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a b s t r a c t
Within the last years, probabilistic causality has become a very active research topic in artiﬁcial intelligence and statistics communities. Due to its high impact in various applications involving reasoning
tasks, machine learning researchers have proposed a number of techniques to learn Causal Bayesian Networks. Within the existing works in this direction, few studies have explicitly considered the role that
decisional guidance might play to alternate between observational and experimental data processing.
In this paper, we go further by introducing a serendipitous strategy to elucidate semantic background
knowledge provided by the domain ontology to learn the causal structure of Bayesian Networks. We also
complement our contribution with an enrichment process by which it will be possible to reuse these causal discoveries, support the evolving character of the semantic background and make an ontology evolution. Finally, the proposed method will be validated through simulations and real data analysis.
Ó 2014 Elsevier B.V. All rights reserved.

1. Introduction
Recently, the Machine Learning community has become
increasingly aware of the need for developing methods that unify
statistical and relational aspects of a wide variety of challenging
machine learning problems. In this context, Probabilistic Relational
Models, a range of Statistical Relational Learning formalisms, seem
to be well placed to reason about uncertainty and provide relational, structured representations. Because of their elegant way
of dealing with variables as well as the relationships that hold
amongst them, Probabilistic Relational Models have been successfully applied in a wide variety of domains such as social network
analysis, biological systems, pattern recognition and other domains
that involve relational data.
Probabilistic Graphical Models [33] are a class of Probabilistic
Relational Models that can represent rich dependency structures
and capture the causal process by which the data was generated.
Well-known examples of Probabilistic Graphical Models include
Bayesian Networks [48] which are compact probabilistic graphs
able to model domains with intrinsic uncertainty.
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One of the important properties relative to the Bayesian Networks is the Markov equivalence property, which can be illustrated
by the fact that the two networks X ! Y and X
Y are equivalent
(i.e., encode the same joint probability distribution). Nevertheless,
only one of them is correct from causal point of view. In fact, in the
ﬁrst network, X causes Y, thus, manipulating the value of X affects
the value of Y contrary to the second one where Y is a cause of X
meaning that manipulating X will not affect Y.
One way to cope with this limitation is to use Causal Bayesian
Networks, which are probabilistic models able to capture stochastic causal processes in a rigorous and compact way [50]. The main
feature of Causal Bayesian Networks is their ability to perform both
probabilistic and causal inference. This means that given a Causal
Bayesian Network, one can use it either to determine how the
observation of speciﬁc values (evidence) affects the probabilities
of query variable(s) or to predict the effect of an intervention on
the remaining variables.
Contrary to the non-Gaussian models (also called LiNGAM [55]),
whose causal graph can be fully identiﬁed from observational data,
usual Causal Bayesian Network formalisms need interventional
data in order to recover the fully causal structure. In this work,
we do not make use of LiNGAM methods since no suitable parametrization of the joint distribution can be established when
working under the non-gaussianity assumption. This is the key
reason for restricting our focus to Causal Bayesian Networks only.

80

M. Ben Messaoud et al. / Knowledge-Based Systems 76 (2015) 79–95

In the standard Causal Bayesian Network learning procedure, an
experimentation phase must be conducted on certain variables to
identify the true causal links connecting them to their neighborhood. However, experiments are often difﬁcult to conduct, greedy
in terms of resources, costly or even impossible. In this context, the
aim of this paper is to propose a decisional strategy for allowing
more efﬁcient causal discovery, where experiments are chosen
with a great care. On the other hand, it should be noted that most
of the recent knowledge-based systems are supplemented and
enhanced with structured background knowledge representation
such as ontologies. At ﬁrst glance, it seems that Bayesian networks
and ontologies have almost nothing in common but this does not
preclude that some recent studies have addressed some issues
related to the integration of the two formalisms.
This article provides a substantially extended version of our
previous works [7–10] in which we introduce the preliminary ﬁndings for integrating a semantic distance calculus to choose the
appropriate interventions. Further developments along this direction have been made in order to deploy more efﬁcient strategies
to integrate the semantic prior knowledge, improve the causal discovery process and reuse the new discovered information.
The remainder of this paper is arranged as follows: Section 2
gives the necessary background for both Causal Bayesian Networks
and ontologies and discusses some related works that combine the
two formalisms. Section 3 sets out how to use the ontological
knowledge to enhance the causal discovery and vice versa. In Section 4, we give simulation and experimental results that prove the
usefulness of the proposed algorithm. Concluding remarks and
future works are given in Section 5.

2. State of the art
This section surveys some elementary notions from probabilistic graphical models and semantic knowledge-based systems, both
of which are prerequisites for understanding the rest of the paper.
2.1. Probabilistic graphical models
Probabilistic graphical models (PGMs) [33] provide a framework within which applications from various domains of inherit
uncertainty such as artiﬁcial intelligence, machine learning, data
mining, and cognitive science will take advantage. Their popularity
essentially comes from the fruitful marriage between graph theory
and probability theory.
A PGM is essentially a graph G ¼ ðV; EÞ, where V denotes a set of
random variables and E a set of edges. These variables may be discrete (i.e., counted within a predeﬁned set of values) or continuous
(i.e. can take on any value on a range). The presence of an edge
between a pair of vertices implies a possible dependency between
their corresponding variables. PGMs also provide a general-purpose
modeling language for exploiting conditional independence relationships between the random variables to achieve compactness
and computational efﬁciency.
Depending on the speciﬁc nature of the pairwise interactions
among variables, there are basically three popular classes of PGMs:
 Directed ones such as Bayesian Networks [47,48,29] and
Causal Bayesian Networks [26,50,58] are popular alternatives in artiﬁcial intelligence and machine learning applications. These models are more consistent in revealing
unidirectional causality.
 Undirected Markov networks [36,48] are more adapted to
statistical physics and computer vision. They are often used
to capture the spatial correlation or mutual dependencies
between random variables.

 Chain graphs [35] (hybrid graphs combining directed and
undirected edges) are most useful when there are both causal-explanatory and symmetric association relations among
variables, while Bayesian Networks speciﬁcally deal with
the former and Markov networks focus on the later.
In this paper, we will especially focus on directed PGMs and
more especially on (Causal) Bayesian Networks.
2.1.1. Bayesian networks
At the qualitative level, a Bayesian Network (BN) is a directed
acyclic graph (DAG), in which directed cycles are not allowed.
The (missing) edges encode conditional (in) dependence relations
among the variables. At the numerical level, each node has a conditional probability table (CPT) that quantiﬁes each of its states
given every possible combination of the parent states (i.e.,
PðX i jPaðX i ÞÞ). This leads to express a global factorization of the joint
probability distribution (JPD) over the set of random variables in
the graph. When the JPD is known, it is possible to answer all possible inference queries by marginalization:

PðVÞ ¼

Y

PðX i jPaðX i ÞÞ:

ð1Þ

X i 2V

However, for problems with a large number of variables, this
direct approach is not practical. Fortunately, at least when all variables are discrete, we can use the locality of CPTs to make probabilistic inference (i.e., calculate the posterior probability PðX i jeÞ of a
variable X i assuming certain values given some observations on
evidence nodes e) more efﬁcient.
Note that several BNs can model the same probability distribution. In this case, the DAGs are called Markov equivalent [61] since
they can be used to represent the same set of probability distributions. More speciﬁcally, Markov equivalent DAGs share the same
skeletons and the same sets of v-structures, that is, two converging
arrows whose tails are not connected by an arrow (e.g.
Xi ! Xj
X k ).
There are various proposals in the literature to provide a representative class for Markov equivalent BNs. One of them is the
essential graph or complete partially directed acyclic graph
(CPDAG) [3]. An illustration of those Markov equivalent representations is given in Fig. 1.
Deﬁnition 2.1. A PDAG (Partially Directed Acyclic Graph) is used
to represent an equivalent class of DAGs. A PDAG contains the
same skeleton and v-structures as the original DAGs but possesses
both directed and undirected edges. Several PDAGs representing
the same equivalence class of DAGs can be found.

