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Abstract. The selection of metafeatures for metalearning (MtL) is often an ad hoc process. The lack of a proper motivation for the choice of a
metafeature rather than others is questionable and may originate a loss
of valuable information for a given problem (e.g., use of class entropy and
not attribute entropy). We present a framework to systematically generate metafeatures in the context of MtL. This framework decomposes
a metafeature into three components: meta-function, object and postprocessing. The automatic generation of metafeatures is triggered by the
selection of a meta-function used to systematically generate metafeatures
from all possible combinations of object and post-processing alternatives.
We executed experiments by addressing the problem of algorithm selection in classification datasets. Results show that the sets of systematic
metafeatures generated from our framework are more informative than
the non-systematic ones and the set regarded as state-of-the-art.
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Introduction

A central task in the data mining process is the selection and training of a learning algorithm on a dataset. Given the number of learning algorithms available,
this task can become very time consuming, especially if the data analyst does not
have the necessary experience to focus on the most promising ones. Therefore,
there is a need for systems that automate this process and guide the data analyst in the search for a learning algorithm that better suits a given dataset [1].
Such systems must reduce the amount of time for model development without
significant loss of model performance when compared to the best learning algorithm. Metalearning (MtL) is one approach that can be used to address this
need. Brazdil et al. defined MtL as the study of principled methods that exploit
meta-knowledge to obtain efficient models and solutions by adapting machine
learning and data mining processes [2].
Although the MtL literature proposes many metafeatures of different types
for a wide range of problems (e.g. statistics and landmarks), most of those
metafeatures are developed in a ad hoc way. For instance, some papers report the

use of the entropy function applied to the target atribute in classification problems, i.e. the class entropy metafeature, but only a few use metafeatures based on
the application of the same function to independent attributes, i.e.attribute entropy [3]. Very often, there is no justification for such options. We claim that the
literature lacks an unifying framework to categorize and develop metafeatures.
Therefore, this paper proposes one such framework to support the systematic
generation of metafeatures for MtL problems.
Our proposal is a framework that decomposes a metafeature into three fundamental components: meta-function, object and post-processing functions. A
meta-function (e.g. entropy) is applied to an object (e.g. set of independent
variables) and the result is post-processed (e.g. average value), resulting in a
metafeature (e.g. average attribute entropy). This decomposition enables the
systematic generation of sets of metafeatures by applying the meta-function to
all possible objects and process the result with all the possible post-processing
functions.
In the experiments described in this paper, we use three meta-functions
to generate systematic metafeatures: entropy, mutual information and correlation. We compare our approach with state-of-the-art metafeatures: the set of
simple, statistical and information-theoretic metafeatures proposed by Brazdil
et al. [3], landmarkers [4] and the pairwise meta-rules proposed by Sun and
Pfahringer [5]. We address the problem of selecting the best algorithm for a
classification dataset.
This paper is organized as follows. Section 2 describes the state-of-the-art
in MtL regarding applications and metafeatures. In Section 3 we present the
framework that supports systematic generation of metafeatures and we use it
to decompose several metafeatures proposed in the literature. In Section 4 we
present the results of the experiments that we carried out. Finally, Section 5
presents the conclusions and indicates some directions for future work.

2

Metalearning

Figure 1 illustrates a common MtL framework for algorithm recommendation,
step by step. The process starts with a collection of datasets and learning algorithms. For each of those datasets, we extract metafeatures that describe their
characteristics (A). Then, each algorithm is tested on each dataset and its performance is estimated (B ). The metafeatures and the estimates of performance are
stored as metadata. The process continues by applying a learning algorithm (a
meta-learner) that induces a meta-model that relates the values of the metafeatures with the best algorithm for each dataset (C ). Given the metafeatures of a
new dataset (D), this meta-model is used to recommend one or more algorithms
for that dataset (E ).
As in any other ML task, the success of the application depends on the
ability to include informative (meta)features in the data. The literature clearly
groups metafeatures into three types: 1) simple, statistical and informationtheoretic 2) model-based and 3) landmarkers [2]. In the first group we can find
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Fig. 1. Metalearning framework for algorithm recommendation.

