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Abstract. Many developed classification methods and knowledge discovery soft-
ware, that were research subjects for years, suffer from the lack of possibility to
handle data with missing attribute values. To adapt existing classification methods
to incomplete information systems, we propose a decomposition method that allows
more appropriate missing value attributes handling. The decomposition method
consists of two phases. In the first step data from original decision table are parti-
tioned into subsets. In the second step, knowledge from those subsets, that in our
case is classification hypothesis, is combined to achieve a final classification based
on a whole original decision table. There were carried out some experiments in order
to evaluate the decomposition method.
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1 Introduction

In recent years many researchers have faced the problem of missing attribute
values [2,5,6,9,19]. Nowadays data acquisition and warehousing capabilities of
computer systems are sufficient for wide application of computer aided knowl-
edge discovery. Inductive learning is employed for various domains such as
images, medical data, bank transactions and others. Due to various factors,
those data suffer from impreciseness and incompleteness. The hard task of
dealing with data imperfection in inductive learning methods was addressed
in the area of data impreciseness by Pawlak in early 80’s [14]. He proposed a
Rough Set approach that made possible to precisely express facts about im-
precise data in a formal way. The main concept of Rough Sets, indiscernibility
relation, proved to be very useful for analysis of decision problems concern-
ing objects described in a data table by a set of conditional attributes and a
decision attribute [15,18]. In practical applications, however, the data table is
often not only imprecise but also not complete, because some data are miss-
ing. Missing attribute values are frequently distributed not uniformly, but
generated by underlying mechanism of investigated real world domain. Many
developed classification methods and knowledge discovery software, that were
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research subjects for years, suffer from the lack of possibility to handle data
with missing attribute values. To adapt existing classification methods to
incomplete information systems, we propose a decomposition method that
allows more appropriate missing value attributes handling.

Missing values can reduce soundness of inductive inference and result in
decrease of classification quality. We expect the proposed method to reveal
the pattern that governs the appearance of missing values in dataset. Such a
decomposition avoids reasoning about missing values and makes possible the
application of already developed methods and software, initially incapable of
incomplete information systems processing. This method was experimentally
compared with Quinaln’s C4.5 method [17]. C4.5 is an example of inductive
learning method that tries to deal with missing attribute values problem [16].

2 Method Description

The decomposition method was developed to meet certain assumptions. The
primary aim of search for another method that could deal with missing at-
tribute values was to find a possibility of adaptation for many of existing,
well-known classification methods, that are not able to handle incomplete
data. A development of solution, which makes possible to analyze incom-
plete information systems by already known and implemented classification
methods, will reduce an effort necessary to construct a new software and
framework for such data analysis from the beginning. The secondary aim
was to cope with the problem of incomplete information systems without
making an assumption of independent random distribution of missing val-
ues and without data imputation [4,7]. Many real world applications have
showed that appearance of missing values is governed by very complicated
dependencies, similar to the ones that we used to searching between decision
and conditional attributes. This problem potentially could be solved by ap-
plication of classification methods to predict value of missing data. However,
the application of arbitrary method for data imputation produce a cycle of
inductive reasoning steps and the feedback from such a cycle can drastically
increase error rate of the classifier.

To meet those assumptions we created a decomposition method that al-
lows for processing of incomplete information systems with use of methods
that originally cannot handle missing attribute values. Roughly, the decom-
position method consists of two phases. In the first phase incomplete infor-
mation system, describing entire real-world interest domain, is decomposed
into a number of complete information systems, consisting of objects and at-
tributes that are taken from original information system. By accomplishing
certain filling patterns we expect those complete information subsystems to
describe some subproblems of investigated real-world problem, in which the
mechanism of missing values appearance is similar. In the second phase some
knowledge fusion is necessary in order to merge hypotheses about approx-
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imated real-world concept previously decomposed into subproblems. Appli-
cation of conflict resolving methods is required to merge knowledge from a
number of classifiers. As an example of conflict resolving method one may
take voting mechanism or similar classifier to the one used in classification of
decision subtables obtained from the decomposition phase.

3 Algorithm Description

The decomposition method consists of two phases. In the first one data from
original decision table are partitioned into subsets. In the second step, knowl-
edge from those subsets, that in our case is classification hypothesis, is com-
bined to achieve a final classification based on a whole original decision table.

The aim of the first step is to decompose data according to regularities
in missing value distribution in data table. The result of decomposition is a
number of subtables that are free from missing values and contain as much
meaningful data as possible. To provide a mechanism for extraction of data
regularities we must apply some kind of pattern extraction that is customized
for this task.