Deﬁnition 2.2. A CPDAG (Complete Partially Directed Acyclic
Graph) is a PDAG except that a CPDAG is unique for an equivalence
class of DAGs. Every directed edge X i ! X j of a CPDAG denotes that
all DAGs of this class contain this edge, while every undirected
edge X i  X j in this CPDAG-representation denotes that some DAGs
contain the directed edge X i ! X j , while others contain the opposite edge X i
Xj .
To extract from a DAG its corresponding CPDAG, Meek [41] proposed an implementation for the DAG-to-CPDAG algorithm. The
idea of this rule-based strategy is as follows. First, we make all
edges in the DAG undirected, except for those participating in a
v-structure. Then, we repeatedly apply the Meek rules [41] that
transform undirected edges into directed edges. Those transformation rules have been formally proven sound and complete [42].
When no rule matches on the current graph, that graph must be
a completed PDAG.
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Fig. 1. (a) Original DAG, (b) and (c) two PDAGs corresponding to the same equivalence class and (d) the associated CPDAG.

Learning BN structure is known to be an NP-hard task [14] since
the space of DAGs grows exponentially in the number of variables.
Up to now several heuristics have been proposed for learning the
structure of BNs using observational data. These techniques can
be divided into two main categories, namely score-based and constraint-based algorithms.
Score-basedalgorithms [16,18] attempt to identify the network
that maximizes a scoring function evaluating how well the network ﬁts the data while constraint-based algorithms [38,57] look
for (in) dependencies in the data and try to model that information
directly into the graphical structure. However, these approaches
often admit multiple candidate causal structures within equivalence and local optima.
2.1.2. Causal Bayesian networks
The biggest problem when learning BNs from observational
data is that we simply do not observe causal relationships. What
we really observe is the cause, the effect and the fact that they
occur in a ﬁxed pattern. This correlation implies an unresolved
causal structure. This empirical point of view makes BNs inappropriate for recovering fully causal structures. That is why an extension of traditional BNs, where directed edges represent correct
causal inﬂuences, is needed. To learn Causal Bayesian Networks
(CBNs), we have to collect further information on causality via
interventions (i.e., actions tentatively adopted without being sure
of the outcome). In this context, Eberhardt et al. [21] showed that
N  1 experiments are sufﬁcient and, in the worst case, necessary
to discover the causal structure among a set of N variables if at
most one variable can be subjected to an intervention in any one
experiment.
Using this form of representation, we can exploit the causal
inference, the major asset of CBNs, to ask intervention queries.
Such queries arise in situations where we want to know the effect
of a given perturbation doðX i ¼ xi Þ (i.e., ﬁxing the value of X i to xi )
on the outcome Y. Here, we should note that intervening on a system may be very expensive, time-consuming or even impossible to
perform. For this reason, the choice of variables to experiment on
can be vital when the number of interventions is restricted. All
those distinguishing features have motivated many researchers
to develop a variety of techniques and algorithms to learn such
models [28,43,44,46].
2.1.3. MyCaDo sketch
The MyCaDo [43,44] algorithm is one of the active techniques suggested to discover causal structures further from a
Markov equivalence class using a design strategy for planning
experiments. In what follows we give a brief sketch of each of
the principle phases of MyCaDo algorithm (refer to the righthand part of Fig. 4) for later purposes. Given a perfect observa-

tional dataset, the ﬁrst phase consists in learning the CPDAG
using traditional structure learning techniques. Meganck [43]
and Meganck et al. [44] especially used PC algorithm with modiﬁed orientation rules that were proved complete and sound by
[41].
The second phase of MyCaDo approach employs some techniques from decision theory to select the best experiments to perform and, hence, direct the maximum number of edges in the
partially directed structure. So before performing an experimentation on X cand (the term cand stands for ‘‘candidate’’), MyCaDo measures all neighboring variables and, accordingly to the result,
directs all edges connecting X cand and its neighbors NeiðX cand ). This
edge orientation represents one graph instantiation (instðAX cand Þ)
among all possible instantiations. It is then possible to continue
the edge orientation by using the Meek rules [41] to infer new causal relations. Let inferredðinstðAX cand )) be the number of inferred
edges based on instðAX cand Þ. MyCaDo proposes that the utility of
an experiment is related to the number of edges directly oriented
or inferred, weighted by the cost of experiment (costðAX cand Þ) and
measurement (costðMX cand Þ):

UðX cand Þ ¼

CardðNeiðX cand ÞÞ þ CardðinferredðinstðAX cand ÞÞÞ
a:costðAXcand Þ þ b:costðMXcand Þ

