulatory relations.The
GO molecular function classification of the gene products
participating in regulatory relations in pathways is used to
derive templates. The templates encode the types of gene pro-
ducts known to be involved in a particular type of regulatory
relation.

More specifically, the method can be divided into three
major parts that are described in detail in the following sub-
sections: (1) GO term probability calculation, (2) binary
relation extraction, and (3) template derivation. Templa-
tes derived in the last step are subsequently used in the
assessment of regulatory hypotheses.

2.1 GO term probability calculation
The aim of the first step is to calculate how specific dif-
ferent GO terms are by using an annotation database for
all the gene products of a genome. The GO term proba-
bility calculation is performed according to the procedure
described in Lordet al. (2003a) and the annotation databases
available in september 2004 at the Gene Ontology website
(http://www.geneontology.org) forS. Cerevisiae(SGD) and
H. Sapiens(EBI), are used. Additionally, annotations with
all types of evidence are used. TAS is the most reliable type
of evidence, but only using TAS would result in losing a very
large proportion of the gene products, especially forH. Sapi-
ens(see table 1). Therefore we chose to use all annotations,
despite the risk of introducing less reliable evidence.
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Table 1 shows the GO annotation evidence distribution
for the gene products in the cell cycle regulatory pathway
for S. Cerevisiaeand H. Sapiensaccording to KEGG
(http://www.genome.jp/kegg). The distribution for the whole
genome is also shown. Only gene products with known func-
tional GO annotation are used (i.e. not ”GO:0005554”, the
code for unknown function). It can be noted that 53.2% of
the gene products in theS. Cerevisiaemodel are annotated
with traceable author statement, compared to 26.3% for the
entire genome. ForH. Sapiensthe proportion of TAS entries
is only half of that forS. Cerevisiae. Furthermore, evidence
inferred from electronic annotation dominates forH. Sapiens
with 53.9% for the cell cycle pathway, because homology to
model organisms is often used in the annotation. The term

Table 1. GO function evidence statistics. The percentage of annotations
for different evidence types when using the gene products ofthe cell cycle
pathway. The corresponding value for the entire genome is inbrackets.
Only gene products with known functional GO annotation are considered.
There are 71 gene products and 111 annotations for theS. Cerevisiaecell
cycle, while there are 3997 gene products and 5983 annotations for the
genome. TheH. Sapienscell cycle has 57 gene products and 152 annota-
tions, while there are 20690 gene products and 39900 annotations for the
genome. Abbreviations: TAS = traceable author statement, IDA = inferred
from direct assay, IPI = inferred from physical interaction, ISS = inferred
from sequence similarity, IEA = inferred from electronic annotation, IMP =
inferred from mutant phenotype, ND = no biological data available, IGI =
inferred from genetic interactions, IEP = inferred from expression pattern,
NAS = non-traceable author statement, NR = not recorded, IC =inferred by
curator.

Evidence S. Cerevisiae H. Sapiens
TAS 53.2(26.3) 28.3(13.4)
IDA 24.3(24.4) 5.3(1.3)
IPI 8.1(7.9) 5.3(1.1)
ISS 6.3(24.8) 0(1.6)
IEA 0(0) 53.9(75.6)
IMP 5.4(12.2) 0(0.2)
ND 0(0) 0(<0.1)
IGI 1.8(3.4) 0(<0.1)
IEP 0.9(0.2) 0(0.1)
NAS 0(0.8) 3.9(5.3)
NR 0(0) 3.3(5.3)
IC 0(0) 0(<0.1)

probability calculation is explained in the following where
A-db is a GO annotation database for gene products (e.g.
SGD).

• For each gene productGPi in A-db:
- Increment a counterCNTj for each GO termGTj in

the annotation ofGPi and increment the counter of
each ascendant term ofGTj .

• For each GO termGTj :
- DivideCNTj with the total number of GO term anno-

tations in A-db, yielding the term probabilityp(j) ∈
[0, 1].

The term probabilities indicate how specific, or common, dif-
ferent GO terms are and the probabilities are used when the
specificity of relation templates is derived. The specificity
increases with decreasing term probability.

