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ABSTRACT
The classification problem is one of the
main issues in data mining because it aims to
extract a classifier which can be used to predict the
classes of objects whose class table are unknown.
In the case of classification with complete data,
many algorithms have been presented in literature,
In the case of classification with incomplete data
very few algorithms are there in the literature The
situation when information about the value of some
features is unknown is not hypothetical In the first
case, the lack of information is due to the
impossibility of performing some tests when some
data are missing some tests can be unnecessary
when the classifier could make certain decisions
without these test results. In industrial diagnosis,
the classifier can work in the online process
monitoring the failure of some measuring elements
does not have to cause stopping the process if the
values given by the rest of the measuring elements
are enough to make a decision such that the process
is performing properly. When available
information is not sufficient then the classifier
algorithm classifies the result wrongly. When this
values or missed the other algorithm eliminate
these database of record and formulate their result
which might not have proper classification. To
resolve this problem we introduce knowledge
acquisition for classifying the incomplete data and
missing data.
Keywords- classification, industrial diagnosis,
classifier algorithm, knowledge acquisition
1. INTRODUCTION
The incompleteness of data is often
viewed as a negative aspect of real-world
databases. One of the convenient solutions to
dealing with incomplete data is to eliminate from
the data set those records that have missing values
[3]. This approach ignores potentially useful
knowledge hidden in the incomplete data. The
second solution to dealing with missing data is to
estimate the missing value in the data item. In
general cases, one may use some expected value in
the data item based on statistical measures [1].
However, distributions of data in surveys are

commonly unknown. Imputation and use of an
expected value for a particular missing data item in
these cases might be misleading [2]. The third
approach to dealing with missing data is to use
generic “unknown” for all missing items and treat
incomplete data as complete data [2]. However,
few studies of this approach rise above making all
missing values equivalent. The fourth approach to
dealing with missing data is to treat missing data as
non-deterministic data. The missing data item is
replaced with two data items, and each data item
has its value attached with a probability.
The major problem of this approach is the
estimation of the probabilities of the values for the
missing data. Since the records with missing items
and the records without missing items often come
from different populations. The above four
conventional approaches to dealing with missing
data place their focal points on the side of complete
data, but fail to take into account the knowledge
about the missing data. This study places the focal
point on discovering knowledge about missing
data. It uses a rough set rule induction approach to
discovering knowledge about the missing data.
Rough set theory [5] is a promising approach for
knowledge discovery from databases. It is used for
this study because survey data are discrete, it
requires few assumptions more than the data set
itself, and the rule induction process is relatively
easy to understand. The rest of the paper is
organized as follows. First Section proposes a set
of prototypes of knowledge pertinent to missing
data in the form of association rules. Next Section
presents the knowledge discovery results on a realworld student placement record database using the
rough set method.
With the development of database and
Internet, people have vast quantities of data. How
to discover the interesting knowledge from great
capacity of data has become a heated topic. Thus,
data mining technology has attracted a lot of
researchers and developers. Data mining also called
knowledge discovery in databases (KDD), is the
process of discovering interesting knowledge from
a large amount of data stored either in databases,