ð2Þ

where measures of importance a and b 2 ½0; 1 and Card() represents the cardinality of any set.
2.2. Knowledge-based systems
A Knowledge-based system (KBS) provides a consistent reasoning framework doted with an inference engine that deductively
reason over a logical language. Ontology is one such kind of knowledge representation framework designed to support the reasoning
task of a knowledge-based system. There are different deﬁnitions
in the literature of what should be an ontology. The most popular
one was given by [27], stipulating that an ontology is an explicit
speciﬁcation of a conceptualization. The ‘‘conceptualization’’, here,
refers to an abstract model of some phenomena having real by
identifying its relevant concepts. The word ’’explicit’’ means that
all concepts used and the constraints on their use are explicitly
deﬁned.
An ontology usually contains modeling primitives such as:
 a set of concepts or classes C ¼ fC 1 ; . . . ; C n g structured by
means of taxonomic (is-a) and partonomic (part-of) hierarchy H,
 concept properties or attributes,
 semantic relations between concepts (Rc : C i  C j ),
 a set of concept (resp. relation) instances I (i.e., occurrences
of classes and semantic relations),
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 a set of formal axioms A ¼ hcik ; cjm ; v n i with cik ; cjm 2 I and
v n 2 V (i.e., a set of constraint-relationships like must, must
not, should, and should not).
All of these components are depicted in Fig. 2, where concepts
are tagged by yellow circles and instances are marked with blue
diamonds. The is-a relations concern inter-related concepts and
the non-labeled ones indicate instantiation relationships. We distinguish between two types of causal relations in the ontology.
The ﬁrst ones which are indicated in solid lines build causal connections between the ontology concepts. The other type in dashed
lines consider more speciﬁc causal relations that exist between
concept instances. We restrict the use of semantic relations to only
causal ones between concepts since they are the main relations
recovered in our approach.
With the inﬂuence of reasoning systems, standardized languages, such as RDF [34] and OWL [40], have played a role of
particular importance in providing data modeling speciﬁcation to
represent machine-interpretable semantics of information. These
languages are based on descriptive logic (DL), which enables them
to infer implicit knowledge from the ontology and check its
consistency.
Simultaneously, there are several reasons to opt for continuous
changes in the ontology to make semantic inference more robust
and reliable. Such proposals can take different forms such as a
change in the domain, the diffusion of new discoveries or just an
information received by some external source [22]. There are many
ways to change an ontology in response to the fast-changing environment. One possible direction is the ontology evolution, which
consists in taking the ontology from one consistent state to another
by updating (adding or modifying) the concepts, their properties
and the associated relations [31]. The ontology evolution can be
of two types:
 Ontology population: when new concept instances are added,
the ontology is said to be populated.
 Ontology enrichment: which consists in updating (adding or
modifying) concepts, properties and relations.
In the rest of this paper, we will especially focus on the second
type of ontology evolution. Following the ontology evolution cycle
(see Fig. 3), we can distinguish six phases employed to guide ontology change validation in a systematic and optimized way. Each of
these phases will be covered in more details in the context it
occurs in our algorithm. In order to establish the context in which
the ontology evolution takes place, the principle of ontology continuity should be fulﬁlled. It supposes that the ontology evolution

Fig. 2. An illustrative example of Risk and Catastrophe Ontology.

Fig. 3. The six-phases of ontology evolution process [37].

should not make false an axiom that was previously true. When
changes do not fulﬁll the requirement of ontological continuity,
it is no more an evolution, it is rather an ontology revolution [63].
The knowledge acquisition during the ontology evolution is
done by applying automatic (or semi-automatic) knowledge
extraction processes such as text mining approaches. This provides
support for continual ontology improvement over time as documents are added or removed. This practice is particularly prevalent
in the biomedical ﬁeld where large quantities of scientiﬁc articles
are used to discover new relationships between known concepts
(e.g., symptoms, diseases, proteins, etc.) [17]. Nevertheless, these
knowledge extraction tools merely reproduce the shared knowledge without making any real new discoveries.

2.3. PGM and ontology cooperation: Review of relevant literature
Recent studies have suggested some ways to combine both
ontologies and PGMs. We especially investigate contributions that
formalized the cooperation between the two formalisms.

2.3.1. Modeling uncertainty in ontologies
The ﬁrst line of research focused on how to integrate the power
of PGMs to enhance the potential of ontologies by supplementing it
with the principal means of modeling uncertainty. In this context,
Albagli et al. [1] have introduced iMatch, a probabilistic scheme for
ontology matching based on Markov networks, Wu and Weld [62]
have also presented the KOG system that builds a rich ontology by
combining Wikipedia infoboxes with WordNet using Markov logic
networks, and [64] have proposed the OntoBayes approach, an
ontology-driven Bayesian model for uncertain knowledge representation, to extend ontologies to probability-annotated OWL in
decision making systems. This approach was later complemented
with a concrete service oriented framework for decision support
systems [65].
Some other approaches have investigated how to provide languages to capture uncertainty. Zhang et al. [67] have proposed a
prototype implementation for BayesOWL [20], a probabilistic
framework that augments and supplements OWL for representing
and reasoning with uncertainty based on BNs. Similarly, Settas
et al. [54] have presented the BNTab Protégé1 plugin, another tool
for quantifying uncertainty in the antipattern ontology by capturing
and visualizing probabilistic causal relationships between antipattern variables.
1

Ontology-building editor and API: http://protege.stanford.edu.
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2.3.2. Ontology driven construction of PGMs
Other researches have enhanced the PGM construction by integrating ontologies. For example, Jeon and Ko [30] have developed a
semi-automatic BN construction system based on e-health ontologies. Their framework enables probabilistic inferencing capabilities
for various E-health applications and contributes to reduce the
complexity of BN construction. A similar approach was proposed
by [19], in which they present an automatic solution for BN construction, implemented in the context of an adaptive, self-conﬁguring network management system in the telecommunication
domain. More recently, Anantharam et al. [2] developed an
approach to extract the structure of a PGM from observations of
a cyber-physical system and declarative knowledge about the
domain in the form of ontologies and linked open data.
2.3.3. PGM-ontology combination
Other applications have exploited the combination of the two
formalisms to cumulate the advantages they provide. For instance,
Zheng et al. [68] have proposed an ontology-based BN approach to
represent the uncertainty in clinical practice guidelines. In the biological ﬁeld, GO-Bayes, a tool proposed by [66], performs overrepresentation analysis in the Gene ontology using BNs by
investigating whether gene annotations are statistically overrepresented in identiﬁed Gene ontology terms. Tagliasacchi and Masseroli [60] have implemented a post-processing method that uses a
BN to eliminate predictions of anomalous annotations that are
inconsistent with the Gene ontology structure. And ﬁnally, McGarry et al. [39] have provided a framework for integrating high level
biological knowledge obtained from Gene ontology with low level
information extracted from a BN.
In our previous work [8], we focused on only one facet of the
CBN–ontology combination by integrating the ontological knowledge to learn CBNs. Taking a further step in the same direction, this
paper proposes to reuse discovered causal relationships to enrich
the ontologies. A similar two-way approach [5,6] have been conducted to learn object-oriented Bayesian networks from ontologies
and vice versa.
3. SemCaDo: A serendipitous causal discovery algorithm for
ontology evolution
Generally, in the research area, scientiﬁc discoveries represent a
payoff for years of well-planned works with clear objectives. This
afﬁrmation did not exclude the case of other important discoveries
that are made while researchers were conducting their works in
totally unrelated ﬁelds and the examples are abundant from
Nobel’s ﬂash of inspiration while testing the effect of dynamite
to Pasteur brainstorm when he accidentally discovered the role
of attenuated microbes in immunization.
In this way, we propose a new causal discovery algorithm which
stimulates serendipitous discoveries when performing the experimentations using the following CBN–Ontology correspondences.
3.1. CBN–ontology correspondences
The question that emerges at this stage is how to manage the
duality between serendipity and causality in order to provide an
innovative design for assessing causal discoveries. Before proceeding with the correspondences among CBNs and ontologies, let us
ﬁrst investigate the constraints that we impose all along this paper:
 Only a single domain ontology should be speciﬁed for each
causal discovery task.
 The ontology evolution should be realized without introducing inconsistencies or admitting axiom violations.
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Taking these criteria and constraints into account, we ﬁrst propose to assign a single concept (C i ) from the domain ontology to
each CBN node (X i ). Accordingly, the causal dependencies (E) represented by directed links in the CBN will be depicted by the speciﬁc causal relations (Rc ) between the appropriate concepts in the
ontology. More precisely, the present study focuses on semantic
causal relations among which only one concept attribute is considered in the ontology. On a more ﬁne-grained level, we can associate
both observational and experimental data (Dobs=exp ) to the state
instantiations (I) of the ontology concepts.
3.2. SemCaDo sketch
Based on a domain ontology, our approach relies on extending
the MyCaDo algorithm [43,44] (cf. Section 2.1.3) in order to incorporate available prior causal knowledge. The original characteristic
of our algorithm named Semantic Causal Discovery (SemCaDo) is
essentially its ability to discover and reuse the capitalized knowledge in CBNs to make an ontology evolution. The general overview
of the SemCaDo algorithm is given in Fig. 4 and Algorithm 1. SemCaDo inputs an observational dataset and a corresponding domain
ontology. As outputs, SemCaDo returns a CBN and a list of new
discovered causal relationships. The whole process takes place
through three main phases.
Algorithm 1. SemCaDo
Input: Observational dataset Dobs ; Ontology O; System
S; costðAX i Þ; costðM X i Þ; a; b
1. Const ¼ ExtractConstraintsðOÞ
2. PDAG ¼ LearnInitialStructureðDobs ; ConstÞ
3.
for all X cand with undirected edges do
UðX cand Þ ¼ CalculateUtilityðO; costðAX cand Þ; costðMX cand Þ; a; bÞ
end for
4. X best ¼ argmaxðUðXÞÞ
5. Dexp ¼ PerformExperimentðS; X best Þ
6. PDAG ¼ InstantiateUndirectedEdgesðX best ; Dobs ; Dexp Þ
7. PDAG ¼ ApplyMeekRulesðPDAGÞ
8. Return to step (3) until all links are directed or no
additional experiment can be performed
9. G :¼ PDAG
10. newK ¼ ValidateResultsWithExpertsðG; OÞ
11. O0 ¼ EnsureOntologyEv olutionðO; newKÞ
Output: CBN G; enriched ontology O0

