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Abstract. An extended Meta-Analysis fertilizes a Meta-Learning, which
is applied to support the user with an automated guidance in model
selection and data-transformation. Two major application fields were
selected in METAL(Meta-Learning assistant, ESPRIT project 26.357):
classification and regression learning. In phase 1 of the project, the data
characteristics, measures and tests have been evaluated for an automated
use of classification algorithms. For regression learning, the statistics, in-
formation theoretical measures and tests had to be proved. This paper
works out necessary statistics and tests for regression learning. The new
approach of this paper is to use a Meta-Regression: A regression learning
on the meta level for Meta-Learning. In comparison to a classification of
error rates, calculated for cross-validation tests, our new approach could
improve the accuracy for Meta-Learning.

1 Introduction

Nowadays, Knowledge Discovery in Databases (KDD) presents many challenges
with popular commercial tools, e.g. (1) selection of a suitable model and (2) the
combination of methods. Most non-expert users must either resort to trial-and-
error or consult an expert. In public, industrial or even in research application
fields, almost all applicants require an automatic and systematic guidance for
preprocessing and thereafter use of Machine Learning (ML) and Data Mining
(DM) methods. A brief overview can be found in [10].

In the past decade, a number of research projects have examined Meta-
Learning. In Europe, the most prominent ones include the ESPRIT StatlLog
(1991-1994) [9] and METAL (1998-2001) [8] projects. Several international work-
shops were dedicated to this subject, e.g. ECML’98, ICML’99, ECML’2000 and
MSL’2000.



2 Meta-Learning and Meta-Analysis

Meta-learning is closely related to meta-analysis defined by the National (US)
Library of Medicine as “a quantitative method of combining the results of inde-
pendent studies (usually drawn from the published literature) and synthesizing
summaries and conclusions which may be used to evaluate therapeutic effec-
tiveness, plan new studies, etc., with application chiefly in the areas of research
and medicine.” Some of the first attempts [5] at meta-analysis were focussed on
combining p-values from various studies, but the name “meta-analysis” was not
coined until 1971. Early examples were taken from psychology, but the recent
rapid growth has been mainly drawn from and analysis of clinical studies. Two
central aspects of meta-analysis are methods for gathering meta-data (for exam-
ple whether certain results should be omitted) and how to summarize the find-
ings. In particular, methods have been developed for detecting selection bias and
building models to appropriately adjust statements of inference. More generally,
consideration of sampling errors indicate that the meta-data observations should
be weighted according to sample size. Clearly, there is much that can be learned
from the theory which has built up around meta-analysis. But there are several
distinctive features for which meta-learning deserves special attention. These
include: the possibility to re-analyze and augment the data; the feasibility of
simulating useful data; the fact that the values to be predicted are multivariate,
and possibly qualitative; and the absence of a requirement for domain-specific
knowledge. A final difference is that there are often known distributional results
for some of the predictor variables, and this can lead to suggestions for optimal
transformations and combinations of variables to improve predictability of the
respouse.

3 Statistics for Dataset Characterisation

Data characteristics from the given data are the second knowledge source for
the selection of pre-processing and classification methods. In the following sec-
tions, we define a vocabulary of measurements which can be computed on the
datasets. We distinguish between simple or standard characteristics, discrimi-
nating measures and information theoretical measurements. The data that is
available possesses certain properties, which should be cataloged at first. This
means that meta-data, i.e. information theoretic measurements describing prop-
erties of the data, need to be collected on the data. Meta-data can then be used
for several purposes:

— Support for the selection of model generation.

— Support for the data preparation phase of a KDD process [3]. A special gain
is to be expected from the application of meta-data in defining the data
transformation stage of the model generation phase.

— Guide to understanding the algorithm performance characteristics and more
general behaviour



Data characteristics are divided into several groups, including standard statistics
and enhanced statistics. Standard statistics describe the properties of the dataset
as well as properties that the variables in the dataset possess. On the other hand,
enhanced statistics are divided into two main parts, description of properties of
the numerical subspace in which the domain is described and description of
properties of the nominal properties of the data space.