the number of examples of the dataset, correlation between numeric attributes or
class entropy, to name a few. Application of these kinds of metafeatures provides
not only informative metafeatures but also interpretable knowledge about the
problems [3]. The model-based ones [6] capture some characteristics of a model
generated by applying a learning algorithm to a dataset, e.g., the number of
leaf nodes of a decision tree. Finally, landmarkers [4] are generated by making
a quick performance estimate of a simple learning algorithm in the dataset. For
instance, the predictive performance of a Decision Stump.
The main focus of MtL research has been the problem of algorithm recommendation and is most commonly applied to classification problems. Brazdil
et al. [3] proposed an approach that provides recommendations in the form of
rankings of learning algorithms. They used simple, statistical and informationtheoretic metafeatures. Sun and Pfahringer [5] extended the work of Brazdil et
al. with two main contributions: the pairwise meta-rules (PMR), a higher-level
type of metafeatures generated by comparing the performance of individual base
learners in a one-against-one manner; and a new meta-learner for ranking algorithms. Besides PMR, they characterized datasets mainly with landmarkers.
However, MtL has also been used in other applications: time series forecasting [7], parameter tuning [8], data streams [9, 10] and others [2]. This lead to a
large set of metafeatures proposed in the literature for very different problems.
It is common to find discrepancies between the use of a function such as entropy or mutual information to measure exclusively a specific object. Often, it
is mandatory to adapt the set of metafeatures to the problem domain. For instance, metafeatures that characterize the target feature in regression cannot be
used directly in classification. We believe that it would be useful to decompose
all these metafeatures into a common framework. Furthermore, such framework
must also help the MtL user to systematically develop new metafeatures.

3

Systematic Generation Of Metafeatures

In this section, we propose a framework to enable a systematized and standardized development of metafeatures for MtL problems. The framework decomposes
a metafeature into three fundamental components: meta-function, object and
post-processing. Figure 2 illustrates the framework.
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Fig. 2. Framework for systematic development of metafeatures.

The key component of the framework is the meta-function, f. This component is selected by the user according to his/her knowledge of the MtL problem.
Although we acknowledge that this choice may be based on an ad hoc decision,
the interest of a meta-function for a MtL problem should be well motivated.
For example, entropy is a concept used in several Machine Learning algorithms,
including decision trees [11]. Therefore, it is expected to be useful to better understand the learning behavior of those algorithms. Furthermore, this decision
is made at a more abstract level than the typical design of metafeatures and is,
thus, easier. For instance, it is indisputable that the concept of entropy is important for learning decision trees and that it is likely that some of the metafeatures
that can be based on this function contain useful information on the behavior
of tree learning algorithms. It is less clear that class entropy is useful and attribute entropy is not, or vice-versa. Finally, given the choice of a meta-function,
the methodology generates metafeatures that characterize all components of the
data with which it is compatible. This makes sure that the metafeatures that
contain useful information, if any, will be generated.
The formal definition of f is given in Definition 1.
Definition 1 A meta-function f is defined as
f : X → Y.

(1)

X is formed according to the data specification and the arity suitable to f
input and the data specification and the arity of the O elements that are available

for the problem. Given O as a type of object about a learning problem, namely,
a set of examples, a row, an output column, a descriptive column, a model or a
set of predictions, X is any set composed of those six object; and Y is the set of
all possible results of applying f to X.
The selected meta-function has intrinsic characteristics that affect the metafeatures that can be generated from it. Particularly, the data specification and the
arity of meta-function’s input, and the datatype and arity of the meta-function’s
output. Arity corresponds to the number of inputs of a function. For instance,
the arities of entropy and mutual information are, respectively, 1 and 2. Regarding the data specification, we use the data mining ontology proposed by Panov
et al. [12] to guide the characterization. We take into account the role of the
element in the context of the learning problem, i.e., if the column corresponds
to descriptive data or output data. For instance, entropy is a meta-function that
allows discrete descriptive data, boolean descriptive data, discrete output data
and boolean output data as input. The arity of the objects X need to be equal
to 1 in order to suit the meta-function’s input. These characteristics are used to
identify which of the available objects X can be used to generate metafeatures.
Let us present some examples of objects. The examples type can be detailed
into a set of examples (e.g., all the examples of the dataset, a bootstrap sample
of the examples, a specific subset, etc), a single row or a column. The column can
also be detailed into a column that represents an output variable or a column that
represents a descriptive one. For the model type, we refer to all the information
that can be measured regarding its induction and final output variable (e.g., the
value of a parameter or a characteristic of the model - number of leaf nodes of a
decision tree or the number of support vectors of a SVM). Finally, the predictions
type considers all the information that can be extracted from the output of a
predictive model when used to predict. For instance, to compute landmarkers,
it is necessary two types of objects: an output column and a set of predictions.
We give more detailed examples in Section 3.1.
The post-processing function p concerns the aggregation of the meta-function
output, Y . Formally, p is defined in Definition 2.
Definition 2 A post-processing function p is defined as
p : Y → MF