2.2 Binary relation extraction
The aim of binary relation extraction is to decompose the
relations between protein complexes into simple binary rela-
tions between two gene products. Binary relations are subse-
quently used to derive templates. In the following description
P-db is a regulatory pathway database (e.g. KEGG),Ci refers
to a P-db complex containing a set of gene products andrel

is a specific relation type, e.g. expression.

• For each complex relationCi[rel]Cj in a P-db
pathway:
- Create|Ci| · |Cj | binary relationsGPk[rel]GPl by

combining each gene product inCi with each gene
product inCj , and add all new relations to a setMOD

of model relations.

2.3 Template derivation
Templates representing generalised knowledge of regulatory
relations are derived by the following procedure:

• For each binary relationGPk[rel]GPl ∈ MOD:
- Create templatesGOidi[rel]GOidj whereGOidi ∈

Sk={GPk terms with ascendants} and GOidj ∈
Sl={GPl terms with ascendants}, yielding |Sk| · |Sl|
templates. Add these templates to a set T.

• For each templateGOidi[rel]GOidj ∈ T :

GO-score= 2−p(GOidi)−p(GOidj)
2

• Sort T in descending order according to GO-score and
remove duplicates.

• For each templatet ∈ T : record all binary pathway
relations in MOD that conform tot.

The template GO-score is based on how common the GO
terms are in the annotation database and it appears that a large
number of templates get a GO-score close to 1. The histo-
gram in figure 1 illustrates the distribution of GO-scores for
templates derived from theS. Cerevisiaecell cycle. A limited
part of this pathway is shown in figure 2.

Only annotation level terms (terms directly associated with
the gene products in A-db) are used to derive basic templa-
tes, and the score of the 68 templates vary in the interval
[0.96, 1]. Templates containing GO terms of higher abstrac-
tion levels are referred to as variant templates, and the
scores of these 1236 templates vary in the interval[0, 1],
but the majority of variant templates are in the same GO-
score interval as the basic templates. As an example of
template derivation, consider the relation ”{SWI4,SWI6}
[expression]{CLN1,CLN2}” in the S. Cerevisiaecell cycle
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Fig. 1. GO-score distribution for: (A) the 68 basic templates, i.e.templates
at annotation level, and (B) the 1236 variant templates based on higher GO
term abstractions.
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Fig. 2. Part of theS. Cerevisiaecell cycle pathway. +p = phosphoryla-
tion, +e = expression, +u = ubiquination, and T-shaped arrows represent
inhibition.

pathway in figure 2. This relation between gene product com-
plexes is decomposed into the four binary relations ”SWI4
[expression] CLN1”, ”SWI4 [expression] CLN2”, ”SWI6
[expression] CLN1” and ”SWI6 [expression] CLN2”. Each
of these are used for template derivation. When ”SWI4
[expression] CLN1” is used, each of the terms in the GO
subgraph of SWI4 in figure 3 are combined with those for
CLN1 to create templates. The basic template in this case
would be ”GO:0003700 [expression] GO:0016538”, with a
GO-score of (2-0.010-0.003)/2= 0.994. Variant templates are

for example ”GO:0003700 [expression] GO:0019887” and
”GO:0030528 [expression] GO:0019207”, with GO-scores
(2-0.010-0.005)/2 = 0.993 and (2-0.052-0.005)/2 = 0.972,
respectively. With six terms for SWI4 and five terms for
CLN1, there is a total of6 · 5 = 30 templates for this binary
relation (one basic and 29 variant templates).

GO:0003700 (0.010)

GO:0003677 (0.032)

GO:0030528 (0.052)GO:0003676 (0.090)

GO:0005488 (0.156)

GO:0003674 (1.000)

GO:0016538 (0.003)

GO:0019887 (0.005)

GO:0019207 (0.005)

GO:0030234 (0.023)

GO:0003674 (1.000)

A) B)

Fig. 3. GO subgraphs for SWI4 (A) and CLN1 (B). GO terms are repre-
sented by nodes with their probability shown in brackets. Directed edges
represent IS-A relationships. A) SWI4: GO:0003700 = transcription factor
activity, GO:0003677 = DNA binding, GO:0003676 = nucleic acid binding,
GO:0005488 = binding, GO:0003674 = molecular function, GO:0030528 =
transcription regulator activity. B) CLN1: GO:0016538 = cyclin-dependent
kinase regulator activity, GO:0019887 = protein kinase regulator activity,
GO:0019207 = kinase regulator activity, GO:0030234 = enzyme regulator
activity.

