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

Category Dataset characterization measures (Meta-features)

1. Simple, Statistical & Information Theoretic

Number of instances, Number of Attributes, Number of target concept values, Proportion of minority target,

Simple Proportion of majority target, Proportion of binary attributes, Proportion of nominal attributes, Proportion of numeric attributes
Proportion of instances with missing values, Proportion of missing values, Geometric mean, Harmonic mean,
- Trim mean excluding the highest and lowest 5 %, Mean absolute deviation, Variance, Standard deviation,
Statistical Interquartile range, Proportion of numerical attributes with outliers,
Info theo Skewness of data based on numerical attributes, Kurtosis of data based on numerical attributes,

Maximum eigenvalue

2. Complexity Based Measures

Features based ~ Maximum Fisher discriminant ratio, Directional vector maximum Fisher discriminant ratio,
Linearity Volume of overlapping region, Maximum individual feature efficiency, Collective feature efficiency
Sum of the error distance by linear programming, Error rate of linear classifier, Non linearity of linear classifier
Neighborhood  Fraction of borderline points, Ratio of intra/extra class NN distance, Error rate of NN classifier, Non linearity of NN classifier
Fraction of hyperspheres covering data, Local set average cardinality
Dimensionality ~ Average number of points per dimension, Average number of points per PCA dimension,
Ratio of the PCA dimension to the original dimension
Class Balance Entropy of classes proportions, Imbalance ratio

3. Model Based Measures

height of tree, width of tree, Number of nodes in tree,

number of leaves in tree, maximum number of nodes at one level, mean of the number of nodes on levels, length of the longest branch,
Model Based length of the shortest branch, Mean of the branch lengths, Standard deviation of the branch lengths, Minimum occurrence of attributes,

Maximum occurrence of attributes, Mean of the number of occurrences of attributes, Standard deviation of the number of

occurrences of attributes

4. Landmarking Based Measures

Naive Bayes, ii) 1-NN (Nearest Neighbor), iii) Elite 1-NN, iv) a decision node learner,
Landmarking v) a random chosen node learner and vi) the worst node learner.

The last three learners can be achieved based on the well-known learning algorithm C4.5.

5. Structural Information Based Measures

First, the two feature vectors, one-item feature vector and two-item feature vector are generated from a dataset. The two vectors are
. comprised of frequencies of one-item sets and two-item sets. Then the minimum, 1/8 quantile; 2/8 quantile; 3/8 quantile; 4/8
Structural info based
quantile; 5/8 quantile; 6/8 quantile; 7/8 quantile and maximum are calculated for

the two vectors, which are employed as meta-features.

2) PROBLEM-COMPLEXITY-BASED MEASURES (i) Linearity measures, It estimates that whether the
These measures examine the spatial distribution ofclasses are linearly separable or not. (iii) Neighborhood
data and evaluate the source of difculty in a dataset measures, It describe the existence and density of differ-
by explaining its geometrical complexity. Moreover, these ent or same classes in local neighborhoods (iv) Dimensional-
measures compute the approximate size and shape dfy measures, It evaluates the data sparsity in accordance with
decision boundary that separate the classes [49], [58]the number of samples relative to the data dimensionality.
It includes the measures presented by Ho and Basu in [59)v) Class balance measures, It takes into account the ratio
It dene complexity of the boundary that separate of the number of examples among classes. These measures
binary classi cation problems. Afterwards, these mea- are also used in the formulation of novel data driven prepro-
sures were extended in other studies to multi-classcessing [49]. Moreover, The authors in [57], [60], has shown
classi cation problems [58]. It includes the following thethese measures can successfully estimate the performance
measures of noise lters on datasets. In addition, recently the results

(i) Feature based: It characterize to what extent are thef a study have provided evidence of signi cance of these
available features providing information in differentiating the measures in predicting the performance of classi ers that are
classes. usually used in micro-array data analysis [61].
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