A different approach in order to perform any kind of supervised meta-learning
is landmarking [2]. With landmarking, the performance of simple and efficient
learners on a task are calculated. The learner’s space is divided into areas of
expertise which are classes of tasks on which it performs specially well. So, the
performance of the simple learners on a special task might give an indication on
the performance of other learners [12]. We did not use any landmarkers for this
work. However, this serves as an idea and motivation for future work.

3.1 Simple Measures

These simple measures include general information of the dataset such as the
total number of observations, denoted by n, the total number of classes, denoted
by g, the number of observations for each class, denoted by n; for class ¢, and the
number of attributes, denoted by p of which psym are symbolic (categorical).

3.2 Information Theoretic Measures

When analysing symbolic attributes with the help of information theoretic mea-
sures, only the distribution of the attributes is of importance. There are however
x%-squared measures of association [16]. In contrast to numerical attributes, it
is not straightforward to generate relationships between the attributes using
measurements. Therefore, each measure is appropriate for one single attribute.
Since each data tuple belongs to exactly one of ¢ classes, the class affiliation
can be regarded as an additional attribute, the class attribute C. It is of inter-
est to compare the distribution of the target attribute with the distribution of
one of the other attributes for each class in order to find possible connections.
The following entropy measures can be regarded as the qualitative analogy of a
dispersion measure for numerical attributes. The entropy itself is a measure of
information of the distribution of a single numerical attribute from the equipar-
tition and traces back to [13]. The basic idea is to interpret the entropy of a
probability distribution, for example for an attribute, as the average number of
yes/no-questions that are necessary to determine the concrete value of an at-
tribute. For the following measures, let B denote a symbolic attribute with &
characteristics, and let C' denote the target variable. The attribute entropy of B
(as a realisation of a discrete random variable X where ¢; is the probability of
X taking the sth value) is defined as

P
Hp=H(B)=—-) qilogyq;
i=1



whereas the class entropy of C' is

q
He = H(C) :—Zmlogzm

i=1

indicating how much information is necessary to specify one class. In the latter
case, ; is the prior probability for class A;.

For each group we suppose the variables are 21, zo, ...zp. Let y; = 2,;,/SD(x;),i
1,..,p and compute a kernel density estimate as fz(y) with an automatic choice
of kernel bandwidth. Then the entropy measure for each variable is defined by

E;=— /,fi(y)log(fi(y))dw =1..p

Then, for group 7 = 1,2 we have

and, to allow for highly corelated values we also compute
IS; = ET"(XTX)"'E (2)

where E = (Ey, Es, ...Ep)T.
IM and IS are similarly defined, but now f;(y) is calculated for all the data
(regardless of group membership).

3.3 Statistical Measures

In discriminant analysis, several covariance matrices are calculated in order to be
able to determine eigenvalues and eigenvectors. They are calculated by solving
the characteristic polynomial det(A—AI) = 0 where A is the covariance matrix of
interest and [ is the identity matrix. The solutions A{, Aa, ..., Ay, of this equation
are called the eigenvalues.

Fracl = X/ Z A (3)
i=1

denotes the relative importance of the largest eigenvalue, where Ay > Ay >

- > Ap, and r is the rank of the covariance matrix of the attributes. Note
that these eigenvalues are non-negative, so the sum is strictly positive. The
above mentioned covariance matrices are fundamental in the theory of linear
and quadratic discrimination. When to apply one and not the other is dependent
on the homogeneity or otherwise of the covariances [9]. The hypothesis that all
populations have a common covariance structure can be tested via Box’s M
test statistic [7]. When discriminating between two multinormal populations,



the two-sample Hotelling’s T2 test can be used. Then, under the null hypothesis
(f1 = pa, given Xy = Xs)