3.2.1. Learning the initial structure using causal prior knowledge
The ontology in input may contain some causal relations in
addition to hierarchical and semantic relations. Those causal relations should be integrated into the structure learning process from
the beginning in order to reduce the task complexity and to get
better ﬁnal output. Therefore, such direct cause-to-effect relations
will be incorporated as constraints when applying structure learning algorithms (Refer to step 1 in Algorithm 1). Our main objective
is to narrow the corresponding search space by introducing some
restrictions that all elements in this space must satisfy.
In our context, the only constraint that will be deﬁned is edge
existence. But we could also imagine in future work that some axioms in the ontology also give us some information about forbidden
edges. All these edge constraints can easily be incorporated in
usual BN structure learning algorithm [13]. Under some condition
of consistency, these existence restrictions shall be fulﬁlled, in the
sense that they are assumed to be true for the CBN representing
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Fig. 4. SemCaDo: Extending MyCaDo to allow CBN–ontology interactions.

the domain knowledge, and therefore all potential Partially Directed Acyclic Graph (PDAG) must necessarily satisfy them (cf. Deﬁnition 2.1).
Deﬁnition 3.1. Given a domain ontology O, let G=(C; Rc ) be the
DAG where Rc : C i  C j represents the subset of semantic causal
relations extracted from O. This subset included both direct and
logically derivable semantic causal relations. Let H=(X; Eh ) be a
PDAG, where X is the set of the corresponding random variables
and Eh corresponds to the causal dependencies between them. H is
consistent with the existence restrictions in G if and only if:

8C i ;

C j 2 C;

if C i ! C j 2 Rc then X i ! X j 2 Eh :

When we are specifying the set of existence restrictions to be
used, it is necessary to make sure that these restrictions can indeed
be satisﬁed. In fact, such causal integration may lead to possible
conﬂicts between the two models. When this occurs, we have to
maintain the initial causal information in the PDAG since we are
supposed to use perfect observational data. On the other hand,
we should ensure the consistency of the existence restrictions in
such a way that no directed cycles are created in G.
3.2.2. Semantic-based causal discovery process
It seems obvious that the gained information of the utility
function employed in MyCaDo is essentially the node connectivity
(i.e., the number of undirected edges and those susceptible to be
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inferred) which serves to orient the maximal number of edges but
not necessarily the most informative ones. To cope with this limitation, the strategy we propose in our approach makes use of a
semantic distance calculus [12] provided by the ontology structure. So, for each node in the graph, SemCaDo gives a generalization of the node connectivity by introducing the semantic inertia,
denoted by SemInðX i Þ and expressed as follows:

P
SemInðX i Þ ¼

X j 2NeiðX i Þ[X i dist Sem ðmscsðNei



ðX i Þ [ X i Þ; X j Þ

CardðNeiðX i Þ [ X i Þ

Algorithm 1). In this way, the causal relations will be translated
into semantic causal relations between the corresponding ontology
concepts (Refer to step 11 in Algorithm 1). We also note that only
causal relations ensuring semantic consistency will be retained for
the ontology evolution process. For this purpose, SemCaDo algorithm uses the six-phases evolution process (previously shown in
Fig. 3):
 Change capturing: the aim of this initial step in the ontology
evolution process is to capture the new discovered causal
relations on the current causal graph which are not actually
modeled. It starts after ﬁnishing the structure learning step
to treat all changes in a consistent and uniﬁed manner.
 Change representation: these causal changes need to be represented formally, explicitly and in a suitable format to be
correctly implemented. In the context of SemCaDo algorithm, we only handle elementary changes [59] (i.e.,
restricted to adding semantic causal relations) that cannot
be decomposed into simpler ones.
 Semantics of change: the semantics of change is the phase
that enables the resolution of ontology changes in a systematic manner by ensuring the consistency of the ontology. In
our case, conﬂicting knowledge is highly possible to occur
when deducing causal conclusions from the ontology axioms. Such inconsistencies should be handled by automated
reasoning. This step also prevents the creation of new cycles
in the ontology when integrating the causal discoveries. This
consistency rule is maintained since the causal discovery
step in SemCaDo avoids the creation of cycles during the
structure learning.
 Implementation: to avoid unwanted changes, a list of all consequences in the ontology and dependent artifacts should be
generated and presented to the ontology engineer, who
should then be able to accept the change or reject it. If the
implementer agrees to add the new causal relationships, all
actions to apply the change have to be performed.
 Propagation: pursuing and adopting the new causal discoveries can generate additional changes in other parts of the
ontology. These changes are called derived changes. That is
why, during this step, it is necessary to determine the direct
and indirect types of changes to be applied. In case of ambiguity, the ontology expert decides the action to perform. A
human intervention at this level is essential to remove ambiguity and to make the ﬁnal decision.
 Validation: change validation enables justiﬁcation of performed changes and undoing them at user’s request. If the
output of SemCaDo causal discovery step is a partially directed graph, it is possible to restart the cycle when there is sufﬁcient budget to make further discoveries.