Definition 1. Filling pattern.

Let a; # * be a filling descriptor. An object satisfies filling descriptor
a; # *, if value of the attribute a; for this object is not missing, otherwise
object does not satisfy filling descriptor. Filling pattern is a conjunction of
filling descriptors. An object satisfies filling pattern ag, # *A ... Aay, # * if
values of attributes ay, ...ay, for this object are not missing.

Filling patterns are used to discover regular areas in data that contain no
missing values. Once we have a filling pattern, we can identify it with a sub-
table of original data table. Such a subtable consists of attributes that are
elements of filling pattern and contains all objects that satisfy this pattern.
With such a unique assignment of filling patterns and subtables of original
data we can think of result of decomposition step as of set of filling pat-
terns. The decomposition itself becomes a problem of covering data table
with patterns, as investigated in [12,13].

Standard approach to generation of covering pattern set is based on greedy
strategy. The set of patterns is iteratively extended until all objects from data
table are covered. The object is covered when exists at least one pattern in
generated set that is satisfied by this object. We can outline this algorithm
as follows:

1. Extract best filling pattern according to some criteria,
2. Remove objects that satisfy extracted pattern from data table,
3. Repeat 1-2 until all objects are covered by some pattern.

Extraction of best pattern is subordinate to some criteria. In experiments we
used a number of criteria that are described in the next section. Also, we
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carried out some experiments with modified algorithm, where object removal
was replaced by various object’s weighting techniques. Such a modifications,
however, do not improve results so in the final experiments only the above
algorithm was used. Pattern extraction was performed with the help of a
genetic algorithm that was customized for this task [11]. Deterministic meth-
ods [12] were not applicable. Criteria used for selection of best filling patterns
are based not only on width and height of pattern, as described in the next
section. Customization of genetic algorithm, some data compression and par-
tial result caching permitted results comparable to results of deterministic
pattern extraction methods.

Decomposition provides a set of subtables uniquely determined by filling
patterns. Those subtables consist of a subset of attributes from original de-
cision table and a subset of objects. Sets of objects and attributes in such
subtables are different, but usually not disjoint. Data subtables are free from
missing attribute values, so in such tables a classifier that is not able to han-
dle missing values can be applied. We expect that discovered regularities in
missing values’ distribution are meaningful for inductive learning and parti-
tion of interest domain into subproblems in accordance to its hidden nature.
The classifier induced over such subset of data should be able to appropri-
ately classify new objects satisfying its filling pattern. When new object is
classified, there may occur a situation that more than one, previously selected
in decomposition phase, filling pattern is satisfied. Thus, there exists more
then one classifier that is capable of classifying such object. In the second
phase of decomposition a knowledge integration is required in order to ob-
tain a classifier valid for a whole domain of objects. The problem is how to
combine knowledge from different classifiers to obtain one decision. The first
approach to this problem is to apply a voting mechanism. However, due to
reduction of positive region (see [8]) in decision subtables voting mechanism
is not enough. This fact became apparent during the early stage experiments.
The more precise method is to apply a classifier induction algorithm similar
to the one that is used for subtables. Application of another classifier at the
top of subtable-based classifiers allows to fine tune system’s answer in a non-
linear way. We can imagine a situation that this top classifier can completely
change assignment of object’s decision obtained from subtable based clas-
sifiers. With such a proceeding confidence level of a particular subclassifier
depends on filling patterns that are satisfied.

We can briefly summarize the algorithm of classifier induction as follows:

1. Decomposition: Greedy generate filling patterns that meet certain prop-
erties,

2. Split data into subtables according to filling patterns,
3. Induce classifier from subtables,

4. Integration: Induce classifier from answers of classifiers based on subta-
bles.
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Fig. 1. Illustration of the decomposition method idea.