{%?’_Z)}dipwldrw T?(p,n—2) = {%}Fpmfvl (4)

and the null hypothesis is rejected for large values of this statistic [7]. Here,

dzfl — T andW:EnZSZ

Tests of Normality To examine if the unknown distribution function F(z)
matches a hypothetical distribution function Fy(z), the Kolmogorov-Smirnov
goodness-of-fit test is appropriate. The major assumption is that the distribu-
tion Fy(z) is a continuous function. If this assumption is not met, the test is
conservative, i.e. adheres to the hypothesis of equality longer than appropriate.
For “small” sample sizes, this test is more appropriate than the y2-square test
since the latter is only working approximately [14]. The hypothesis

Hy: F(z) = Fy(z) vV
vs. Hy:F(z)# Fy(z) for some z ,

is tested by comparing S,,(z), the empirical distribution function of the n ob-
servations (Sp(z) = I(z; < x)/n), with Fy(z). The test statistic is given by
vnD,, where D,, = sup,, |Fy(z) — S, ()| specifies the largest vertical difference
between the hypothetical and empirical distribution function. Critical values can
be found in [6] or [11].

In the StatLog project [9], the normal distribution was tested by using skew-
ness and kurtosis statistics. These statistics measure how far the present distribu-
tion is different from the normal distribution in respect of asymmetry(measured
by skewness) and tail thickness (measured by kurtosis), respectively. The classi-
cal measure of skewness for the distribution of a real-valued random variable X
is defined as

0= B (X = B /wr(X) )

If the skewness is larger than zero, one is dealing with a so-called right-skewed
distribution, if it is less than zero with a left-skewed distribution. For a sym-
metrical distribution such as the normal distribution, it is equal to zero. The
kurtosis of the distribution of a real-valued random variable X is defined as

2 = B (X = B /or(X) )

If the kurtosis assumes values larger than 3, the kurtosis of the present distribu-
tion is above that of the normal distribution, in case it is less than 3 below that
of the normal distribution [1].



3.4 Choice of Measures

Many of our dataset measures have been frequently used in other studies in
meta-learning [9] [8]. The selection of measures was based partly on the fact
that the simulated data was primarily real-valued (rather than qualitative), and
also because of what was readily available - or easily programmable - within
the statistical package R (with which the meta-dataset was constructed) [4].The
measure T2 (based on Hotelling’s statistic) was chosen since it was hoped this
would provide a measure of the overall noise in the data. More specifically, if
two classes have the same covariance (as determined by Box’s M-statistic), then
Hotelling’s T? test is essentially a multivariate t-test and so is used to decide
if the means of the two groups are (un)equal. If the measure T2 is small (and
hence the means are very similar), then it suggests a large amount of noise in
the data, and so we would expect to obtain high error rates from any classifier.
Note that, if Box’s M statistic is large (meaning that the covariance matrices are
unequal), or there are a large number of binary attributes (which means that
the data are not normally distributed) then the reliability of the T? measure to
predict noise is reduced. In this paper, we mainly follow the StatLog approach
regarding the choice of measures [9]. We found that some measures were helpful
for building most of the models. In particular, Box’s M statistic, Hotelling’s T
(Equation 4), and the functions of the univariate entropy measures (as described
in Equations 1 and 2) proved to be useful.

3.5 Regression Measures

There are some important decisions concerning how to assert the generalisation
error of the methods. While in classification the 0/1 loss function is very com-
mon (except in medical diagnoses, and credit-scoring applications), within the
regression setting things are not so clear. Errors in regression are metric, mean-
ing that the amplitude of the difference between the true target variable value
and its predicted value is relevant [15]. As one error measurement, we used the
normalised error/residual mean square

NMSE = 3 (¥~ i/ S (¥ ~ V)’ )

i=1 i=1

where the numerator displays the squared distances between the actual and the
predicted values, and the denominator describes the squared differences between
the actual values and the mean of the observations. The NMSFE measure can
be regarded as a performance ratio between the regression algorithm and the
simplest model that would be to always predict the average training set target
variable value. Good scores should be between 0 and 1 (closer to 0 is better),
while values above 1 would basically mean that the regression algorithm is per-
forming even worse than the simple average.