ð3Þ

where L represents the set of concepts relative to the set of nodes L,
mscsðL Þ is the most speciﬁc common subsumer of the set of concepts L and distSem ðC i ; C j Þ evaluates the disaffection between C i
and C j .
Moreover, the semantic inertia SemInðX i Þ presents three major
properties:
 When the experimented variable and all its neighbors lie at
the same level in the concept hierarchy, the semantic inertia
will be equal to the number of hierarchical levels needed to
reach the mscs.
 If the corresponding concepts have the same parent in H,
then SemIn will be proportional to CardðNeið:ÞÞ.
 It essentially depends on semantic distance between the
studied concepts. This means that the more important the
distance is, the more maximized the SemIn will be.
In this way, we will accentuate the serendipitous aspect of the
proposed strategy and investigate new and unexpected causal relations on the graph. Further, we also integrate a semantic cumulus
relative to the inferred edges denoted by Inferred Gain in the utility
function. For this purpose, we use I (X i ) to denote the set of concepts corresponding to nodes attached by inferred edges after performing an experimentation on X i . So, the Inferred Gain formula is
expressed as follows:

P
Inferred GainðX i Þ ¼

X j 2IðX i Þ dist Sem ðmscsðI

CardðIðX i ÞÞ



ðX i ÞÞ; X j Þ

ð4Þ

Inferred Gain
also
represents
a
generalization
of
Cardðinferredðinstð:ÞÞ in Eq. (2) and depends on the semantic distance between the studied concepts.
When using the two proposed terms, the utility function will be
as follows:

UðX i Þ ¼

SemInðX i Þ þ Inferred GainðX i Þ
a:costðAXi Þ þ b:costðMXi Þ

ð5Þ

where the two measures of importance a; b are usually chosen proportionally (a; b 2 ½0; 1 and maxða; bÞ – 0).
This utility function will be of great importance to highlight
the serendipitous character of SemCaDo algorithm by guiding the
causal discovery process to investigate unexplored areas and
conduct more informative experiments (Refer to steps 3 and 4 in
Algorithm 1).
3.2.3. Edge orientation and ontology evolution
Once the speciﬁed intervention has been performed, we follow
the same edge orientation strategy (step 5 in Algorithm 1) as in
MyCaDo [43,44]. So if there are still some non-directed edges in
the PDAG, we re-iterate over the second phase and so on, until
no more causal discoveries can be made. Since certain experimentation cannot be performed, either because of ethical reasons or
simply because it is impossible to do it, the ﬁnal causal graph
can be either a CBN or a partially causal graph.
In both cases, the causal knowledge will be extracted and interpreted for an eventual ontology evolution (Refer to step 10 in
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4. Experimental study
SemCaDo and MyCaDo [43,44] have both been implemented in
our local platform dedicated to probabilistic graphical modeling
and learning. This platform in C++ uses Boost Graph API2 for graph
manipulation and ProBT API3 for BN modelling.
To evaluate the effectiveness of our approach, we ﬁrst resort to
simulations in order to give accurate results on the performance of
SemCaDo compared to MyCaDo in various situations. MyCaDo will
serve as comparison reference to SemCaDo since both of them
share the same assumptions and use the same observational input
data. Then, an experimental evaluation using real cellular network
2
3

http://www.boost.org/.
http://www.probayes.com/.
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[11] will be undertaken to conﬁrm the effectiveness of the proposed technique.
4.1. Validation on synthetic data
We ﬁrst proceed through simulations to achieve a SemCaDoMyCaDo performance comparison and validate the causal discovery process in both strategies. As a starting point, we randomly
create a set of synthetic 50 and 200 node graphs. For each simulated graph, we automatically generate a corresponding ontology,
deﬁned by a hierarchy of concepts and some causal relations. Speciﬁcally, we integrate a varying percentage (10–40%) of the initial
causal relations. Still, as long as we do not dispose of a real system
to intervene upon, we decide to simulate the experimentations
directly in the previously generated CBNs as in [43,44] and choose
equal measures of importance when calculating the expected utilities (i.e., a ¼ b ¼ 1 in Eq. (2)).
To perform the experimentation, we propose to mutilate (i.e.,
disconnect) the node X best from PaðX best Þ in the DAG such that the
manipulated variable become totally independent of its parents
in the post-intervention distribution [49]. We force X best to take
on random values and then sample the post-intervention distribution to get the experimental data.
The obtained dataset as well as the initially supplied observations will be transferred to the conditional independence v2 test
in order to determine if the variable under experiment is the cause
or the effect of its neighboring variables. Now that the experimental setup has been described, we will detail the three main blocks
of our strategy (refer to Fig. 4 in Section 3.2 to follow the cycle in
more details):
 Structure learning: We apply a DAG-to-CPDAG algorithm [15]
on those CBNs in order to simulate the result of a structure
learning algorithm working with a perfect inﬁnite dataset
(refer to Section 2.1.1).
 Causal discovery process: To evaluate the reconstruction
results with both MyCaDo and SemCaDo, we propose to
compute the semantic gain of each experiment X i as follows:

Semantic GainðX i Þ ¼

X

dist Sem ðmscsðO ðX i ÞÞ; X j Þ

ð6Þ

X j 2OðX i Þ

where O represents the set of concepts relative to the set of
nodes O that become linked by oriented edges after performing
an experiment on X i , mscsðO Þ is the most speciﬁc common subsumer of the set of concepts O , and distSem ðC i ; C j Þ is the semantic
distance between C i and C j .
Throughout the causal discovery phase, we will use the Rada’s
distance [52] as the speciﬁc distance when calculating the
semantic gain. The choice of this distance is motivated by its
extensive use in the literature (see [12] for a comparative study
between semantic distances).
Deﬁnition 4.1. Let C i and C j be two concepts in an is-a (resp. partof) hierarchy. A measure of the conceptual Rada’s distance is
deﬁned as the minimum number of edges separating the given two
concepts.

The intent here is to update a semantic cumulus after each SemCaDo (resp. MyCaDo) iteration as shown in Fig. 5. In both modeling
strategies, the two corresponding curves are increasing in, meaning
that the higher the number of experimented variables, the higher
the value of the semantic gain. Nevertheless the faster the curve
is increasing, the more impressive and better experiments the
approach is converging to in term of semantic interpretation. The
combined results indicate that our approach comfortably outper-