2.4 Hypothesis assessment
The set of templates derived in the previous subsection are
subsequently used in the assessment of hypothetic regulatory
relations derived using e.g. reverse engineering algorithms.
A hypothetic relation (or hypothesis for short) is defined as
a directed relation between two gene products. There can be
different relation types, e.g. expression and phosphorylation.

Each hypothesisGPhk[rel]GPhl from a setH of regula-
tory hypotheses is assessed using the templates:

• For each templateGOidi[rel]GOidj ∈ T :
- Report template match ifGOidi ∈ {GPhk terms

with ascendants} andGOidj ∈ {GPhl terms with
ascendants}.

This procedure results in a list of templates conforming to
each of the hypotheses, ranked in descending GO-score order.
It is also possible to extend this procedure to report if the gene
products in the hypothesis appear in any of the relations used
to derive the template.
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3 RESULTS
This section presents a series of experiments which we use to
assess the performance and show the utility of the proposed
method for plausibility assessment.

Before explaining the specific experiments, we discuss
pathways and their properties. KEGG pathways were used,
and more specifically the KGML (XML) version of regu-
latory pathways. There are different types of relations bet-
ween gene products in a regulatory pathway according to
KEGG. In our study we chose to focus on activation, inhi-
bition, expression, phosphorylation and dephosphorylation.
The only relation used at the transcriptional level is expres-
sion, while the other four are at the post-translational level.
Apart from these relation types KGML supports relations for
repression (no such case present in the studied pathways),
indirect effects, binding/association, dissociation, glycosyla-
tion, ubiquination and methylation.

Table 2 shows the distribution of binary relations and tem-
plates for different relation types, organisms and pathways.
Two organisms (S. Cerevisiaeand H. Sapiensand two
pathways (cell cycle pathway and MAPK signaling pathway)
are used in the experiments. The pathways were collected
from KEGG on April15th 2004. Only binary relations where
both gene products have known GO function are used. It can

Table 2. Number of binary relations and templates for different relation
types, organisms and pathways. Columns show combinations of organism
and pathway (O1 =S. Cerevisiae, O2 =H. Sapiens, P1 = Cell cycle pathway,
P2 = MAPK signaling pathway). Rows show relation type (Act = activa-
tion, Inh = inhibition, Exp = expression, Pho = phosphorylation, Dep =
dephosphorylation). The table contains [number of binary relations] / [num-
ber of templates] ([number of basic templates]), except forthe last row which
shows the total number of gene products involved in the different pathways.

O1P1 O1P2 O2P1 O2P2
Act 8/122 12/217 7/713 323/2236

(9) (19) (62) (301)
Inh 29/419 8/193 47/1278 211/1378

(22) (5) (112) (183)
Exp 11/102 5/87 10/396 3/70

(7) (7) (21) (8)
Pho 37/526 25/599 47/884 321/2767

(25) (21) (93) (462)
Dep 4/135 0/0 10/180 0/0

(5) (0) (14) (0)

#GPs 71 38 57 227

be noticed that there are no dephosphorylation relations inthe
MAPK signaling pathways and that the number of expres-
sion relations is smaller than for the cell cycle pathway. The
main type of regulation is phosphorylation for the MAPK
signaling pathways, which are quite different from the cell
cycle pathways. TheH. Sapiensversion of the MAPK signa-
ling pathway contains a large number of binary relations and
templates because relations exist between large gene product

complexes in the pathway. The majority of the relations are
at the post-translational level for the four pathways studied.

3.1 S. Cerevisiae cell cycle pathway
A diagnostic experiment was designed, which aims to investi-
gate if the GO-score of templates can be used to discriminate
between a setMOD of biologically plausible relations, and
a disjoint hypothesis setEXT sharing the gene products of
MOD. MOD is used as a ”golden standard” of regulation.