The other error measurement we used was the normalised measure for abso-
lute differences, the normalised mean absolute deviation

NMAD =Y |Y; - Yil/ > |Vi—vy| (8)

i=1 =1

where vy is the median target variable value. The use of the median is justified
by the fact that this is the constant that minimises the absolute deviation. The
advantage of MAD, when compared to MSE, is that it is expressed in the same
unit as the target variable, thus having a more intuitive meaning. As a matter
of fact, both measures are incomparable in a sense that one method might be
preferred to another in terms of MSE and vice versa when using MAD [15].

4 Classification versus Regression for Meta-Learning

Some meta-data were created in a large simulation study using datasets with two
classes. The meta-data comprised one observation for each dataset. The observa-
tions consisted of the number of variables (both total and symbolic), the number
of elements in each group, their skewness (Equation 5) and kurtosis (Equation
6, the proportion of the first eigenvalue for each group as well as for the pooled
data (3). It also consisted of Box’s M-statistic and Hotelling’s T? statistic (as
described in Equation (4)),the Kolmogorov-Smirnov statistic to examine nor-
mality as well as of functions of univariate entropy measures. Additionally, for
each simulated dataset error rates for a leave-one-out cross validation were de-
termined for the following classification algorithms: linear discriminant (LDA),
quadratic discriminant (QDA), and 1-NN.

In total, the dataset consisted of 5450 observations with 25 attributes of
continuous nature and one class attribute. The sample sizes for each individ-
ual observation ranged from 110 to 2000, the number of variables from two to
ten of which a maximum of five were symbolic. In 56% of the cases, QDA pro-
duced the lowest error rate compared to 42% of LDA and 2% of 1-NN. The
dataset is available by anonymous ftp from “amsta.leeds.ac.uk” in the directory
“pub/users/charles/metal”.

Figure 1 gives a graphical overview of how the problem was approached and
also shows the different meta-levels of learning. For each dataset, error rates
for various algorithms are obtained leading to meta-errors for both regression
and classification errors. Note that for each dataset a certain amount of data
characteristics, say k, are calculated. So, each of the m sets of data characteristics
on the first meta level consists of k& values of which each is corresponding to a
certain data characteristic.

For simplicity, suppose that the performance of an algorithm is measured
by a single variable (say the error rate e;; which corresponds to algorithm 4 on
dataset 7). In prediction, we would seek to predict the error rate of an algorithm
using all the available measures. In classification, we would seek to predict the
best algorithm using all the available measures. The classification approach will
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Fig. 1. From Data Characterisation for Meta-Learning to Meta-Regression

overlook the fact that, in some cases, the performance of two methods will be
very similar, and this information will be lost by merely recording which is best.
To illustrate this point, we offer the following example:

In a more comprehensive study we would also measure other performance
indicators such as storage costs, CPU time, comprehensibility, but for simplicity
suppose that the performance on a dataset is linearly related to a measure, say
z (which could be a landmarker or data measure). Algorithm i may give an
error rate (as a percentage) of the form e; = 1 + x and e2 = 0.5 + 2z where
we suppose that z lies on a range from 0 to 1. Additionally, we suppose that
both of these performance error rates are observed with observation error. A
classification meta-dataset will consist of pairs (m, class) (where class takes the
value 1 or 2 according as e; < ez ), whereas a regression meta-dataset will consist
of observations (z, ey, e2). Given a new dataset with data measure zy we can
use a classification rule (linear discriminant) which has been learned from the
classification meta-dataset. Alternatively, fitting a separate regression function
for each of the error rates, then selecting the algorithm which gives the smallest
predicted error using measure x( gives another means of classification.