The classification of new objects is a two step process that requires both
layers of previously induced classifiers. Objects that are classified could have
missing attribute values, so we have to apply processing scheme similar to
the previous one. Classification of such an object proceeds as follows:

1. Check, which filling patterns are satisfied,
2. Compute answers from subclassifiers (i.e. classifiers based on subtables),

3. Compute final decision from top classifier that bounds answers from sub-
classifiers.

The classification employs methods that are originally unable by itself to
process data with missing attribute values. However, the described decom-
position method allows to work around this problem. The presented solution
does not completely eliminate problem of missing values, because missing val-
ues return as missing answers coming from classifiers based on subtables. This
problem could be eliminated by using another method of resolving conflict
between subtable based classifiers. It is our strong believe that discovered
blocks of complete data are relevant and helpful for inductive learning of
dependencies between conditional attributes and decision attribute. Missing
answers contain information not exactly about missing attribute values, but
rather about patterns in missing data distribution. In such patterns missing
attribute values should be more comparable, than in whole data. Empirical
results showed that this assumption can by correct, but we should cautiously
choose proper methods of filling pattern generation.
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4 Decomposition Criteria

Subsets of original decision table must meet some requirements in order to
achieve good quality of inductive reasoning as well as to be applicable in case
of methods that cannot deal with missing attribute values. Original deci-
sion table is partitioned into smaller decision tables. Those smaller tables are
not necessarily disjoint, but we expect them to exhaustively cover input ta-
ble. They should contain no missing attribute values. It is obvious, that the
quality of inductive reasoning depends on a particular partition and some
partitions are better than others. From one point of view quality of learning
depends on the number of examples. It is proven that inductive construction
of concept hypothesis is only feasible, when we can provide enough number
of concept examples. A strict approach to this problem can be found in [20]
where Vapnik-Chervonenkis dimension is presented as a tool for evaluation
of examples number requirements. From the second point of view inductive
learning tries to discover a relationship between decision attribute and con-
ditional attributes. A precise description of concepts in terms of conditional
attributes values is required to achieve good quality of classification. Without
an attribute, which value is important to concept description it is impossible
to accurately approximate a concept. This yields an assumption that subta-
bles derived from partition should also have sufficient number of attributes
for inductive learning. It clearly suggests that we should not blindly select
partition, especially because the partition has strong influence on reasoning
quality.

We should have some measurements in order to compare each partition
to others and select the best one. By measuring some properties of decision
subtables we can evaluate correspondence between such tables and the de-
composition of real world problem into subproblems. Several approaches were
applied to estimate the filling pattern correspondence. Among them are:

e Traditional size based evaluation,
e Predictive quality — a real reasoning quality factor that can be evaluated
by applying classification algorithm to a subtable.

Traditional size based evaluation is related to width and height of gen-
erated subtable. By width we understand a number of attributes in such a
table and by height a number of objects. These values correspond to width
and height of generated filling pattern. We can combine these two values into
fitness function that can be used in genetic algorithm. Standard approach is
to evaluate fitness of pattern as a product of width and height (¢ = w - h,
where w stands for width of pattern and stands h for height). We can also
apply modified fitness function from family ¢ = w® - h. However empirical
evaluation showed, that there are no big differences between such functions.
The observation was, that in searched space of filling patterns there were
several patterns with similar size based fitness value, but with drastically
different results in quality of classification. This implies the second approach.
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| || all |exact|u)-h|w-h-p|w-h-p2 w-h-p4w-h-p8| p |
att || 17.15]3.90 {3.94| 4.00 4.10 4.15 4.09 |5.35

ban || 56.80 5.33| 8.09 8.28 9.01 10.08 |(22.14
cme?2 || 6.96 |2.00|2.00| 2.41 2.59 2.91 3.51 |3.92
dna2 || 7.80 1.06| 2.54 2.63 2.61 3.55 | 7.08

hab2 || 5.00 |3.83(3.69| 3.20 3.01 2.78 2.50 |1.84
hco ||164.65| 5.03 |5.46| 5.80 6.16 6.89 9.70 |67.54
hep || 18.48 | 3.84 |4.03| 4.12 4.30 4.70 5.30 |8.27
hin || 25.97 | 4.11 |3.83| 4.91 5.74 7.21 8.77 [13.22
hyp || 17.96 | 2.00 (2.01| 2.01 2.02 2.01 2.01 |4.55
pid2 || 6.77 |2.97|2.98| 2.99 3.11 3.41 3.48 |3.89
smo2 || 4.00 | 2.00 |2.00| 2.42 1.80 1.33 1.39 |2.14
tumor|| 6.40 |1.99 |2.17| 2.53 3.03 3.58 3.84 |4.37

Table 1. Average number of filling patterns.

The size based fitness function is only an estimation of relevance for classifier
induction. Instead of size based fitness function we can estimate relevance
by measuring predictive quality — quality of classifier induced from subset
of data determined by this filling pattern. We can easily incorporate such
a factor into fitness function of filling pattern. To measure the influence of
predictive quality on decomposition relevancy we can test some functions
from family ¢ = w - h - p®, where p stands for predictive quality and « is the
tuning coefficient. We can also completely eliminate a size based factor and
put ¢ = p fitness function. Empirical evaluation shows that this last function
behaves best.