forms MyCaDo in term of semantic gain. This is essentially due to
the initial causal knowledge integration and the causal discovery
strategy when performing the experimentations. However, the
two curves reach a common semantic maxima when obtaining a
fully directed graph. This is always the case since, without using
the same experimentations, the two strategies orient the same
number of edges when ﬁnishing the experimental process. In this
regard we should remember that we are approaching a decision
problem which is subject to the experimentation cost and the budget allocation. Taking this constraint into account, the SemCaDo’s
advantage will be extremely beneﬁcial when the number of experiments is limited.
 Ontology evolution: This step is not signiﬁcant in the current
experimental design since we are generating the ontology
from the simulated graphs.
4.2. Validation on Sacharomyces cerevisiae cell cycle microarray data
Discovering and modeling gene regulatory circuitry from both
observational and experimental data is one of the most challenging
problems facing biologists today. This is essentially due to the non
negligible number, duration and cost of experiments and the lack
of facilities for conducting genetic4 (resp. environmental5) perturbations. In such circumstances, it would be far better to propose
an experimental design to cope with the lack of data and provide
maximal expected information. In this context, we propose to validate our approach using S. cerevisiae cell cycle microarray data
[56] and the corresponding Gene Ontology annotations.
4.2.1. Data description
The experimentation using real biological systems requires the
use of gene-expression microarray data, the Gene Ontology and
causal pathway repositories.
 Gene expression dataset: We consider the Yeast S. cerevisiae
cell cycle microarray data [56] since the Yeast genome is relatively small compared to more complex eukaryote organisms and highly annotated with Gene Ontology functions.
In this dataset, the mRNA concentrations of nearly 6178
genes were measured with three independent ﬂuorescence
measurement methods. Overall, the dataset contains 73
sampling points for all genes. Each of them is measured in
different phases of the yeast cell cycle. According to [56],
about 800 of these genes have been reported with varying
transcripts over the cell cycle stages.
 Gene ontology: Most of the S. cerevisiae genes are annotated
with speciﬁc biological functions from the Gene Ontology6
(GO), which remains the most popular initiative aiming at
providing a structured, precisely deﬁned, and dynamic controlled vocabulary to facilitate the description of gene roles
and gene product attributes in the eukaryotic genome. The
GO structure is in the form of a rooted DAG where nearly
30000 concepts are formalized into three related (sub-) ontologies, referred to as molecular function, cellular component
and biological process. According to the GO consortium, these
GO domains represent three separate ontologies which are
unrelated by a common parent node.
The directed edges between concept nodes represent either
subsumption links (‘‘is-a’’) or composition relationships

4
Gene knockout (deletion of the gene), or overexpression (setting the expression
level higher than its usual level).
5
Change in one or more non-genetic factors, such as a change in environment,
nutrition, pressure or temperature.
6
http://www.geneontology.org/.
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Fig. 5. The semantic gain given the number of experiments using MyCaDo and SemCaDo on relatively small graphs (a) and bigger ones (b).

Fig. 6. CLB6 multiple localizations in GO.

(‘‘part-of’’). The GO concepts are given a unique ID number in
the form of GO:N (where N is a natural number) to identify
and characterize some biological properties. This GO structure
(concepts + relationships) reﬂects the current representation
of biological knowledge as well as serving as a guide for classifying new data.
According to the existing biomedical literature’s assertions,
the gene products may be annotated to as many GO concepts
as needed and at the most speciﬁc levels. For instance, as
shown in Fig. 6, the gene CLB6 is involved in:

discussed above, we set the cell part term (colored in red)
as the mscs of the two studied concepts. If there are multiple
paths between any two concepts and their mscs, only the
shortest one is considered. The red dashed lines indicate,
in our case, the optimal path according to the GO structure.
We note that the best GO-distance between two genes can
be equal to 0 when both of them are annotated to the same
GO concept.
 Causal pathway repositories: However, since the GO structure
consists essentially of hierarchical classiﬁcation, we will be
unable to extract or enrich the GO with regulatory pathways.
An alternative source of causal relations is the Biochemical
Pathway Repositories where regulatory information could
be available. Fueled by the availability of experimentally
determined pairwise gene interactions, different datasets
for delineating the biochemical pathways and reactions have
been merged. Most of these scientiﬁc databases, such as Data
Repository of Yeast Genetic Interactions (DRYGIN)7 [32],
enable a convenient access to genes in terms of the biological
pathways in which they intervene [4]. Fig. 8 shows a DRYGIN

1. regulation of cyclin-dependent protein kinase activity
(GO:0000079),
2. regulation of S phase of mitotic cell cycle (GO:0007090),
3. G1/S transition of mitotic cell cycle (GO:0000082).
Such a classiﬁcation will provide a higher-level understanding of how tissue-speciﬁc genes are regulated and expressed.
Given two other genes NPL3 and UFE1, which are respectively annotated with the cell nucleus (GO:0005634) and
the SNARE complex (GO:0031201), we show in Fig. 7 the
multiple paths that can be found between them. As

7

http://drygin.ccbr.utoronto.ca/.
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Fig. 7. The shortest path between NPL3 and UFE1 in GO.

screen capture for the top regulatory pathways involving the
gene CLB6.

4.2.2. Experimental design
As in Section 4.1, we continue to simulate the experimentations
directly on the Gene Regulatory Network (GRN). Here, we have to
adapt some of the initial CBN–ontology correspondences that we
provide in Section 3.1. Henceforth, the GRN nodes which correspond to genes will be assigned to the most speciﬁc level of the
Gene Ontology using term annotations (i.e., instances). The rest
of the correspondences remain unchanged. Given these correspondences, our analysis will be shaped by two design choices:
First, we will evaluate our approach using all available annotations in a way such that multiple annotations can correspond to a
single gene. Then, we propose to modify our benchmark data by
sorting each studied gene to one of its multiple localizations in
the GO. In fact, when allowing the studied genes to be fully annotated with all GO terms describing their biological functions, we
may be left with no alternative than treating regulatory relations
between ‘‘semantically’’ adjacent genes. Such a factor would introduce even more surprising relations among the GO terms. In Fig. 9,
two histograms are used to plot the distributions of the semantic
distance between concepts by using both single and multiple
annotations. When comparing the two histograms, we notice that
the frequency distribution in the blue colored histogram is heavily
skewed to left, giving credence to the claim that original GO
includes more proximal genes than the biased one.
In order to overcome the lack of real experimental data needed to
build the causal model, we propose to use the GRN of [24] as a starting causal model and the GO structure as a source for calculating
semantic distances between genes. From a modeling standpoint, a
GRN can be thought of as a DAG G ¼ fV; Eg where V is the set of
n gene nodes (resp. protein concentrations and other experimental
conditions) and E is the set of directed edges among the nodes
belonging to V. Such models are well suited for representing cellular processes (i.e., metabolism, signal transduction and transport).

 Structure learning: Using the Yeast S. cerevisiae cell cycle
microarray data [56,24] proved that they were able to
extract a ﬁner structure of regulatory interactions between
genes. Their heuristic approach aimed at focusing on a pair
of features that are common to high-scoring networks. The
ﬁrst type of features they identiﬁed is the high conﬁdence
Markov relations8 which assume that a gene interaction
exists between two genes if no variable in the model mediates
the dependence between them. The second feature is synonymous to causality in the model since, out of all 800 genes they
treat, only a few seem to dominate the order (i.e., appear
before many other genes) in the overall networks of a given
equivalence class. The intuition is that precedence over the
ordering is indicative of potential cause-to-effect relationships
on the cell-cycle process. Screen capture of the considered
causal graph is shown in Fig. 10.
The main reason for choosing the GRN of [24] as starting
model is that it is free from assumptions and do not reuse
any prior knowledge. We also note that interactions between
genes other than causal relationships are not considered.
We initially need this causal graph to sample normally distributed data that will be fed to the Greedy search (GS) algorithm
[23] in order to re-discover the original network. Here we consider the BIC as our model selection criterion since this provides a good approximation to the marginal likelihoods.
Simultaneously, we slightly modify GS in order to permit
the experimenter to integrate prior knowledge about the
direction of some edges in the ﬁnal graph. These ’’hard’’
restrictions are assumed to be true for the resulting BN, and
therefore all the candidate BNs must satisfy them. Three cases
were considered in which we incorporate 20% (resp. 40% and
60 %) of the edges being present in the initial graph. For
proper sampling, we have chosen the causal priors uniformly
at random from the set of all edges. Then, once the BN is con8
Are pairwise Markov relations the only conditional independence relations
encoded by the graph.
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Fig. 8. Screen capture of the top DRYGIN regulatory pathways involving the gene CLB6.

