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Abstract. The problem of learning with missing or incomplete data has
received a lot of attention in the literature [6,10,13,21,23]. The reasons
for missing data can be multi-fold ranging from sensor failures in en-
gineering applications to deliberate withholding of some information in
medical questioners in the case of missing input feature values or lack
of solved (labelled) cases required in supervised learning algorithms in
the case of missing labels. And though such problems are very interest-
ing from the practical and theoretical point of view, there are very few
pattern recognition techniques which can deal with missing values in a
straightforward and efficient manner. It is in a sharp contrast to the very
efficient way in which humans deal with unknown data and are able to
perform various pattern recognition tasks given only a subset of input
features or few labelled reference cases.

In the context of pattern recognition or classification systems the prob-
lem of missing labels and the problem of missing features are very often
treated separately.

The availability or otherwise of labels determines the type of the learn-
ing algorithm that can be used and has led to the well known split
into supervised, unsupervised or more recently introduced hybrid/semi-
supervised classes of learning algorithms.

Commonly, using supervised learning algorithms enables designing
of robust and well performing classifiers. Unfortunately, in many real
world applications labelling of the data is costly and thus possible only
to some extent. Unlabelled data on the other hand is often available
in large quantities but a classifier built using unsupervised learning is
likely to demonstrate performance inferior to its supervised counterpart.
The interest in a mixed supervised and unsupervised learning is thus a
natural consequence of this state of things and various approaches have
been discussed in the literature [2,5,10,12,14,15,18,19]. Our experimen-
tal results have shown [10] that when supported by unlabelled samples
much less labelled data is generally required to build a classifier with-
out compromising the classification performance. If only a very limited
amount of labelled data is available the results based on random selec-
tion of labelled samples show high variability and the performance of
the final classifier is more dependent on how reliable the labelled data
samples are rather than use of additional unlabelled data. This points
to a very interesting discussion point related to the issue of the trade-
off between the information content in the observed data (in this case
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available labels) versus the impact that can be achieved by employing
sophisticated data processing algorithms which we will also revisit when
discussing approaches dealing with missing feature values.

There are many ways of dealing with missing feature values though
the most commonly used approaches can be found in the statistics litera-
ture. The ideas behind them and various types of missingness introduced
in [20] are still in use today and the multiple imputation method is con-
sidered as state of the art alongside the Expectation Maximization (EM)
algorithm [6,11,23,24]. In general the missing value imputation methods
are the prevalent way of coping with missing data. However, as it has
been pointed out in many papers [1,11,16,17,24] such a repaired data
set may no longer be a good representation of the problem at hand and
quite often leads to the solutions that are far from optimal.

In our previous work on the subject of learning on the basis of defi-
cient data we have advocated a different, unified approach to both learn-
ing from a mixture of labelled and unlabelled data as well as robust
approaches to using data with missing features without a need for im-
putation of missing values.

We argue that once the missing data has been replaced it can poten-
tially result in overconfident decisions not supported by the discrimina-
tive characteristics of the observed variables and a different approach is
needed.

One of the examples of such an approach not requiring imputation
of missing values is based on hyperbox fuzzy sets and was presented
in [8]. The General Fuzzy Min-Max (GFMM) algorithms for clustering
and classification naturally support incomplete datasets, exploiting all
available information in order to reduce a number of viable alternatives
before making the classification decision. The GFMM algorithm is also
able to learn from mixed supervised and unsupervised data, iteratively
[9] or in an agglomerative manner [7] processing both types of patterns
for adaptation and labelling of the fuzzy hyperboxes, thus falling into
the semi-supervised category. The networks also posses the ability to
quantify the uncertainty caused by missing data.

Such philosophy of dealing with both unlabelled and missing input
data within a consistent, unified framework has also been pursued in
our more recent work utilising the physical field based classifier, electro-
static charge analogy and a metaphor of data samples treated as charged
particles which will be used here as the second example [3,4,22].

A number of simulation results for well-known data sets are provided
in order to illustrate the properties and performance of the discussed
approaches as well as facilitate the discussion.
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