The receiver operating characteristic (ROC) curve can be
used to assess the tradeoff between sensitivity and specificity
of a diagnostic algorithm (Swetset al., 2000), and has been
used recently by Husmeier (2003) to investigate the effects
of different parameter settings when inferring regulatorynet-
works. The true positive rateTPR is plotted against the
false positive rateFPR for a number of GO-score thresholds
that are required for a hypothesis match.TPR is defined as
(Swetset al., 2000):

TPR =
TP

TP + FN
(1)

whereTP is number of true positives andFN is number of
false negatives. The false positive rate is calculated as

FPR =
FP

FP + TN
(2)

whereFP is number of false positives andTN is number of
true negatives.

The gene products inMOD are used to create an extended
relation setEXT containing all possibleN(N − 1) non-
reflexive relations between theN gene products inMOD

minus the relations actually present inMOD. Hence,MOD

andEXT are disjoint sets of relations.MOD is created from
theS. Cerevisiaecell cycle, where there are 71 gene products
of known function and 89 binary relations. This results in
4881 binary relations forEXT . Each binary relation in the
MOD andEXT sets are matched against the template set
and the GO-score of the top template is recorded. The GO-
scores for the top templates matching the hypotheses are used
to calculateTP , FN , FP andTN . Figure 4 shows the num-
ber of relations as a function of a required GO-score threshold
for the relation-associated top scoring templates of theMOD

(top) andEXT (bottom) relation sets. It can be observed that
all the 89MOD relations are maintained until the GO-score
threshold reaches approximately 0.96. In contrast, the point
where the firstEXT relation is lost comes as early as at GO-
score≈ 0.5, and starting at 0.8 the number ofEXT relations
are reduced considerably. The curves in figure 4 are sampled
linearly with 2000 points from the point before the first rela-
tion is lost to the end of the GO-score threshold axis. In the
case of theS. Cerevisiaecell cycle the interval is [0.50,1],
resulting in the vectors

−→
M for MOD and

−→
E for EXT . We

define the number of true positives (TPi) for a specific GO-
score thresholdi, false negatives (FNi), false positives (FPi)
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Fig. 4. Number of relations as a function of GO-score threshold for:(A)
theMOD relation set, and (B) theEXT set.

and true negatives (TNi) as

TPi = Mi (3)

FNi = max(
−→
M) − Mi (4)

FPi = Ei (5)

TNi = max(
−→
E ) − Ei (6)

The vectors
−−−→
TPR and

−−−→
FPR are derived using equations 1

and 2. Plotting
−−−→
TPR against

−−−→
FPR results in an ROC curve.

The diagnostic performance can be summarised by calcula-
ting the area under the ROC curve (Swetset al., 2000), which
requires some processing. Duplicate pairs{TPRi, FPRi}
are removed, and in cases where there are severalTPR

values for one specificFPR value, the averageTPR value
is used. Finally, a 500-point linear interpolation is performed
on the ROC curve. The area of the curve is calculated as

A =

N∑

i=1

TPRi · ∆FPR (7)

whereN is total number ofTPR values and∆FPR is the
absolute difference inFPR between two consecutive points.
The described procedure generates the ROC curve in figure 5
which has an area of 0.886. As the ROC areaA ∈ [0, 1], this
result shows that a large proportion of the potentially inplau-
sibleEXT relations are filtered out while a large proportion
of the plausibleMOD relations are maintained.

3.2 Several organisms and pathways
The results in figures 4 and 5 use the same set of binary rela-
tions for template derivation and model, which raises the
question whether a set of templates can be used to assess
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Fig. 5. ROC curve based on the relation curves in figure 4. Area = 0.886

models related to other pathways and organisms. For this rea-
son a test matrix according to table 3 is set up. Apart from the
S. Cerevisiaecell cycle pathway, theH. Sapienscell cycle is
used and also the MAPK signaling pathway for both orga-
nisms. The four pathways result in 16 different combinations
if one pathway is used for template derivation and one for
the model. The ROC areas along the diagonal in table 3 are

