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A complex system, integrates multiple sub-systems. (Carney, Fisher, & Place, 2005) Each 
sub-system contains some form of domain knowledge but the main difference that can be seen 
between a complex system and a set of simple system is that the knowledge the complex 
system presents is larger than the sum of the knowledge that each sub-system contains 
(Billaud, Daclin, & Chapurlat, 2015). In both cases, each sub-system is made of elements that 
are exploitable together, but two different sub-systems have information that can’t be used in 
concert. Therefore, the tacit knowledge, the knowledge contained in the interaction between 
the sub-system, is usually harder to extract than the knowledge contained in the sub-systems. 
(Yahia, Lezoche, Aubry, & Panetto, 2011).  
In “simple cases”, the sub-system can be presented as a formal context, a cross-table of 
objects and their attributes, and the links between the diverse sub-systems can be represented 
as relational context, a cross-table containing the objects of two sub-systems, and modeling if 
two objects are in relation. In this paper, we aim to present the process to extract knowledge 
from such a model of complex system. We will show how to apply it to a use case of real data 
from the neurology domain. 
 
The technique 
A formal context (a sub-system) can be presented as a cross-table like the one in Figure 1. It 
lists a set of cars and their characteristics, a simple cross means that the specific car present 
the characteristic. Through a technique called Formal Concept Analysis (Wille, 1992) 
(Szathmary, et al., 2014) (Ganter & Wille, 2012) (Carpineto & Romano, 2004), that presents 
all the possible clusters from such a context, a lattice of the clusters (called concepts) is 
generated. For any node (a cluster) you can extract knowledge through the dependency 
between the attributes and the objects. In each node, as in Figure 2a, all the objects present 
every attribute, and no other object in the table presents all the attributes of the concept. The 
node gives us the information that TWINGO and FIAT 500 are all compact and cheap, and 
that no other car in the table is both compact and cheap. 
 

 
Figure 1 – Table of concepts and properties 

 
The lattice can also be presented in a compressed form (each attribute or object is presented 
only once but can be deduced from the shape of the lattice) as in Figure 2b 
For each node, knowledge from relation on attributes can be extracted: the attributes of the 
compressed node imply the other attributes in its extended version. Node 4 gives that if a car 
is cheap, then it is compact. These two aspects present how to extract knowledge from a 
formal context, in other word a simple system. 
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Figure 2 – a) Concept Lattice in normal shape – b) Concept Lattice in compressed shape 
 
In the case of a complex system, we will be presented with multiple formal contexts and 
relations between these contexts. The formal concept analysis can handle each formal context 
separately but it is not designed to take care of the relations between them. An extension to 
the paradigm is proposed: the Relational Concept Analysis (RCA). (Rouane-Hacene, 2007) 
(Rouane-Hacene, 2013). We grant the previous example with a second formal context that 
can be found in the Figure 3. The formal concept analysis will design the following lattice. 

      
Figure 3 – A new context: a) Table representation – b) Concept Lattice representation 

 
Added to that, the system is provided with a relation table, the one found in the Figure 4. 
 

 
Figure 4 – Relations between the two contexts 

 
The scientific question is how to use that information to extract knowledge? RCA uses the 
relation table to enrich each lattice through the information contained in the other one. The 



main principle is linking the objects from the two tables and iterate the procedure until all the 
concepts are taken in account. If we have a context A with its lattice A and a context B with 
its lattice B plus the relation table linking objects of A to objects of B, an iteration is made 
from A to B then from B to A. In the iteration from A to B one column is added to the context 
A for each node in lattice B, the cross in the column depends on the operation applied to the 
relational context. It gives enriched contexts such as the one in Figure 5. Then since the 
contexts have been updated, the lattice needs to be updated too and it processes again until a 
fixed point is reached (its existence is guaranteed). Each lattice now contains more 

 
Figure 5 – Enriched Context 

 
information. This information deals with the other context by using the same rules extraction 
process than in a lattice generated through formal concept analysis. New knowledge is 
discovered such as tall people buy electric cars, knowledge that couldn’t have been found 
with the separate exploitation of the two formal contexts. We now want to illustrate a use case 
of the method in a real data application. 
 
Use case from Neurology domain 
The use case we have chosen to bring validation on the method comes from neurology. The 
brain conveys information through electric signal, which can be evaluated towards an 
Electroencephalography (EEG), a clinical examination that consists in getting the electrical 
signal with captors put on the head. This examination induces an excellent time precision but 
is not perfectively accurate for the spatial information. When a part of the brain (called 
cortical area) gets activated and emits electrical signal, this area receives oxygen through 
blood, and this oxygenated blood has a different magnetism that can be tracked through 
functional magnetic resonance imaging (fMRI). This clinical examination, contrary to 
electroencephalography is spatially accurate, but because the blood flow is slow compared to 

electrical signal, the temporal aspect is not 
precise. In our study the focus is made on a 
particular signal the brains emits while one is 
asleep: the sleep spindle. Through 
encephalography, it can be seen as a punctual 
(in the temporal aspect) excitation that occurs 
periodically within the sleep. The signal has 
the shape of Figure 6. (Gath & Bar-On, 1983) 
(Gath & Bar-On, 1980). The hypothesis from 
the neurologists is that there is a correlation 

Figure 6 – Sleep Spindle signal 
between the areas that presents the strongest signal from the spindle and the most represented 
frequencies in it (that can be extracted through a Fourier transformation). Through a process 
of knowledge extraction via relational concept analysis, we want to exploit the temporal 
precision of electroencephalography in concert with the functional magnetic resonance 
imaging spatial precision in order to assert or reject such hypothesis. 



The process  
Due to the constraints of length, we present as a result the engineering process for knowledge 

discovery (Figure 7). First are provided 
the raw data that are preprocessed to 
extract the signal  
 values and then digitalized to give 
relevant cross-tables. One formal context 
compiles the results of EEG, another one 
compiles the information for fRMI and 
relational contexts are made to link the 
formal contexts. These relations precise 
which electroencephalogram captor cover 
which cortical area, and links electric 
signal to blood oxygenation response. 
Then a RCA method is applied to 
generate the lattices before we analyze 
the associations rules that can be  

Figure 7 – Extraction process 
extracted. Through this process we aim to discover first relations in the form « If cortical area 
A presents a sleep spindle with frequencies in the range [r1; r2] then we also have area B that 
presents a spindle with frequencies in the range [r3; r4] ».  
Conclusion 
The knowledge extraction method using relational concept analysis has been applied only to a 
toy example but the results have shown the potential of relational concept analysis as an 
accurate technique to process interoperability of heterogeneous data.  
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