(2)

where M F is the set of all possible metafeatures. The datatype and arity of
Y defines implicitly the post-processing function p that can be used to form a
metafeature.
For the meta-function’s output Y, we need to characterize its datatype (real,
discrete, boolean, etc) and arity. Same thing for each post-processing function p.
If the characteristics of Y match with the ones from p, a metafeature is formed.
For instance, if the meta-function entropy is applied to n discrete descriptive
attributes, the datatype of Y is real and the arity is n. This allows to generate

metafeatures using post-processing functions such as mean, maximum value,
standard deviation, histogram bins, etc.
Our framework splits p into four groups: non-aggregated, descriptive statistic, distribution and hypothesis testing. The non-aggregated alternative uses the
meta-function output in its raw state directly as metafeature(s). In some MtL
problems it might be useful not to aggregate the information. This is particularly frequent in MtL applications such as time series or data streams where the
data has the same morphology [9] or when the MtL algorithm is relational [13].
For instance, instead of computing the mean of the correlation between pairs of
numerical attributes, one could use the correlation between all pairs of numerical attributes. It can also be the case that Y does not need aggregation and,
therefore, the non-aggregated post-processing function is applied.
The descriptive statistic case is perhaps the most common approach to aggregate information and generate a metafeature. This can be accomplished by
using the mean, maximum, minimum, standard deviation, mode, etc. However,
such aggregation can cause loss of valuable information.
Another option is the distribution alternative. It captures a representation
of the output provided by the meta-function by characterizing its distribution.
This fine-grained aggregation can be achieved through the use of histograms
with a fixed number of bins as proposed in [14]. In this case, each bin is used as
metafeature, providing a description of the distribution of the meta-function’s
output.
Finally, the hypothesis testing subcomponent. Here, the output Y provided
by the meta-function f is used to test an assumption. For instance, it can test
whether the values of Y follow a normal distribution. The output of this test (it
can be a p-value or a nominal variable) is used as metafeature.
From definitions 2 and 1, a metafeature mf ∈ M F can be defined as
mf = p(f (x))

(3)

where x ∈ X.
3.1

Decomposing Metafeatures

A first test to the validity of the proposed framework is to check if existing
metafeatures could be the result of its use. We show examples from three types
of metafeatures: simple, statistical and information-theoretic; model-based and
landmarkers.
Figure 3 illustrates the decomposition of five metafeatures. For instance, the
absolute mean correlation between numeric attributes is very similar to the correlation between numeric attributes (used in data streams applications [9]) except
for the post-processing alternative. In this case, the application domain makes
it feasible and potentially more informative to not aggregate the correlation values.The framework decomposes the computation of the metafeatures in detail.
Furthermore, it allows the comparison between two or more metafeatures.
Still regarding Figure 3, the decomposition of the two last metafeatures shows
that is possible to use the framework for more complex metafeatures. The number

METAFEATURE

OBJECT

Number of
examples

Examples

Set

Absolute mean
correlation
between numeric
features

Examples

Col

Correlation
between numeric
features

Examples

Col

Number of nodes of
a decision tree

METAFUNCTION

POST
PROCESSING

Count

Nonaggregated

Correlation

Descriptive
Statistic

Correlation

Nonaggregated

Count

Nonaggregated

Individual
Accuracy

Average

Descriptive

Descriptive

Model

Predictions

Decision stump
landmarker

Output
Examples

Col

Fig. 3. Metafeatures decomposed using our framework.

of nodes of a decision tree is an example of a model-based metafeature. The
object component is the decision tree model, the meta-function is count and the
post-processing option is non-aggregated. Peng et al. [6] propose several modelbased metafeatures (for decision trees models) of this kind. Finally, we also show
an example of a landmarker. The decision stump landmarker, uses as object a
set of predictions and the output column of the dataset. In the example given,
the meta-function is individual accuracy. As post-processing function, the most
common one is average. However, it could be used another, such as histogram
bins. This kind of flexibility is one of the advantages of our framework.