Table 3. ROC area results. Rows show organism and pathway used for tem-
plate derivation, and columns show organism and pathway used as model.
O1=S. Cerevisiae, O2=H. Sapiens, P1=Cell cycle pathway, P2=MAPK
signaling pathway

O1P1 O1P2 O2P1 O2P2
O1P1 0.886 0.648 0.682 0.690
O1P2 0.562 0.846 0.634 0.710
O2P1 0.615 0.622 0.860 0.677
O2P2 0.473 0.701 0.615 0.890

large (in the interval[0.846, 0.890]), i.e. the method does well
when the same pathway and organism is used for both tem-
plate derivation and model. If the same organism but different
pathways are used for templates and model, the ROC area is
generally smaller. As an example, the cell cycle pathway of
S. Cerevisiaefor template derivation and the MAPK signa-
ling pathway ofS. Cerevisiaeas model, produced an ROC
area of 0.648. An even smaller area results if the pathways
used for templates and model are switched, e.g. 0.562 forS.
Cerevisiae. This indicates that the cell cycle pathway con-
tains certain types of relations that are not available in the
MAPK signaling pathway, which results in that templates
derived from the MAPK signaling pathway can not capture
certain cell cycle relations. An ROC area of around 0.5 means
that the algorithm is incapable of discriminating between the
MOD relations and theEXT relations, i.e. no better than
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random guessing (Swetset al., 2000). However, the small
ROC areas obtained when using different types of pathways
for template and model can be seen as an advantage, since
hypothetic relations are less related to the specific pathways
used to derive the templates.

Table 3 also shows results from using a pathway from
one organism to derive templates and a pathway from ano-
ther organism for the model. The area varies in the interval
[0.615,0.710] for 7 cases out of 8, which represents approxi-
mately the same performance as when a different pathway is
used for templates and model for the same organism. The
exception is an area of 0.473, obtained when the MAPK
signaling pathway forH. Sapiensis used to derive templa-
tes and the cell cycle pathway forS. Cerevisiaeis used as
model. The last case represents performance approximately
equivalent to random guessing. The results also show that the
area is smaller when the same pathway for two different orga-
nisms is used for templates and model, when comparing with
the case where the same pathway for one organism is used.

3.3 Subdividing a pathway
In addition to the experiments according to table 3 the set of
binary relationsMOD of the S. Cerevisiaecell cycle was
subdivided randomly into two equally sized disjoint sets:
MODT used for template inference andMODM used for
the setsMOD andEXT . Each type of relation was treated
individually during the subdivision, i.e. half of the relations
are extracted from e.g. ”expression” and ”phosphorylation”
individually. The reason for this is obvious: it is not pos-
sible to detect relations of a certain type if no relation of
this type is used for template derivation. Furthermore, the
MOD andEXT sets are created in the same way as des-
cribed before except thatMODM is used instead ofMOD.
10 random subdivisions using a uniform distribution are per-
formed, and the mean ROC area is 0.761 with a maximum
area of 0.824 and a minimum area of 0.686. The main reason
for the relatively large deviations is probably the small num-
ber of relations in the pathway and that the different terms in
those relations can be unevenly distributed betweenMODT

andMODM .
Another experiment is performed forS. Cerevisiaewhere

both pathways are used for templates and both pathways for
the model. This results in an area of 0.877, i.e. almost identi-
cal to the areas obtained when only one pathway is used for
both templates and model. Performing 10 random subdivisi-
ons into equally sized subsetsMODT andMODM of the
set of relations from both pathways results in a mean ROC
area of 0.764 with a maximum of 0.793 and a minimum of
0.747, which is approximately the same as for the subdivi-
sion experiment when only the cell cycle pathway is used.
One reason for the smaller variation in area is that the num-
ber of relations used for templates is larger, resulting in a
set of templatesMODT that is more likely to successfully
match the relations inMODM .

