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TABLE 2. Dataset characterization techniques(Meta-features).

2) PROBLEM-COMPLEXITY-BASED MEASURES
These measures examine the spatial distribution of
data and evaluate the source of dif�culty in a dataset
by explaining its geometrical complexity. Moreover, these
measures compute the approximate size and shape of
decision boundary that separate the classes [49], [58].
It includes the measures presented by Ho and Basu in [59].
It de�ne complexity of the boundary that separate
binary classi�cation problems. Afterwards, these mea-
sures were extended in other studies to multi-class
classi�cation problems [58]. It includes the following
measures

(i) Feature based: It characterize to what extent are the
available features providing information in differentiating the
classes.

(ii) Linearity measures, It estimates that whether the
classes are linearly separable or not. (iii) Neighborhood
measures, It describe the existence and density of differ-
ent or same classes in local neighborhoods (iv) Dimensional-
ity measures, It evaluates the data sparsity in accordance with
the number of samples relative to the data dimensionality.
(v) Class balance measures, It takes into account the ratio
of the number of examples among classes. These measures
are also used in the formulation of novel data driven prepro-
cessing [49]. Moreover, The authors in [57], [60], has shown
the these measures can successfully estimate the performance
of noise �lters on datasets. In addition, recently the results
of a study have provided evidence of signi�cance of these
measures in predicting the performance of classi�ers that are
usually used in micro-array data analysis [61].
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