4

Experiments

The experiments that we present in this Section aim to answer two questions.
– 1) Is the proposed framework able to develop sets of systematic metafeatures
that are consistently more informative than non-systematic sets?
– 2) Is the set of systematic metafeatures computed with the proposed framework more informative than the state-of-the-art metafeatures?
For both questions, we executed experiments by addressing the problem of
selecting the best algorithm in a set with a classification perspective [4, 14].
4.1

Experimental Setup

For the first question, we carried out a set of experiments with the goal of
providing a proof of concept of our framework. By testing whether the systematic generation of metafeatures increases the amount of information of a set of

metafeatures, we show that our framework can be useful and help MtL users
to avoid an ad hoc selection of metafeatures. For the second question, we executed experiments in which we compare the set of metafeatures generated by
our framework with a set of metafeatures regarded as state-of-the-art All the
experiments were executed on 58 UCI classification datasets [15]. The selection
of the datasets was done randomly. To speed up the experiments, we limited
the number of instances in larger datasets to a maximum of 5000 instances with
stratified random sampling.
Six classification algorithms were tested as base learners: NaiveBayes, k-NN,
C5.0, CART, SVM (with RBF kernel) and Random Forest. The estimates of
algorithm performance were done using 10-fold cross validation and accuracy as
error measure.1
We tested three different meta-learners: C5.0, SVM (with RBF kernel) and
Random Forests. Again, the estimates of performance of the meta-learners were
done using 10-fold cross validation (with 30 repetitions) and accuracy is the
performance measure. As baseline, we use the default class of the training set.
For statistical validation we used the methodology proposed by Demšar [16]:
Friedman rank test with Nemenyi test for post-hoc multiple comparisons.
We compare our approach with a set of metafeatures that are widely used
in the field. Brazdil et al. [3] proposed the following set of metafeatures of the
so called simple, statistical and information-theoretic: number of examples, proportion of symbolic attributes, proportion of missing values, proportion of attributes with outliers, entropy of classes, average mutual information of class
and attributes and canonical correlation of the most discriminating single linear combination of numeric attributes and the class distribution. To this set of
simple, statistical and information-theoretic metafeatures we also added the absolute average correlation between numeric attributes. Finally, we included two
landmarkers: Decision Stump sub-sampling landmarker and a Naive Bayes subsampling landmarker. We call this set of 10 metafeatures the Traditional one.
In order to provide a fair comparison, we designed metafeatures based as
much as possible on the concepts involved in the Traditional metafeatures.
Therefore, the set of objects consists on the dataset and on two sets of predictions: obtained with Naive Bayes and Decision Stump. As post-processing functions p, we used: mean, weighted mean, standard deviation, variance, minimum,
maximum and histogram bins. We generated four sets of systematic metafeatures
by selecting three meta-functions: entropy, mutual information and correlation,
resulting in 20, 36 and 19 metafeatures, respectively. The fourth set includes all
the metafeatures from the three previous sets (75 in total). The choice of the
meta-functions was not done randomly. We used meta-functions that are used in
the Traditional set with a non-systematic approach. Our approach is to use the
very same meta-functions together with our framework to generate systematic
sets of metafeatures.
1

The estimates of performance showed that NaiveBayes was better in 4 datasets,
k-NN in 9, C5.0 in 23, CART in 2, SVM in 14 and Random Forest in 6.

One of the disadvantages of using our framework to generate systematic
metafeatures is the curse of dimensionality. The number of metafeatures generated is usually very high. Since MtL applications dont have a large number of
examples, this can be emphasized by our approach. So, we rely on two feature
selection algorithms to tackle this problem: ReliefF [17] and correlation feature
selection (CFS).
4.2

Systematized vs Unsystematized

The Critical Difference (CD) diagrams generated with the first set of experiments
is presented in Figure 4. We set α = 0.05 for all experiments.
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Fig. 4. Critical Difference Diagrams for the meta-functions: entropy, mutual information, correlation and all.