5 Empirical Evaluation

There were carried out some experiments in order to evaluate decomposition
method and its components, such as genetic algorithm for binary pattern
extraction. Results were obtained from the average of classification quality
from 100 times repeated five-fold Cross-Validation (CV5) evaluation. This
testing method was introduced to assure preciseness in measuring the number
of generated patterns. The C4.5 method was used as a classifier and tests were
performed with different decomposition approaches as well as without using
decomposition method at all. The WEKA software system [3], which contains
re-implementation of Quinlan’s C4.5 Release 8 algorithm in Java, was utilized
in experiments. Data sets from UCI [1] machine learning repository were used
for evaluation of the decomposition method Selected data sets contain missing
values in range from 14.1% to 89.4% of all values in data.

First group of results, presented in Table 1, shows efficiency of filling
pattern generation. The numbers in the table are averages over 100 CV5 steps
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| ||C4.5|w-h|w-h-p|w-h-p2w-h-p4w-h-p8| P |
att |[52.55(+2.39| +3.22 | +5.23 | +7.79 | +9.39 [+10.78
ban ||62.14|43.68| +6.37 | +8.29 | +10.55 | +12.77 |+14.16
cme2 |[45.72(-0.80 | +1.56 | +2.89 | +4.37 | +5.61 |+5.69
dna?2 ||86.84|-6.11 | -0.64 | +0.11 | +0.32 | +1.55 | +2.23
hab2 ||71.54| -3.47 | -2.40 -0.83 +1.36 | +3.13 | +4.44
hco |/81.68|-2.18 | +0.28 | +1.92 | +3.34 | +4.31 | +4.32
hep ||80.12|-4.24| -0.59 | +1.36 | +3.58 | +5.17 | +6.41
hin ||70.47|-0.51| -0.31 | +0.02 | +0.51 | +0.63 | +0.06
hyp ||95.82{4-0.90| +0.94 | +0.97 | +0.98 | +0.99 | +1.27
pid2 ||60.81|+1.17| +1.38 | +3.03 | +5.43 | +6.30 | +7.48
smo2 |[60.75|-4.61 | -2.83 | +4.73 | +7.72 | +8.20 | +8.91
tumor||38.89|-2.61 | +1.28 | +3.31 | +4.16 | +5.00 | +4.41

Table 2. Comparison of experiments’ results.

of the numbers of patterns generated. The column entitled ezact corresponds
to a method, which is an implementation of exhaustive exact method that
checks all 2™ possible patterns and selects the best one. Such a exhaustive
search is very time-consuming and therefore was evaluated only for ¢ = w -
h fitness function and data that contain no more than 25 attributes. The
results presented in following columns were obtained with the help of genetic
algorithm using various fitness functions. The corresponding fitness function
is described in the header of each column. To make comparison easier we also
provide the number of all filling patterns that were present in the data. As
we can see, the results of exhaustive search are similar to those of genetic
algorithm with the same fitness function. Results for other fitness function
show that — at least for some data sets — the use of predictive quality does
not drastically increase the number of selected patterns.

The second group of results presents a classification qualities in compari-
son with the C4.5 method. The decomposition method, which uses the pre-
dictive quality as a fitness function overcomes results of the C4.5 method. As
the importance of predictive quality in filling pattern’s evaluation function
increases, we can observe a continuous increase of the classification qual-
ity. For some data sets other fitness functions achieve good results too. We
should consider that evaluation of predictive quality is very time-consuming,
in spite of partial results’ caching and other optimizations. The last presented
column corresponds to experiments with predictive quality as a fitness func-
tion. These results nearly overcome all other approaches, including the one
the is embed in the C4.5 method of missing attribute values handling.
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6 Conclusions

Most of existing methods are incapable of incomplete information systems
processing. The decomposition method proved that it is an efficient tool for
adapting existing methods to data with missing attribute values. It can be
applied to various algorithms of classifier induction to enrich them with ca-
pabilities of incomplete information systems processing. In comparison with
other approaches to missing attribute values handling [10,21], this method can
be applied to a broad group of inductive reasoning algorithms. This unique
property of the decomposition method allows an efficient transforming of al-
ready developed software systems that could not handle missing data. The
week point of this method is the computational complexity of predictive qual-
ity evaluation. The answer how to better and less time-consuming evaluate
a filling pattern suitability to the decomposition process, remains an open
question for a further research.
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