Fig. 9. Distance frequency distributions using multiple (resp. single) gene annotations in the GO.

structed, we need to execute the DAG-to-CPDAG algorithm
[15] in order to keep only the edge directions which are statistically signiﬁcant.
 Causal discovery process: When calculating the SemCaDo utilities, we were also forced to add a ‘‘fake’’ term (GO root) as a
parent of the three existing root nodes in the GO (i.e., molecular function, cellular component and biological process) to
perform semantic distance calculations on one unique ontology. This GO root will be then associated with a dozen of S.
cerevisiae gene products which are not yet annotated with
any GO term. The rest of the experimental process remains
unchanged from that used in Section 4.1.
 Ontology evolution: Although, to make the experimental
design more realistic in the context of biological resource
management, we need to modify the third phase of our algorithm by updating the biological pathway datasets (e.g.,
DRYGIN repository) instead of making the GO enrichment.
Metabolic pathways in such databases are computationally
predicted using automated literature mining and then manually reviewed to ensure higher accuracy. This new dimension ensures optimal reuse of causal discoveries obtained
from experimentations by submitting missing gene pairwise
interactions. Unfortunately, since we are not intervening on

a real system, we are unable to provide the dataset curators
with any suggestions or corrections. We therefore content
ourselves with a brief outline of the principle.
4.2.3. Results and interpretation
The present experimental study employed two key steps to evaluate our strategy, in both quantitative and qualitative way. In the
ﬁrst one, we evaluate the SemCaDo performance in terms of both
the recovering of the expected structure and the total time required
for execution. In the second context of analysis, we will proceed
through a comprehensive comparison between the SemCaDo and
MyCaDo algorithm. The goal of this experimental study is to assess
the quality of the two algorithms, and, more importantly, to understand how theoretically predicted properties manifest themselves
in a practical setting. To this end, we carry out a quantitative and
qualitative comparison between the two algorithms.
 Quantitative comparison between SemCaDo and MyCaDo
(using multiple annotations): Four scenarios have been analyzed, as shown in the two plots in Figs. 11 and 12.
First, we apply the structure learning algorithm without considering any prior knowledge. Then we proceed through
three series of tests with varying degrees of prior knowledge
(20%, 40% and 60% of the edges contained in the initial
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Fig. 10. Graphical representation of the entire GRN [24] employed for the experimentations.

graph). After each test run, we counted the number of correctly (resp. inversely) directed edges and non-existent
edges obtained with SemCaDo (Refer to Fig. 11) and measure
the time execution needed to reconstruct the full structure
using GS (resp. MyCaDo and SemCaDo) algorithm (Refer to
Fig. 12). In order to properly compare and contrast the
empirical results, the above-mentioned algorithms must be
applied using the same initial network and test conditions.
Accordingly, it was so reasonable that the MyCaDo also integrates the same causal prior knowledge in a way to not
penalize its performance when compared to SemCaDo.
We ﬁrst set out to investigate the impact of injecting causal
prior knowledge on the quality of the learning reconstruction. Fig. 11 illustrates the averaged results obtained with
both SemCaDo (solid lines) and MyCaDo (dashed lines). We
also plotted the proportion of edge orientation relative to
applying MyCaDo without integrating priors in dashed horizontal line so that we could compare the SemCaDo results
to those obtained with the original (resp. modiﬁed) version
of MyCaDo.
As it could be veriﬁed by the empirical results, the edge
direction accuracy in the ﬁrst scenario is not sufﬁciently satisfactory for both MyCaDo and SemCaDo since the number of
inversely and non-existent edges are still quite large. In the
next three scenarios, with the introduction of causal priors,

we realize a progressive improvement in the accuracy and
efﬁciency of the learning process. For example, when proceeding with SemCaDo, the integration of 20% of the initial
causal edges has adjusted the total number of correctly
directed ones by about 10%. This leads to a relative decrease
of both inversely and non-existent edges. We note that all
the associated means and standard deviations are equals
when dealing with MyCaDo and SemCaDo, indicating the
close correlation between the studied curves. Thus, it
appears that while MyCaDo is powered by causal priors,
there was no signiﬁcant improvement over the SemCaDo
strategy.
Let us now reexamine the same four scenarios from the perspective of time execution. As we stated earlier in Section
3.2, the integration of the priors is restricted to the initial
step of SemCaDo (resp. MyCaDo). This implies that GS is
intended to be the ﬁrst to beneﬁt from this external guidance.
So, as shown in Fig. 12, the green line in the plot corresponds
to the time execution of GS. The other curves in red and blue
display the runtimes relative to both SemCaDo and MyCaDo.
All runtimes are normalized and computed as the ratio of the
actual time execution to the GS without priors runtime.
Fig. 11 shows the execution time relative to applying MyCaDo without integrating priors in dotted horizontal line. With
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Fig. 11. Enhancing the structure learning performance of SemCaDo (resp. MyCaDo) by exploiting causal prior knowledge.

Fig. 12. Computational time for SemCaDo (resp. MyCaDo and GS) algorithms.

the actual parameter settings, SemCaDo requires the integration of 13% of causal prior knowledge to yield the same
execution time as MyCaDo. This decreasing trend continues
with the further introduction of causal priors. For example,
with the introduction of 20% of causal priors, we improve
the SemCaDo runtime by about 14%.
Similarly, we gain further improvement reducing overall
execution time by about 24% (resp. 30%) when integrating
40% (resp. 60%) of causal priors.
Overall, the SemCaDo appears to be slightly more complex
and time consuming compared to MyCaDo + priors. This is
essentially due to the fact that SemCaDo returned each time
to the ontology to perform the required distance calculations
and determine which variable to alter next. However, further
improvements can be achieved through the use of cache system performance.
 Qualitative comparison between SemCaDo and MyCaDo (using
multiple annotations):
Given the above parameter settings, our analysis here will
focus on a qualitative comparison between MyCaDo and
SemCaDo.
The corresponding results are reported in Fig. 13 under the
same four test conditions as in the previous analysis except
that now we will display the evolution of the semantic
cumulus along the experimental process for both MyCaDo

