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ABSTRACT

Real-world learning tasks often involve high-dimensional data
sets with complex patterns of missing features. In this paper we review
the problem of learning from missing data from two perspectives -
preprocessing, decision making. Framework is designed for imputing
missing data. Therefore, to minimize the effect of missing data sets on
analyses, and to increase the range of data sets. The approach of missing
data is within a statistical framework, and to describe a set of algorithms
are derived. The incomplete and missing data can is handled in a principled
and efficient manner. Missing data causes a variety of problems in data
analysis. First, lost data decreases statistical power. Statistical power
refers to the ability of an analytical technique to detect a significant
effect in a dataset. Second, missing data produce biases in parameter
estimates and can make the analysis harder to conduct and the results
harder to present. To overcome the missing problem, a framework for
imputation is proposed. Dealing with missing values is one important
task in data mining. There are many ways to work with this kind of data,
but the literature doesn't determine the best one to all kinds of data set.
The recent advances in data mining have produced algorithms for
extracting knowledge contained in large data sets. In real-world databases
are highly susceptible to noisy, missing and inconsistent data due to
their typically huge size. Data cleaning is an important step in the data
mining process. The data cleaning technique that smoothes out a
substantial amount of attribute noise and handles missing attribute values
as well. Moreover, we show that our technique can easily be adapted to
fill up missing attribute-values in framework more effectively than other
standard approaches.
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1. Introduction

Missing data is omnipresent in survey

research. Although when we collect information
for statistical analysis, complete data for all
subjects are desired, the possibility that some
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data will be unavailable should not be ignored.

It may be lost, be costly to obtain or
be unusable. When missing data means there
is no response obtained for a whole unit in the
survey, it is called unit nonresponse. When
missing data means responses are obtained for
some of the items for a unit but not for other
items, it is called item noresponse (Roderick
Little and Micheline Kamber 2006). Missing
data has to be dealt with before we can do anything
meaningful with the dataset. Many statistical
problems have been viewed as missing data
problems in the sense that one has to work
with incomplete data.

Advances in computer technology
have not  only  made previously long and
complicated numerical calculations a simple
matter but also advanced the statistical analysis
of missing data. Missing data usually means lack
of responses in the data. It is often indicated
by "Don't know", "Refused", "Unavailable" and
so on. Missing data are problematic because
most statistical procedures require a value for
each variable10. When a data set is incomplete,
an analyst has to decide how to deal with it.
This requires a missing value procedure.

Many of the industrial and research
databases are plagued by the problem of missing
values. Some evident examples include databases
associated with instrument maintenance,
medical applications, and surveys. One of the
common ways to cope with missing values is
to complete their imputation (filling in). Given
the rapid growth of sizes of databases, it becomes
imperative to come up with a new imputation
methodology along with efficient algorithms.
The main objective of this paper is to develop

a framework supporting a of efficient imputation
method. In the development of this framework,
we  require  that its usage should lead to the
significant improvement of accuracy of imputation
while maintaining the same asymptotic compu-
tational complexity of the individual methods.
Our intent is to provide a comprehensive review
of the representative imputation techniques. It
is noticeable that the use of the framework in
the case of a low-quality single-imputation
method has resulted in the imputation accuracy
that is comparable to the one achieved when dealing
with some other advanced imputation techniques.
We also demonstrate, both theoretically and
experimentally, that the application of the proposed
framework leads to a linear computational
complexity and, therefore, does not affect the
asymptotic complexity of the imputation
method.

With the rapid increase in the use of
databases,  the  problem  of missing values
inevitably arises. The techniques developed to
recover these missing values effectively should
be highly precise in order to estimate the missing
values completely

The need to understand large, complex,
information-rich data sets is common to virtually
all fields of business, science, and engineering.
In the business world, corporate and customer
data are becoming recognized as a strategic
asset. The ability to extract useful knowledge
hidden in these data and to act on that knowledge
is becoming increasingly important in today's
competitive world. The entire process of applying
a computer-based methodology, including new
techniques, for discovering knowledge from
data is called data mining10,17.