3.4 Assessing reverse engineered hypotheses
We also study sets of hypothetical relations derived by
applying a dynamic Bayesian network technique to gene
expression data measuring the expression of genes during
the S. Cerevisiaecell cycle (Bergmann-Sigurdsteinsdottir,
2004; Kim et al., 2003). The hypotheses of Bergmann-
Sigurdsteinsdottir (2004) are presented together with their
associated top scoring templates in table 4, sorted in descen-
ding order according to GO-score. A valueE was also
calculated for each hypothesisHi:

E(Hi) = |H | ·
|{t : t ∈ T ∧ GS(t) ≥ GS(Hi)}|

|T |
(8)

whereH is the hypothesis set,T is the template set andGS

is GO-score.E(Hi) is the expected number of template hits
for Hi with GS(t) ≥ GS(Hi), given that templates are ran-
domly drawn fromT . In addition, each hypothesis in table
4 is classified into one of four different categories of confor-
mance with respect to the target network in figure 2 (Kim
et al., 2003); correct, transitive, misdirected and incorrect.
The hypothetical relations are limited to cover only the part of
the cell cycle shown in figure 2. The relations in the wholeS.
Cerevisiaecell cycle pathway are used to derive the templa-
tes. The reverse engineering algorithm finds the hypothetic
relations in table 4 plausible with respect to the gene expres-
sion data. The GO-score represents the level of biological
plausibility with respect to the set of regulatory relations used
for template derivation.

The GO-score results in table 4 are visualised in figure 6
where the accumulation of hypotheses from different hypo-
thesis classes as a function of descending GO-score is presen-
ted. It can be noted that the curve representing the ”correct”
class of hypotheses reaches 100% before any other class, and
the ”incorrect” class reaches this level as the last class. This
suggests that templates and their GO-scores are useful in the
evaluation of hypothesis sets derived from microarray gene
expression data mining. Kimet al. (2003) also used dyna-
mic Bayesian networks to derive 16 regulatory hypotheses (3
correct, 5 transitive, 4 misdirected and 4 incorrect). Figure
7 corresponds to figure 6 but for the new set of hypothetic
relations. The results are similar; the ”correct” class accumu-
lates all hypothetical relations before any other class andthe
”incorrect” class finishes last.

3.5 The similarity of gene products
In table 4, some subsets of hypotheses share the same tem-
plate and GO-score, e.g.{H3,H5} and{H6,H7}. H3 and H6
are correct, H5 is misdirected and H7 is incorrect with respect
to the current knowledge of the pathway in figure 2. The
reason for this is that the gene products with respect to GO
functional annotation are identical. The templates matching
these four relations are basic, i.e. derived from annotation
level terms and are therefore in a sense more specific than
variant templates, even if the GO-score is the same or lower.
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Table 4. Regulatory hypotheses from Bergmann-Sigurdsteinsdottir(2004)
and best matching templates. TheHypothesis column shows a directed
hypothetical relation between two gene products. The first number in the
Template column shows the informative digits in the GO term identifier
for the left hand side of the template, coding for a specific molecular func-
tion. In the same column within square brackets is the type ofrelation for the
template: E = expression, P = phosphorylation, I = inhibition. The next num-
ber is the GO term identifier for the right hand side of the template, followed
by template type within brackets: B = basic template, V = variant template.
TheScore column shows the GO-score of the template. The value in theE

column is the expected number of hits with a GO-score value greater than or
equal to the matching template GO-score. The hypothesis class is shown in
the last column: C = correct edge with respect to the known model. Relations
containing gene products that are situated in the same complex are regarded
as correct. T = transitive edge, skipping one gene product. M= misdirec-
ted edge. I = incorrect edge. Hypothesis classes ”C” according to Kim et al.
(2003).

Hypothesis Template Score E C
H1 FUS3→SIC1 4707[P]19210(V) 0.9994 0.0736 I
H2 CDC28→CDC6 4693[P]3689(B) 0.9990 0.1840 C
H3 CLN1→SIC1 16538[P]19210(B) 0.9981 0.4669 C
H4 SIC1→CLN2 19210[I]16538(V) 0.9981 0.4669 M
H5 CLN2→FAR1 16538[P]19210(B) 0.9981 0.4669 M
H6 CLB5→CDC6 16538[P]3689(B) 0.9980 0.5153 C
H7 CLN3→CDC6 16538[P]3689(B) 0.9980 0.5153 I
H8 FAR1→FAR1 4861[I]19887(V) 0.9974 0.5890 I
H9 FAR1→SIC1 19887[P]19210(V) 0.9973 0.6258 T