(resp. MyCaDo + priors) and SemCaDo. As in Section 4.1,
we also continue to assume the use of original GO and Rada
distance. Table 1 can be used in conjunction with Fig. 13 to
obtain additional numerical information relative to the gain
in cumulus margin, the difference between the curves areas
and the number of experiments that we saved when applying SemCaDo instead of MyCaDo.
For ease of interpretation, the curves analysis would be relatively more straightforward if we compare them in pairs.
We thus need to shift the focus of our study in comparing
SemCaDo to the original version of MyCaDo (solid curve)
and then move to a comparison with the adapted version
(dashed curve).
First of all, we apply both MyCaDo and SemCaDo without
any prior knowledge (see Fig. 13A). The difference in areas
between the two curves was about 7% and around one hundred experiments have been realized with the two algorithms.
When we integrate 20% of the initial causal relations before
starting the learning process (Fig. 13B), we earn a cumulus
margin of about 15% from the beginning. The difference in
areas passes to 21% and we save nearly twenty experiments.
This increasing trend continues when incorporating 40% of
the initial causal relations (Fig. 13C) to obtain 31% as a cumulus margin, 30% as total difference in areas between the two
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Fig. 13. Comparison between MyCaDo and SemCaDo (using multiple gene annotations) without any prior knowledge (A) and after integrating 20%, resp. 40% and 60% (B–D).

Table 1
Numerical comparison between SemCaDo and MyCaDo (resp. MyCaDo + priors) curves in Fig. 13.

Fig.
Fig.
Fig.
Fig.

13A
13B
13C
13D

Causal integration (%)

Cumulus margin
gain (%)

Difference between SemCaDo
and MyCaDo curves areas (%)

Difference between SemCaDo and
MyCaDo + priors curves areas

Saved experiments

0
20
40
60

0
15
31
50

7
21
30
37

–
3%
1%
0.5%

0
19
35
57

Fig. 14. The shortest path between two genes with multiple localizations in the GO.
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Fig. 15. Comparison between MyCaDo and SemCaDo (using single gene annotation) without any prior knowledge (A) and after integrating 20%, resp. 40% and 60% (B–D).

Table 2
Numerical comparison between SemCaDo and MyCaDo (resp. MyCaDo + priors) curves in Fig. 15.

Fig.
Fig.
Fig.
Fig.

13A
13B
13C
13D

Causal integration (%)

Cumulus margin gain (%)

Difference between SemCaDo
and MyCaDo curves areas (%)

Difference between SemCaDo
and MyCaDo + priors curves areas

Saved experiments

0
20
40
60

0
18
34
51

10
29
38
47

–
8%
5%
3.5%

0
17
34
56

curves and 35 less experiments. We ﬁnish with the integration of 60% of the initial causal relations (Fig. 13D) to reach
a cumulus margin of about 50%, a total difference in areas
between the two curves exceeding the 37% and save more
than 50% of unnecessary experiments.
 Qualitative comparison between SemCaDo and MyCaDo (using
single annotation): Nevertheless, there is no obvious disparity
among the curve of SemCaDo and that of MyCaDo + priors.
At this point, it seems pertinent to discuss the effects of
using genes showing multiple localizations in the GO. In
Fig. 14, we utilize the same example as in Fig. 7 except that
we now consider multiple annotations for NPL3 and UFE1.
Our main conclusion is that MSCS localization (i.e., Intracellular membrane-bounded Organelle) has completely changed, and the shortest path to the MSCS has decreased from
6 to 2. Consequently, this seeming lack of semantically
highly weighted edges has signiﬁcantly reduced the performance of SemCaDo to nearly the same level as MyCaDo + priors.
We then follow exactly the same experimental setup as in
the previous test experimentation with original GO. Fig. 15
and Table 2 illustrate the obtained results with both SemCaDo and MyCaDo when using biased GO. Interestingly, the
difference between the semantic cumulus curves becomes

more signiﬁcant. In fact, under the four test conditions, the
difference between the SemCaDo and MyCaDo (resp. SemCaDo and MyCaDo + priors) curves areas is increased by about
8% (resp. 5%) on average compared to the previous tests.
However, the cumulus margin gain and the number of saved
experiments remain almost unchanged in spite of the significant increase in the semantic cumulus obtained after each
experimentation.
In this way, we experimentally proved that SemCaDo gives better results than MyCaDo + priors when the domain ontology can
provide discriminative information about serendipitous relationships. SemCaDo and MyCaDo + priors give similar results when
the ontology cannot provide such information.

5. Conclusion and future works
In this paper, we outlined our serendipitous and active learning
approach [7] which aims to (i) integrate the causal prior knowledge contained in the corresponding ontology when learning the
initial structure from observational data, (ii) use a semantic distance calculus to guide the iterative causal discovery process to
the more surprising relationships and (iii) capture the required
causal discoveries to be applied to ontology evolution.
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The proposed framework has several advantages over existing
experimental design techniques. First, the idea of reusing ontological components can help to tackle real world learning problems.
So, instead of repeating the efforts that have already been spent
elsewhere to capture and create the same causal knowledge, one
may reuse an existing domain ontology or some parts of it and
make a considerable saving in term of time and cost. With such
approach, we can also increase the reliability of the domain ontology by giving indication that it is continuously revised and evaluated through our ontology evolution process. Moreover, the
serendipitous aspect when choosing the experimentations to perform is another advantage of the proposed strategy. This allows
us to discover virgin areas and move away from what it is usually
proposed by the research community.
While SemCaDo has the potential to intelligently choose experiments to perform, it is important that the reader be made aware of
the limitation of the methodology. Indeed, until now, we have
relied on a stringent set of assumptions when designing our active
learning approach. Unfortunately, some of them are not always
realistic and veriﬁable. So, at the next stage, we absolutely have
to relax some of these SemCaDo’s restrictions.
Among the numerous perspectives, an important issue concerns
the best strategy to adopt in order to make better interactions with
the ontology axioms during the causal discovery process. With
such an extension, it will be possible to infer real causal structures
directly from the ontology. We also propose to improve the third
step of the SemCaDo algorithm by rejecting the ontology consistency and admitting axiom violations. In the third stage, the concept-node correspondence can be reformulated in a more
tractable way. More precisely, there may be multiple correspondences between the node properties in the causal model and the
concept attributes in the ontology. In such expanded settings, it
seems most relevant to use probabilistic relational models [25]
or object-oriented Bayesian networks [51] in which it is easy to
deﬁne probability distribution over the attributes of the objects
in the model. A last point concerning our perspectives is to proceed
without assuming causal sufﬁciency. Recall that we still eliminate
a number of latent variables that can be part of the model to pick
up. Those hidden variables can be of particular relevance to establish useful models for achieving a correct causal inference and predicting the effects of some external criteria. In that case, we need a
richer formalism than DAGs. The two major paradigms that can be
used to model these systems are ancestral graphs [53] and semiMarkovian causal models [50]. This perspective gives us more
points of comparison with MyCaDo++ algorithm [45].
Finally, SemCaDo can be custom-designed to explicitly pinpoint
causality when disposing of a real system to intervene upon.
Potentially fruitful areas that can adopt a similar serendipitous
experimental design include chemistry, physics, ecology, marketing, health care and trafﬁc.
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