Journal of Computer Applications, Vol-III, No.3, July - Sept 2010

Page 7

data warehouse, or other information repositories
[6]. There are a lot of functionalities of DM.
However, in real-world datasets, there are many
problems in data quality such as incompleteness,
redundancy, inconsistency, noise data etc. All these
serious problems in data quality will affect the
performance of DM algorithms and decisionmaking [7]: Missing data is a quite common
problem of data quality in real-world datasets.
There are a lot of reasons accounting for missing
data. When collecting data, some informants could
not or refused to provide information. When
inputting data, some operators’ mistakes may lead
to missing data problem. During experiments,
broken-down machines may cause damage to
datasets. This paper will study the effect of missing
data to classification models by knowledge
acquisition. This paper will emphasize the effect of
missing data to classification algorithms.
2. DATA QUALITY AND KNOWLEDGE
ACQUISITION
a. Data quality
A major problem is that the data in
databases or data warehouses are often “dirty“.
Broadly, duty data can be divided into three kinds:
missing data, not missing but wrong data, and not
missing and not wrong but unusable data [8]. The
unusable data are dirty data that arise due to
differences between data maintained in more than
two independent databases or due to incomplete or
nonstandard specification of data in one database.
While, commerce data quality tools today do not
address many types of dirty data, and most types of
dirty data examinations and repairs are done by
humans with domain expertise. Various data
mining software provide several tools to deal with
missing data. The typical way is to replace missing
data with a mean or mode value. Some kinds of
wrong data can be prevented by user-specified
integrity constraints enforced by database and
transaction processing systems. While, most wrong
data and not wrong but unusable data can only be
repaired or prevented manually or semi-manually
by human experts.
b. Knowledge Acquisition
Computer models have been widely
applied to solve real-world problems. For example,
whether an investment plan is feasible or not; how
much to invest; what will impact the investment
environment? Generally speaking, models consist
of many parameters, whose changes will affect the
outputs of models. Uncertainty is an indispensable
property of most models. On most cases, the
determination of parameters is quite difficult and
complex. However, the uncertainty of parameters
will reduce the quality guarantee of models and has
an adverse impact on the application of models.
Knowledge acquisition is to study the impacts of
one or more input variables on the outputs of a

model, that is, the knowledge of the model to one
parameter or a combination of parameters [9].
Knowledge acquisition can help to determine the
dependency of the model on the structure and
hypothesis of the environment. Therefore, the
accuracy of the parameters should be highly
guaranteed. Knowledge acquisition can identify the
decisive input parameter of the model and enhance
the reliability and prediction accuracy of models.
Knowledge acquisition can also provide the best
output of a model with different combination of
parameters.
1) Find the parameters (variables) which have great
effect on the outputs of a model;
2) Study the possible changes of those parameters
(variables);
3) Determine how those parameters affect the final
decision-making ;
4) Identify what activities will lighten the effects.
Knowledge acquisition has been applied
in various fields including medicine, risk analysis,
environment engineering, economics, ecology,
statistics and others. Generally, we can be divided
into three categories.
1) Mathematical methods assess sensitivity of a
mode1 output to the range of variation of an input.
They can assess the impact of range of variation in
the input variables on the output, so they can be
help finding the most important inputs.
Mathematical methods include nominal range
Knowledge acquisition
2) Statistical methods Statistical methods involve
conducting simulations in which inputs are
assigned probability distributions and assessing the
impact of variation in inputs on the output
distribution. Depending on the method, one or
more inputs are varied at a time. Statistical methods
allow identifying the effect of interactions among
multiple inputs. Statistical methods include
regression analysis, analysis of variance etc.,.
3) Graphical methods give representation of
knowledge in the form of graphs or charts.
Generally, graphical methods are used to give
visual indication of how an output is affected by
variation in inputs. Graphical methods can be quite
helpful before further analysis of a model or to
describe complex dependencies between inputs and
outputs.
3. ROUGH SET METHOD
Rough set theory was developed in the
early 1980s [10]. It concerns itself with
classificatory analysis based on approximation of
sets. Rough sets techniques have advantages over
statistical methods in that they typically deal with
categorical discrete data which do not meet with
statistical assumptions. Numerical data must be
discredited in order to apply a rough set technique.
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In comparison with other association rule induction
techniques, rough set techniques require few
assumptions more than the data set itself. Here, we
briefly overview the rough set rule induction
method with emphasis on missing data, and refer to
[10] for comprehensive reviews of rough set
theory. In our student placement record evaluation
survey shown in Table 1. The database is called
decision table, or information system. The example
decision table has two observations, or objects.
Each object is described by three attributes. The
last attribute in this table denotes the decision and
is called decision attribute. The other attributes are
referred to as condition attributes.
Table1. Example of Survey Database
S.No Result
Evaluation
Decision
1
Good
Continuous
Good
2
Poor
Non continuous
Poor
Decision rules admissible in Table 1 are the
following.
if (Result is Good) and (Evaluation is Continuous)
then Decision is Good
with Support 1, Accuracy 1, Coverage 1
if (Result is Poor) and (Evaluation is Non
Continuous)
then Decision is Poor
with Support 1, Accuracy 1, Coverage 1
The support of a decision rule is the
number of objects that match the rule. Accuracy is
defined as the number of objects that match the rule
divided by the number of objects that match the
condition, and Coverage is defined as the number
of objects that match the rule divided by the
number of objects that match the decision. Support,
accuracy, and coverage are used to assess the
creditability of the rule. The general form of
decision rules is
if (condition-1) and (condition-2) and ...
then (decision-1) or (decision-2) or ...
with support, accuracy, coverage
Suppose there are missing data in the database, as
shown in Table 2. The question mark (?) in Table 2
indicates the missing value. To find the pattern of
missing data, we rearrange the table, as shown in
Table 3.
Table2. Example of survey database
S.No Result
Evaluation
Decision
1