The Traditional set in those experiments changes according to the metafunction which is being compared, to maximize the fairness of the comparison,
as discussed earlier. For instance, the Traditional set used against the systematic

metafeatures of the entropy meta-function consists of the following metafeatures:
entropy of classes, average entropy of symbolic attributes and the two landmarkers mentioned above. Similarly, if the meta-function for generating systematic
metafeatures is correlation, the Traditional set consists of the absolute average
correlation between numeric attributes and, again, the two landmarkers.
Overall, the metafeatures generated from our framework present superior
performance. This result is consistent regarding the meta-function and the metalearner. However, it is noticeable that the results obtained with the correlation
function are worst than in the other cases. It is probably related to the fact that
this meta-function cannot be applied to the target variable, as this is a nominal
variable and the input to the function must be numerical.
The set of metafeatures generated both with the meta-functions entropy and
mutual information present good results when compared with the Traditional
set. The combination of the Systematic metafeatures with the feature selection
algorithm ReliefF presents a very good average rank in almost all CD diagrams.
This result is consistent across different meta-learners.
Although this is not shown on the CD diagrams, the average accuracy obtained with the all set is lower than with the entropy and mutual information
set. This suggest that the curse of dimensionality does affect our methodology,
as expected. Since in the all set we gathered all the metafeatures generated from
the entropy, mutual information and correlation meta-functions, the number of
metafeatures is much higher. This makes the task of the feature selection algorithms more difficult. Nevertheless, the results obtained are still better than the
baseline and the Traditional set.
4.3

Systematized vs State-of-the-art

Sun and Pfahringer [5] proposed the pairwise meta-rules (PMR), a metafeature
generation method based on rules that compare the performance of individual
base learners in a one-against-one manner. Adding the PMR to the sets of systematic metafeatures the probability that the results will be affected by the curse
of dimensionality. For each pair of algorithms (since we test 6 base-learners, we
have 15 pairwise comparisons) the method generates on average two PMR. So,
using PMR implies adding 30 new metafeatures.
The Traditional set used in this experiments comprises the 10 metafeatures
mentioned before in the beginning of Section 4. To prevent an unfair advantage of
our approach, we do not use the results of the previous experiments, in which the
sets based on the entropy and mutual information meta-functions obtained the
best results. Thus, we compare the all set, which includes all the metafeatures,
with the state of the art approaches. We added the respective PMR to the
Traditional and Syst.ReliefF sets, forming Traditional + PMR and Syst.ReliefF
+ PMR. We compared the four sets of metafeatures with the same meta-learners
used previously. We use ReliefF as feature selection algorithm.
Figure 5 presents the results of the experiments. Comparing the sets of
metafeatures, it is noticeable that those generated using our framework present
a superior predictive performance in comparison with the Traditional sets. This

difference is statistically significant. Also, the result is consistent across different
meta-learners.
Regarding the addition of the PMR, the gain both on the Traditional or on
the Syst.ReliefF set is not statistically significant. Overall, the sets Syst.ReliefF
and Syst.ReliefF + PMR are the most informative across all meta-learners.
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5

Conclusion and Future Work

This paper proposes a generic framework to develop metafeatures for MtL problems. This framework is a step towards the automatic generation of metafeatures.
The framework is structured in such a way that the systematic generation of
metafeatures is triggered through the selection of a meta-function. Then, given
the objects and post-processing functions that are available, the framework outputs a set of metafeatures generated according to the characteristics (e.g., domain of the inputs) of the selected meta-function.. The process can be repeated
with several meta-functions. The selection of the meta-function is crucial and it
should be chosen intuitively according to the MtL application.
Our experiments aim to answer two questions: (1) are the systematic sets
of metafeatures better than the non-systematic ones? (2) are the systematic
sets generated with the framework better than the state-of-the-art? In the first
set of experiments, we found that the systematic metafeatures generated are
consistently more informative than the non-systematic ones. In the second set of
experiments, we found that the systematic sets are also more informative than
state-of-the-art methods such as PMR.
As for future work, we plan to use this framework to generate systematic
metafeatures for different MtL problems that we have been working on, par-

ticularly, MtL for pruning of bagging ensembles and dynamic integration of
models [18].
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