The recent advances in data mining
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have produced algorithms for extracting know-
ledge contained in large data sets. This knowledge
can be explicit, e.g., represented as decision
rules, and utilized for decision making in areas
where decision models do not exist2. The machine
learning algorithms construct associations
among various parameters (called features in
data mining and attributes in computer database
literature) that are important in modeling
processes. Selection of algorithms is an essential
context for a data mining framework design.
The widespread use of algorithmic trading has
led to the question of whether the most suitable
algorithm is always being used8,9,11,16.  Evolu-
tionary phenomena have propounded a most
ardent need in the development of algorithms
based on the transactions of nature and
evolution1,9.

2. Related work :

Data may be missing in any type of
study due to any reason. For example, subjects
in longitudinal studies often drop out before the
study is complete. Sometimes this happens
because they are not interested anymore, are
not able to find time to participate, died or moved
out of the area. Whatever the reason is, the
study will suffer from missing-data problem.

Missing data  causes a variety of
problems in data analysis. First, lost data
decrease statistical power. Statistical power
refers to the ability of an analytic technique to
detect a significant effect in a data set. Also, it
is well known that a high level of power often
requires a large sample. Thus, it appears that
missing data may meaningfully diminish sample
size and power.

Second, missing data produce biases
in parameter estimates and can make the analysis
harder to conduct and the results harder to present.
The bias may be either upward or downward,
which means the true score may be either
overestimated or underestimated.

Imputation: "The action of attributing
something, usually a fault or a crime to
someone."

Hitherto, there are methods that deal
with missingness, they are mean imputation
and multiple imputations. Imputation consists
of replacing the missing data with values
derived from the respondents or from a
relationship between the nonrespondents and
respondents.

According to Little and Rubin (2002),
the mechanisms leading to missing data can
be classified into three subgroups:

 Missing completely at random (MCAR)

 Missing at random (MAR) and

 Not missing at random (NMAR).

MCAR means that the missing data
mechanism is unrelated to the variables under
study, whether missing or observed: a missing
response happens purely by chance.

That is f (M | Y,Q) f (M | Q) for all Y,Q.

Let Yobs  denote the observed components of
Y and let Ymis  denote the missing components
(Mary Kynn 2006).



3. Proposed work

Central Map of the Work

This section locates the area where
exactly the work which has been carried over
in this thesis is mapped with respect to data
mining. Data mining is a key processing activity
in Knowledge Discovery Process. The Know-
ledge Discovery Process consists of various
stages. As explained by Han & Kamber, Dunhalm,
and others, The KDD Process consists of
stages: Cleaning and Integration, Selection and
Transformation, Data Mining, Evaluation
and Presentation. As noted in the previous
section data cleaning is a very important state
for knowledge discovery process, Data

cleansing activities have been tremendously
developed by statisticians and programmers.
Cleansing process particularly includes "filling
missing values". Many methods from statistics
and probability have been introduced to fill the
missing value with a plausible value. The
methods from statistics and probability derive
the probable values as plausible values to
replace, however the plausibility may not be
correct. The hypothetical frameworks and
algorithms as carried out in this research uses
corpus of digest values of tuples that are rich
with clues to replace the plausible values.  The
figure shown below reflects the actual map of the
research work with respect to the knowledge
discovery process.
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4. Model Selection :

Modeling endorses the experimental
truth of hypothesis. A Model based method ensures
the best fit data model that suits the experiment.
A model proposes a basic frame work for the
experimental setup.

The  model  set  in  the  work is an
Information-hash theoretic approach. Generally
the information theoretic approaches are used
for those experiments where the input data is
not directly processed for mining inferences;
rather the supporting information about the data
is used. For example, in software engineering
several mathematical models are developed for
clustering the software segments. Each software
segment consists of various types of lines of

code that are written in the language, and the
complexity of the code in the segment is based
on the type of application. In such, applications
lines of code cannot be considered as parameters
for clustering. Information-theoretic approach
propounds the phenomena of mathematical
modeling of the experiment using the qualitative
information about the input data.