Good

2

Poor

3

?

Continuous
Non
contiguous
Continuous

Good
Poor
Good

Table3. Example of Survey Database
S.No

Evaluation

Decision

Result

1

Continuous

Good

Good

2

Non
contiguous

Poor

Poor

3

Continuous

Good

?

Using the rough set rule induction method, we can
have the following rules, if we keep the object with
missing data in the table.
if (Evaluation is Continuous) and (Decision is
Good)
then (Result is Good) or (Result is ?)
with Support 2(of 3), Accuracy 0.5,0.5, Coverage
1,1
if (Evaluation is Non contiguous) and (Decision is
Poor)
then Result is Poor
with Support 1 (of 3), Accuracy 1, Coverage 1
Since these rules do not have a decision
context, they are called association rules in this
study. We are particularly interested in the first
association rule that is related to missing data.
Apparently, as long as the last attribute has a
missing value, there normally is inconclusive
conclusion in rules. Given the fact that there
certainly is a missing value in Result, we can
perceive knowledge about the missing data based
on the rule. We rewrite the part of the rule that is
specifically relevant to the missing value as
follows.
if (Evaluation is contiguous) and (Decision is
Good) then (Result is ?)
with Support 1 (of 3), Accuracy 0.5, Coverage 1
An interpretation of this rule is: the value
in Result is missing when Evaluation is contiguous
and Decision is Good, with 0.3 support, 0.5
accuracy, and 1 coverage. Note that such an
association rule does not lend itself to estimation of
missing values; rather, it reveals knowledge about
missing data in relation to other data items of the
database.
4. EXPERIMENTAL RESULT
Classification
algorithms
commonly
consist of two steps. The first step is to build up a
classification model using training subset.
Generally, models are expressed in the form of
classifying rules, decision trees and mathematic
formulas. The second step is to run the model on
testing subset to do predictive classification. There
into, building up a model is a supervised process of
learning, that is, finding the classification rules and
building up prediction models by studying the
known data. Therefore, training subsets are crucial
for step one. Quality and quantity of the known
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data have a great impact on the predictive model.
Missing data, noise data and other data quality
problems will reduce the accuracy of the predictive
model and do harm to the application of the model.
It is impossible to build a convictive classification
model with incompleteness or noise data. This
section will study the impact of missing data to
classify accurately.
a. Design of experiments
Researchers of machine learning, statistics
and neurology have put forward many
classification algorithms such as the Bayesian
classifier, decision tree, neural networks, linear
regression, K-nearest neighbor’s classifier, fuzzy
sets and fuzzy logic. This paper has selected three
representative classification models to study the
impact of missing data to classification models,
that is, Back-propagation neural network(BPN),
C4.5 decision-tree (C4.5) and Learning vector
quantization(LVQ) Among these three models,
missing data almost have some impact on BPN but
in Decision-tree C4.5 uses a probabilistic approach
to handle missing data and other models substitute
mean or mode for missing data. All the
classification models mentioned in this paper are
conducted by ‘Weka’, a data-mining software
developed by University of Waikato in New
Zealand [11] .
Table 1 Sample Datasets
S.No Datasets Records Attri Classes
1