H10 FUS3→CLN3 4707[P]19887(V) 0.9973 0.6258 I
H11 CLB5→CDC28 19887[I]4693(V) 0.9969 0.9571 C
H12 CDC28→CLB5 4693[P]19207(V) 0.9967 0.9939 C
H13 CLN1→CLB6 19887[I]16538(V) 0.9960 1.2883 T
H14 CLB6→CLN2 19887[I]16538(V) 0.9960 1.2883 I
H15 CLN1→CLN3 19887[I]16538(V) 0.9960 1.2883 I
H16 CLB6→CLN1 19887[I]16538(V) 0.9960 1.2883 I
H17 CLN2→SWI4 16538[P]3700(B) 0.9934 2.3558 M
H18 FUS3→SWI4 4674[P]3700(V) 0.9895 3.5890 I
H19 CDC28→FUS3 4674[E]4674(V) 0.9890 3.6810 I
H20 CDC20→FAR1 30234[P]19210(V) 0.9880 4.0307 I
H21 CDC20→CLN2 30234[I]16538(V) 0.9867 4.6012 I
H22 CDC6→CLB6 3677[E]16538(B) 0.9823 7.0675 M
H23 CDC6→CLB5 3677[E]16538(B) 0.9823 7.0675 M
H24 SWI6→SWI6 30528[E]5515(V) 0.9479 12.865 I

An example variant template in table 4 is the one for the
relation set{H13,H14,H15,H16} with a GO-score of 0.9960
which is higher than the GO-score of 0.9823 for the basic
template matching{H22,H23}.

It can also be discussed whether it is desirable that some
hypotheses belonging to the class ”incorrect” are assigned
GO-scores as high or even higher than some hypotheses of
the ”correct” class. But as Husmeier (2003) points out, a
hypothesis is not necessarily incorrect because it is not in
the model. Discarding a hypothesis would require additional
multiple gene knockout experiments. This makes the concept
of biological plausibility attractive, and that templatesand
their GO-score indicate the degree of plausibility with respect
to the knowledge used to derive the templates.
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Fig. 6. The percentage of accumulated hypotheses as a function of GO-
score for different hypothesis classes for the relations derived by a dynamic
Bayesian network technique in table 4 (Bergmann-Sigurdsteinsdottir, 2004).
Figure legend: circle = correct, square = transitive, diamond = misdirected,
triangle = incorrect.
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Fig. 7. The percentage of accumulated hypotheses as a function of GO-
score for different hypothesis classes for relations derived by a dynamic
Bayesian network technique (Kimet al., 2003). Figure legend is the same
as for figure 6.

To illustrate the semantic similarity between the 14 gene
products in figure 2, we perform an analysis using the Phy-
lip software (Felsenstein, 1993) and the semantic distance
measure proposed by Lin (1998) and applied to gene onto-
logy terms by Lordet al. (2003b). The measure of semantic
similarity between ontology terms is defined as

sim(t1, t2) =
2 · ln pms(t1, t2)

ln p(t1) + ln p(t2)
(9)
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wherep(tx) is the probability of termtx andpms(t1, t2) is
the probability of the minimum subsumer for termst1 and
t2. The minimum subsumer is the ancestor term with lowest
probability that is common to botht1 andt2. As we are inte-
rested in calculating the similarity between gene products
rather than ontology terms and a gene product can be annota-
ted with several terms, the average term to term similarity is
used (Lordet al., 2003b). Phylip requires a matrix of distan-
ces between the gene products and the Lin similarity measure
results in values in the interval [0,1] where 1 represents iden-
tical terms. For this reason the semantic distance between
terms is defined as

dist(t1, t2) = 1 − sim(t1, t2) (10)

The neighbor joining algorithm is applied to the 14 gene
products and the resulting tree is shown in figure 8. FUS3