In present work the data is not directly
chosen for the process of imputing the missing
values, rather qualitative information of the
tuple is calculated selectively and stored in the
database (corpus). Searching and replacing
mechanisms are used on the corpus and the
data containing missing values to perform
plausible imputation.

Figure:  The Framework
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Data mining is a complex process that
aims to derive an accurate predictive model
starting from a collection of data7. Traditional
approaches assume that data are given in advance
and their quality, size and structure are inde-
pendent parameters. It is very essential every
data mining should include the step of data
acquisition as a part of the overall process which
is a extended vision of data mining. Moreover
the static view should be replaced by an evolving
perspective that conceives the data mining as
an iterative process where data acquisition and
data analysis repeatedly follow each other.

A decision support tool based on data
mining will have to be extended accordingly.
Decision making will be concerned not only
with a predictive purpose but also with a policy
for a next data acquisition step. A successful
data acquisition strategy will have to take into
account both future model accuracy and the
cost associated to the acquisition of each
feature.

Sampling methods are classified as
either probability or nonprobability. In probability
samples, each number of the population has a
known non-zero probability of being selected.
Probability methods include random sampling,
systematic sampling, and stratified sampling.
In nonprobability sampling, numbers are selected
from the population in some nonrandom manner.
These include convenience sampling, judgment
sampling, quota sampling, and snowball
sampling.

The approach of sampling followed in
this work is stratified sampling. The stratum is
the choice of the attributes selected by the
analyst for imputation process. The choice of
the attributes is two fold. The existent attribute

set and non-existent attribute set. The tuples
containing "?", "NA", "UnK", "Unknown", "-"
are considered as having non-existent attributes.
The existent-attribute set is considered for
calculating the Characteristic Weights. The
non-existent attribute set is considered for
implementing the imputation i.e., replacement
of unknown values with plausible set of values.

Data Model :

The first and the most crucial step in
performing multiple imputation is to relate the
combination of the observed values Yobs and
the missing value Ymis -the complete data Y-
to a set of parameters. In order to achieve that
goal, one has to assume a probability model. If
we let p (Ymis | Yobs) denote the predictive
distribution for the missing values conditional
on the observed values, one can find this predi-
ctive distribution using the probability model and
the prior distribution on the parameters.

The predictive distribution can be written as:

p Y Y p Y Y dmis obs mis obs( | ) ( , | ) z   (1)

                 z p Y Y p Y dmis obs obs( | , ) ( | )   (2)
where
p Y = p Y Y dYobs mis obs mis( | ) ( , | ) z (3)

= p Y Y p Y Y dYmis obs mis obs mis( | , ) ( | )z (4)

p ( | Yobs) is the observed data posterior and
p ( | Ymis, Yobs) is the complete-data posterior:

p Y Y p L Y Yobs mis obs mis( | , ) ( ) ( | , )  

where L is the likelihood function and p( ) is
the prior distribution.
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While the probability model assumed
is based on the complete data, in most cases,
the model is chosen from a class of multivariate
models. For continuous variables, the multiva-
riate normal is the most convenient because it
is manageable computationally. For describing
the associations among variables in cross-
classified data, the log~linear model has been
traditionally used. The other model the data
analysts have used include a general location
model which combines a log~linear model for
the categorical variables with a multivariate
normal regression for the continuous ones.

Because the real data rarely conform
to assumed models, in most applications of
multiple imputation, the model used to generate
the imputations is at best only approximately
true. The most convenient model for continuous
variables is the multivariate normal one.
However, use of multivariate model is risky.
One should check whether the multivariate
model fits the data approximately well. But
when the variables are binary or categorical,
the multivariate normal model also seems to
work well in the sense that it gives quite
acceptable results.

Other models that data analysts have
used include a log-linear model for categorical
variables, and a mixture of log~linear model
and a multivariate normal model for mixed
continuous and categorical data sets.