Student

846

5

2

2

Glass

1888

8

5

3

Diabetes

768

8

3

4

Sonar

208

6

2

5

Shuttle

699

9

2

Five datasets are used in our experiments. All
of them are real-world datasets, which come from
the Machine Leanings Database Repository at the
University of California. Table 1 shows the
summary of the five datasets. This table gives the
classification based on the software waikato where
some records are missed due to the missing data the
data are not classified correctly which results in the
problem of decision making, So to make the correct
classification process. We take the missing value
and evaluate in the rough set theory and get the
missing value through the knowledge acquisition
method.
b. Results and analysis
The classification accuracy of three
classification algorithms under different missing
percentages is displayed in Table 2, which shows
the accuracies of all the classification algorithms
have an obvious trend of decrease. In general, when
the proportion of missing data in the dataset is less
than l0%, they have little effect on the classifiers. If

the proportion is greater than 20%, the effect
should not be neglected. However, by some simple
work, like knowledge acquisition for missing data,
the negative impact can be reduced significantly. If
the proportion exceeds 20%, there is an obvious
decrease in the classification accuracy and the
missing data should be handled with high
cautiousness. Knowledge acquisition method
should be chosen to eliminate the negative impact
of the missing data and optimize the performance
of classifiers. In the real world, there are great
quantities of missing data in databases and, usually,
the proportion of missing data in the dataset
exceeds 20%. Therefore, research on the methods
for dealing with missing data is greatly needed
since the prediction accuracy of classifiers can be
improved and the scope of application can be
enlarged.
The more classes it predicts with missing
data, the classification accuracy drops faster with
the increasing of the missing rate. When the
missing rate is up to 20%, the classification
accuracy of these datasets drops by nearly 10% at
average, almost two times higher than other
datasets, Moreover, if a dataset has more attributes
but fewer records, the classification accuracy also
suffers a lot. For example, dataset ‘Student’ has
about 846 records and 5 attributes; the
classification accuracy falls to a great extent.
Table 2 Classification Accuracy for Different
Classifiers with and Without Missing Values
Dataset

Student
Glass
Diabetes
Sonar
Shuttle

Applying
B/A
Before
After
Before
After
Before
After
Before
After
Before
After

Missing
Values

BPN

C4.5

LVQ

45%
22%
58%
26%
30%
15%
12%
6%
25%
13%

44.6
57.6
82.4
85.1
65.5
68.5
72.2
81.3
86.1
88

59.7
62.1
86.3
87.9
60.4
66.5
75.6
80.7
85.3
87.5

60.8
72.8
86.7
88.6
66.4
69.5
82.2
86.5
86.1
88.2

From the above table 2 we can see that the
percentage of missing values has reduced for the
credit from 45% to 22%, Glass from 58% to 26%,
Diabetes 30% to 15%, Sonar 12% to 6% and
Shuttle 25% to 13%. Also we can come to the
conclusion that on applying the Knowledge
acquisition method to substitute the missing values
we can improve the classification result.
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5. CONCLUSION
Missing data may reduce the accuracy of
prediction models. This paper mainly studies the
impact of missing data to classification algorithms.
The Knowledge acquisition method for three
representative classifiers to missing data is
analyzed in the experiments. The results showed
that, with the increasing of the missing rate, the
classification accuracies of all the classification
algorithms have an obvious trend of decrease. If the
proportion of missing data exceeds 20%, there is an
obvious decrease in the accuracy of prediction.
Methods for missing data treatment should be
chosen cautiously to eliminate the negative impact
on the classification accuracy and optimize the
performance of classifiers.
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