FUS3

CDC28

SWI4
MBP1

SWI6 CDC6

SIC1

FAR1

CDC20

CLN1
CLN2
CLN3

CLB5
CLB6

Fig. 8. Tree derived using neighbour joining based on functional semantic
distances for the 14 gene products shown in figure 2.

and CDC28 are both involved in protein kinase activity
and appear close to each other. MBP1 and SWI4 are both
annotated as transcription factor activity, whereas SWI6 has
the annotations transcription co-activator activity and pro-
tein binding which explains the distance to MBP1 and SWI4.
CDC6 has annotations protein binding and DNA clamploader
activity, hence being somewhat similar to SWI6. SIC1 has
the annotation kinase inhibitor activity and is not so similar
to any other of the gene products. Five gene products (CLN1,

CLN2, CLN3, CLB5 and CLB6) have exactly the same anno-
tation; cyclin-dependent protein kinase activity and therefore
appear at the same position in the tree. CDC20 is annotated
with enzyme activator activity and the annotation of FAR1 is
cyclin-dependent protein kinase inhibitor activity.

Hence, many relations can be matched to one template even
if it is at the basic level, and this is due to the limited granula-
rity of GO terms and the fact that many gene products share
the same GO annotation.

4 DISCUSSION
In this paper we propose a systematic method based on
general knowledge of regulatory pathways for assessing the
biological plausibility of hypotheses derived during regula-
tory network reconstruction. Our results demonstrate thatthe
method is able to filter out a large proportion of potentially
inplausible hypotheses, thus greatly improving the specificity
of the regulatory network reconstruction process.

Gene products in some hypotheses are identical or very
similar to gene products in relations used for template deri-
vation, with respect to GO functional annotation. This means
that the hypotheses are highly feasible, according to our cur-
rent general knowledge, while at the same time they appear
to be incorrect, according to our current specific knowledge.
It is possible that a future more fine-grained GO annota-
tion allows us to better distinguish these hypotheses. It is
also possible that future experiments show that some of these
hypothetic relations actually exist.

The results show that our method performs best when
similar relations and gene products are used for tem-
plate and hypothesis derivation. However, we expect that
the generality of the method will improve if a more
diverse set of pathways is used for template deriva-
tion. Furthermore, the number of regulatory pathways
in KEGG is small, but additional pathway sources such
as ResNet (http://www.ariadnegenomics.com) and BioCarta
(http://www.biocarta.com) can extend the knowledge base.

Our approach decomposes relations between gene product
complexes into atomic binary relations between individual
gene products. This leads to certain problems as can be obser-
ved e.g. for the CLN3-CDC28 complex in figure 2; CLN3
regulates the CDC28 kinase but the complex as a unit phos-
phorylates SWI6. Hence, it is not entirely true that CLN3
and CDC28 individually phosphorylate SWI6 as our method
suggests. On the other hand it is partially true because CLN3
helps to regulate SWI6 but not on its own. We plan to extend
our method so that complex relations can be handled without
being decomposed into binary relations.

Our method aims to automatically identify the most bio-
logically plausible hypotheses by a measure based on GO
term specificity, but it would also be beneficial to have the
top scoring hypotheses assessed by a domain expert in order
to reduce the number of false positives. As was shown in the
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results section, it is often the case that basic templates derived
from GO terms at the annotation level have lower scores than
variant templates at higher abstraction levels. Differentways
of scoring templates are also being studied. A way to get bet-
ter accuracy for our method could also be to incorporate other
sources of biological knowledge such as databases containing
transcription factor binding site information and proteininter-
actions. In this paper we used GO annotations of all evidence
types. It would therefore be of interest to examine the impact
on performance when different evidence types are used.

For the sake of method applicability, a crucial question is
what kind of regulatory relations that are likely to be obser-
vable from gene expression data. It has been claimed that it
is only regulation at the transcriptional level we are likely
to observe, i.e. regulatory proteins that control the trans-
cription rate of mRNA for genes of an organism (Husmeier,
2003; Knudsen, 2002). This would correspond only to the
expression relation type in our model. But protein to protein
relations could be derived by also using proteomics related
methods and knowledge such as gene interaction maps, rather
than only gene chip technology (Knudsen, 2002).
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