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1 Introduction

The study of signaling events appears to be key in biological, pharmacologi-
cal and medical research. The spread of these types of signals do not change
the behavior of proteins : regulation of the activity, interaction and expression.
These three levels are synchronized in a strong momentum that leads to changes
in protein activity. Since a decade signaling networks have been studied using
analytical methods based on the recognition of proteins by specific antibodies.
Parallel DNA chips (microarrays) are widely used to study the co-expression of
candidate genes to explain the etiology of certain diseases, including cancer.

The logical approach provides an intuitive method to provide explanations
based on the expressivity of relational language. For example, logic can rep-
resent biological networks such as gene regulation, signaling transduction, and
metabolic pathways. Unlike other approaches, this method lets us introduce
background theory, observations and hypotheses within a common declarative
language. It also provides the basis for the three main forms of inference, i.e.,
deduction (prediction), abduction (explanation) and induction (generalization).
Deduction has traditionally been used for proving theorems of a given axiom set,
but here we need to find new consequences (consequence finding) which is more
general than theorem proving. Interestingly, the hypothesis-finding problem (ab-
duction and induction) can be translated into consequence-finding problems, so
that we can realize all three modes of inference using a deductive, consequence-
finding procedure. We mention the Inductive Inference as a type of reasoning
that justifies some modifications from one state of absolute belief to another by
adding new information to the initial assumptions that is consistent with it but
does not entail it.

2 Integrating induction and abduction in CF-induction

In [9], Inoue proposed a simple, yet powerful method to handle inverse entailment
for computing inductive hypotheses. The resulting method called CF-induction
does not restrict the bridge formula U as the set of literals entailed by B ∧ ¬E,
but consider the characteristic clauses [8] of B∧¬E, which obviously generalizes
the method of the bottom clause. CF-induction then realizes sound and complete



hypothesis finding from full clausal theories, and not only definite clauses but
also non-Horn clauses and integrity constraints can be constructed as H.

In most previous inductive methods including Progol [11], there are syn-
tactical restrictions such that: (i) each constructed hypothesis in H is usually
assumed to be a single Horn clause, (ii) an example E is given as a single Horn
clause, and (iii) a background theory B is a set of Horn or definite clauses. From
the viewpoint of applications, these restrictions are due to the easiness for han-
dling such formulas. An extension to multiple non-Horn clauses in B, E, and H
is, however, useful in many applications. Here the structure of representation is
based on the specification of CF-induction program, which is compatible with
the consequence-finding program SOLAR [14] and the TPTP format for theo-
rem proving. SOLAR is a Java implementation of the tableaux variant of SOL
resolution [8].

For example, the input clauses can be described as

input_clause(axiom1, bg, [-p(X), -q(X), r(X)]).
input_clause(example1, obs, [r(a)]).
production_field([predicates(pos_all), length < 3]).

Here, axiom1 and example1 are ID names of clauses, and bg and obs repre-
sent background knowledge and observation, respectively. The axiom1 means
ep(x)∨eq(x)∨ r(x). Each clause is represented as a list of literals. The predicate
production field indicates the production field of SOLAR, and this example
allows it to generate consequences consisting of less than 2 positive literals. In
this way, a production field can be used to specify an inductive bias in CF-
induction. There is other meta information to control deduction in SOLAR such
as the search strategy and the depth limit.In this case, CF-induction produces
the abductive hypothesis:

Hypotheses: [ [p(a)], [q(a)] ]

The current CF-induction program has several generalizers, which, given a set T
of clauses, produce a set S of clauses such that S |= T . These basic generalizers
include anti-instantiation, reverse Skolemization, Plotkin’s least generalization,
and dropping literals (see [9]). Therefore, CF-induction is related to top-down
decision tree learning algorithm generating a set of rules in the form of predicate
logic clauses which can be used to separate the classes.

3 MicroRNAs

MicroRNAs are small RNA molecules that were discovered in the 1990s in ani-
mals and plants, and which play an essential role in controlling gene expression.
In human being, more than 500 microRNAs have been identified, and we now
know that their dysfunction is associated with several diseases, including can-
cer. The microRNAS play an important role of not specific inhibition in many
circumstances of the cell life, like chromatin clock control and have a big influ-
ence on many metabolic controls of functions like energy systems, cell cycle and
defence systems against pathogens.



MicroRNAs are present in almost all genetic regulatory networks acting as
inhibitors targeting mRNAs, by hybridizing at most one of their triplets, hence
acting as translation factors by preventing the protein elongation in the ribo-
some. MicroRNAs act as source nodes in the interaction graph of genetic regu-
latory networks, which are made of elements, the genes, in interaction through
the protein they express and control important cell or tissue functions like prolif-
eration, differentiation, energy systems maintenance, and more generally home-
ostasis [3,4].

3.1 MicroRNAs Identification in Melanoma

The microRNAs appear increasingly as crucial actors in oncogenesis (miR-21 in
breast cancer ) or as a tumor suppressor. Furthermore, the expression profiles of
microRNAs in solid tumors of different origins have been made using prognostic
values.