In order to give an indication of the difference between these two approaches,
we simulated 100 replicates of sample size 100 from the above models, and for
each replicate we simulated a further 100 values as the test data on which we
calculated the error rate. In order to check the robustness of the methods to
outliers, we carried out experiments when the residual errors were normally



distributed, and for errors following a t-distribution with 20 and 2 degrees of
freedom. We also investigated violations in the model assumptions by simulating
data from a non-linear model with e; = 1+ z + 2(z — 1/2)%, and ey = 0.5 +
2z 4+ 2(z — 1/2)2, and normally distributed errors, but continue to carry out
predictions using a linear regression.

Classification Prediction p-value for paired test

normal errors 21.1 15.5 0.002
t20 errors 16.9 16.1 0.567
ty errors 29.9 34.5 0.116
quadratic model 18.3 14.2 0.007

Table 1. Percentage of error rates

As can be seen from Table 1, prediction is superior when the model is cor-
rect and the errors are normally distributed. However, when there are outliers
created by a thick-tailed distribution, then the classification approach is better.
In general, we believe that when the model is specified correctly and the errors
are reasonably normally distributed, then the prediction approach will perform
better than that of classification. However, in the case of real meta-data, when
the model is unknown and will generally be highly non-linear, and the errors
are probably asymmetric, then classification should be better, unless suitable
transformations are applied.

5 Empirical Results

Three regression models - one for each error rate of LDA, QDA, and 1NN - and
one classification model - choosing the algorithm with the lowest error rate- were
created using M6 and C5.0, respectively. Additionally, another regression model
was built using the lowest error rate of the algorithms. By doing so, a certain
comparability of the results was given. The goal was to assess error rates to each
algorithm for predicting its own error rates. The calculated error measurements
were MAD, MSE, NMAD, and NMSE, respectively. The results of the error
rates for each of the models were obtained by ten-fold cross-validation and are
presented in Table 2. Note however that each value does not represent the error
rate for the corresponding algorithm. What it does represent is actually the
average error rate in predicting the error rate for the actual algorithm.

Table 2 shows that LDA has the highest error rate in predicting the actual
error rate for the algorithm itself for both MAD and MSE whereas QDA and
INN don’t seem to differ significantly. Note, however, that 1NN only provided
in 2% of the meta-data the lowest error rate for classification.

For classification of the algorithm with the lowest error rate using just the
lowest error rate, an error rate of 0.123 was obtained whereas the regression



MAD MSE NMAD NMSE
LDA 0.097 0.0098 1.008 0.631
QDA 0.066 0.0044 0.876 0.400
INN 0.053 0.0055 0.579 0.397

Table 2. Error rates for LDA, QDA, and 1NN

approach for predicting the lowest error rate delivered 0.032 for absolute and
0.002 for squared deviations. That basically means that the regression approach
delivers a more exact idea of the error measurement. When trying to predict
the class that gives the lowest error rate by using all three predicted error rates
of LDA, QDA, and INN, the then obtained error rate was 0.084. By using
informative error rates, we got better results than just by comparing algorithms
since the latter always means that information is “thrown away”.

The following figure displays the general approach and shows how different
regression and classification models can be obtained. Note that in this context
each regression problem can be transformed into a classification problem and
vice versa just by connecting the lowest, error rate of a data characteristics to
the algorithm that produced it.
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Fig. 2. General Approach to Meta-Regression



6 Conclusions and Future Work

In this paper, we address the problem of connecting data characterisation for
meta-learning to regression. Several measurements were introduced that built
the basic of our data characteristics as well as the reason why we chose these
measurements was explained. Part of our aim (and any future study’s aim) was to
determine which variables were useful. A very helpful tool in order to improve
on estimates might be to take combinations of variables and transformations.
This is surely a challenge for future work.

Assessing the quality of any method by a 0,1 loss function implies a lack of
information when compared to the regression settings.

The use of simulated data may not sufficiently cover the space of a (previ-
ously unseen) real dataset. In practice, simulations will have to be used since
the dimensionality of the data characteristics is large, and there are simply not
enough real datasets at present. It would be interesting to consider how to sim-
ulate datasets which are “similar to” a given real dataset in the sense that they
encompass the space around.

The right mixture of landmarkers and information theoretic measures will be
the subject of further investigations as well.
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