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(‡) Universitat Politècnica de Catalunya-BarcelonaTech, Spain

November 28, 2014

1. Introduction.

Cluster interpretation has an important role in the proper understanding of
a set of classes, independently if they have been automatically discovered or
they are expert-based. This understanding is crucial for further use of these
classes as the basis of a decision-making process.

Most of the works found in literature about post-processing the result
of a clustering process correspond to the cluster validation using indexes.
These cluster validity indexes evaluate the clusters from the structural point
of view [1]. However, structural validation does not ensure the usefulness
of the clustering, while meaningfulness is the key to guarantee that classes
could support further decisions. Nevertheless, few references on Cluster In-
terpretation can be found. Some, rank the variables by their significance [3],
others describe the centroids of the classes or are more concentrated in visual-
ization [4]. However, the most common method for interpreting is a manual
analysis of both expert and analysts. As the number of variables and/or
classes increases, this process becomes tedious. Thus, cluster interpretation
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seems still to be an open issue and the presented research tries to contribute
in the automatization of this process.

Assuming that the clusters can be distinguished, an analysis of the con-
ditional distribution of variables against classes can be conducted to identify
particularities of the classes. Concretely, the interpretation of nested parti-
tions is introduced in this work. Nested classes might appear in many scenar-
ios: clusters of different levels of granularity, different cuts of a hierarchical
clustering, using different variables, different criteria, crossing partitions, etc.
A partition P ′ is considered to be nested to other partition P if P can be
obtained by grouping the classes of P ′ (see Figure 1).

Figure 1. Representation

of Nested Partitions

Figure 2. CPG of variable

commercial bakery vs par-

titions P and P ′

Figure 3. Local Test-Value

2. Interpreting a partition. Given I a set of individuals and C a class
C ⊆ I. The proposed interpretation methodology [7] is:

1. Perform Test-Value of all variables against the classes.
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being: X̄ the mean of X, x̄c the mean of X|C, n = card(I), nc = card(C), sd the

standard deviation of X, ns = card(i ∈ I : xi = s), nsc = card(i ∈ C : xi = S).

Sometimes the subdivision of a class in several subclasses emerges differences in

certain variable X for the subclasses, being X non-significant in the superclass. This

kind of specialization might be evident in the CPG (Figure 2, where commercial

bakery looks non significant in class M but it is in class M−FV a subclass of M) but
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non detectable through significances of Test-Value . For this reason, the local Test-

Value is introduced (Figure 3), comparing local subclass means (or proportion) to

local superclass mean (or proportion) rather than the global mean (or proportion).

2. View CPG [5] for significant variables.

3. Build a verbose description profiling for each class based on that.

3. The relationship between the interpretations of nested partitions
In this paper, the proposed methodology has been used to interpret two
nested partitions P and P ′ coming from a real dietary intervention trial [2].
Individuals where describe through 34 numerical variables and 31 qualitative
variables involving a total of 37 modalities and 216 Test-Value.

Comparing both interpretations, the behavior of all variables is analyzed.
As a result, the relationship between both interpretations can be described
with the following 6 cases:

1) New properties arise in subclasses.
2) No additional information in subclasses. All subclasses have the same
behavior than their corresponding super-classes.
3) For some super-class, all subclasses inherits from this super-class. The
behavior of some super-class is propagated to all its subclasses but not
for all super-classes.
4) Some subclasses inherit from super-class. The behavior of a super-class
is propagated to some of their subclasses but not to all of them.
5) Some subclasses have opposite behavior than their super-class. The
behavior of subclasses have been masked in their super-class.

6) Properties from super-class disappear in subclasses. None of the subclasses
with the same super-class inherits from this super-class.

4. Conclusions. Finally, as a conclusion, CPG and Test-Value are tools
that help to interpret the resulting classes reducing the effort of this task.
For nested classes, the use of the localTest-Value allows a higher sensitivity
to detect how the behavior of a variable changes in subclasses of the same
super-class. The relationship between the interpretations of nested partitions
has been analyzed, and 6 different situations identified, depending on how
the significance of a variable in a superclass propagates to their subclasses,
and representing different degrees of total or partial inheritance of the super-
class property to the subclasses. Among them, the last scenario in which a
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variable relevant in the superclass disappears from subclasses interpretation
represents a contradiction. The significance of the variable for the super-class
indicates that the effects in the super-class have higher (or lower, according
to the sign of the Test-Value) values than the general sample, and this is
inconsistent with the idea that none of the corresponding subclasses provide
significant test values for that variable. From a total of 65 variables 24 were
in this situation. Analyzing in depth those variables it was seen that the
reduction of the sample size in the subclasses is decreasing the sensibility
Test-Value, as usual in classical inference, since variance of statistics is in-
versely proportional to sample size. Currently, corrections in the test are
being investigated to avoid paradoxal interpretation of nested partitions.
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