In 2008 the circulating microRNA were revealed for the first time in serum
and plasma, with very different profiles between healthy donors (which have a
similar expression profile) and patients with breast cancer, lung , prostate with
specific expression patterns. In addition, these microRNAs have a high stability
since they form complexes with lipids or lipoproteins, allowing the resistance to
the activity of RNase and DNase. They can also withstand harsh experimental
conditions such as high temperature or high pH variation. These data therefore
show the circulating microRNAs (noninvasive) could be novel plasma biomarkers
in oncology.

Melanoma is a cancer of the skin or mucous membranes, developed at the
expense of melanocytes. In most cases, it develops first on the skin but it is
common to find melanoma of the eye (choroidal melanoma), mucous membranes
(mouth, anal canal, vagina), or even more rarely internal organs. The incidence
of this disease is increasing worldwide. In France, it was evaluated in 2010 at
approximately 7-9 new cases per year per 100 000 individuals with a mortality
rate ranging from 1.2 to 1.5 individuals.

For this study, we collected 14 subjects having metastatic melanomas and
5 healthy volunteers. The micro-arrays are spotted with microRNA of human,
murine, and viral control. In all, there were 4608 different miRNA spots and
2000 different microRNA.

In order to highlight the existence of circulating miRNA biomarkers in melanoma,
a technique was developed for extracting microRNAs from the plasma of healthy
donors. This lets us collect a larger amount purified RNA from the serum). The
expression profile of microRNA was obtained using by a technique of monochrome
chip. These chips were spotted (labeled with fluorescent HY3 ) with probes mod-
ified with bases LNA (Locked Nucleic Acid home Exiqon). The goal was to op-
timize the specificity and sensitivity of probes (annealing temperature adapted
to detect microRNA with a low percentage of GC). Each microRNA was rep-
resented by two different spots. These chips were analyzed using image analysis
software GenePix Pro 6.1.0.4 (Axon Instruments).



3.2 MicroRNAs expressed between 2 populations : healthy subjects
and patients with melanoma

Using Bayesian approach (Limma), the original human microRNA differentially
expressed between the two groups of subjects were identified (Fig.1 ).

Fig. 1. The different microRNAs expressed between the 2 populations (healthy subjects
and patients with melanoma).

3.3 Analysis of microRNAs expressed in melanoma

One hundred thirsty microRNAs have been identified and have been selected for
modelling but only 51 has at least five valid replicas. After identifying these 51
microRNAs, a file containing the presence or absence of these miRNA for each
individual patient was created.

We have deliberately chosen to consider only the presence or absence of
miRNA and not the intensities to limit the effect related to the average quality
of the micro-arrays used for the experiment.

A logical predicate expressed for each patient has been defined. Each pa-
tient is characterized by 51 microRNAs. An atom of this predicate concerns the
metastases.

Example1: [ [patient1, microRNA1,levelofexpression, 1 (metastases) ]
Example2: [ [patient1, microRNA2,levelofexpression, 1 (metastases) ]

The goal of our logical model is to identify the patients who have a fast
evolution of cancer. This approach is different from our previous work concerning
the proteins marking the breast cancer [17].

We have used the CF-Induction to induce classiation rules based on these
predicates. CF-Induction searches for a set of st-order predicate logic clauses
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Fig. 2. Analysis of microRNAs .

that distinguish between two classes, one which is presented to the learner as
positive and second as negative examples. CF-Induction is independent of the
ordering of the positive examples. The results showed that we have 3 groups
of patients. First one contains patients 11,13 and 14. This group is considered
by our approach as the fastest cancer evolution. The other groups are obtained
after the extraction of the mentioned patients from database and reconsidering
the problem. The analysis of the patients by RMI indicated that the patients :
6, 11, 13, 14 et 15 had a fast evolution of metastases. The most interesting result
is this group of patients has mir182/181 over-expressed but less than hsa-miR-
630. Therefore, microRNA-630 and microRNA-182/181 allow melanoma cells to
migrate and survive independently, two properties necessary for metastasis.

4 Conclusion

Understanding genetic and metabolic networks is of the utmost importance.
These networks control essential cellular processes and the production of impor-
tant metabolites in microorganisms. With the development of DNA microarrays,
it is possible to simultaneously analyze the expression of up to thousands of genes
and to construct gene networks based on inferences over gene expression data.
One of the secrets of life is certainly in the ”homeostasis”, the subtle balance
between proliferation, differentiation and cell death of an organism. In this com-
plex phenomenon and still unknown, researchers are pointing to the importance
of micro-RNA.



We find in this study that miR-630 could be an important indicator of metas-
tases. The other microRNA, the 182, is an well known up-regulatory in human
melanoma cell lines and tissue samples. Therefore, we are confident that the
feature work concerning the patient signature allows to find the complex of
micro-RNAs in the case of the metastasis melanoma.
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