5. Data Mining for Designing Products :

In3,4,6, a methodology for using data-
mining algorithms in the design of product
families was introduced. These were introduced

in two steps. In the first step of this methodology,
data mining algorithms were used for customer
segmentation. Once a set of customers was
selected, an analysis of the requirements for the
product design was performed and association
rules extracted. The second step created a
functional structure that identified the source
of the requirements' variability. Options and
variants are designed to satisfy the diversified
requirements based on a common platform.
The last step elaborated on a product structure
and distinguished modules to support the
product variability. Finally, the paper showed
that data-mining techniques could be applied
efficiently in the design of product families.

6. Data Mining and Decision Making :

The study of differences between
Data Mining and Decision Making Systems
would be an impulsive attempt for Researchers
in the Database Technology. Data Mining systems
are mixed systems comprising of principles
from various disciplines like, Mathematics,
Relational Algebra, Neural Networks, Simulated
Annealing, Optimization Techniques, Genetic
Algorithms, Biological and Evolutionary
Phenomena. Decision Making Systems are
derivative of traditional database systems just
by having variants in the types of databases
like knowledge databases, deductive databases,
analytical databases, etc.

Identify the truly interesting patterns that
express the interesting knowledge and
endorses the productivity in supporting the
decision making process.

Scientific analysis of decision problems
aims at giving the decision maker (DM) a
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recommendation concerning a set of objects
(called also alternatives, solutions, acts, actions,
cases, candidates) evaluated from the point of
view of a plurality of their characteristics
considered relevant for the problem at hand,
and called attributes14.

For example, a decision can regard:

1. Diagnosis of pathologies for a set of patients,
being the objects of the decision, and the
attributes  are  symptoms  and  results of
medical examinations.

2. Assignment to classes of risk for a set of
enterprises, being the objects of the decision,
and the  attributes  are  ratio indices and
other  economical  indicators such as the
market structure, the technology used by
the enterprises, the quality of the management
and so on.

3. Selection of a car to be bought from among
a given  set  of  cars, being the objects of
the decision, and the attributes are maximum
speed, acceleration, price, fuel consumption
and so on.

4. Ordering of students applying for a scho-
larship, being the objects of the decision,
and the attributes are  scores in different
disciplines.

The volume of information available
for decision-making is growing at an unpre-
cedented rate. Models, algorithms, and tools
offered by decision-making theory, operations
research, mathematical programming, and other
disciplines have met some of these growing

needs for data processing. The expanding scope
of decision-making problems calls for a new
class of computational tools. Data mining
satisfies some of these needs by offering
capabilities to process data of different types
(e.g., qualitative and quantitative) and
originating at different sources. None of the
traditional approaches is able to cover such a
wide spectrum of data diversity.

The increasing use of multi-database
technology, such as computer communication
networks and distributed, federated and homo-
geneous multi-database systems, has led to the
development of many multi-database systems
for real world applications. For decision-making,
large organizations need to mine the multiple
databases distributed throughout their branches.
In particular, as the Web is rapidly becoming
an information flood, individuals and organi-
zations can take into account low-cost information
and knowledge on the Internet when making
decisions. The data of a company is referred
to as internal data whereas the data collected
from the Internet is referred to as external data.
KDD algorithms in multidimensional databases
are often based on similarity queries which are
performed for a high number of objects5.

7. Data Mining Framework for Decision
Making :

Models and algorithms for effective
decision-making in a data-driven environment
are discussed in earlier works. To enhance the
quality of the extracted knowledge and
decision-making, the data sets are transformed;
the knowledge is extracted with multiple
algorithms37.
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1. Data Transformation Algorithm
2. Diverse Rule Extraction Algorithms
3. Models and algorithms for decision signature

selection
4. Decision signature validation
5. Validation Criteria not met
6. Validation Criteria met

The problems considered in this area
differ from most data mining tasks where
knowledge is extracted and used to assign
decision values to the new objects that have not
been included in the training data. For example,
the equipment fault is recognized (i.e., the value
of the fault number is assigned) based on the
failure symptoms. There are many applications
prevailing in this area, where a subset of rules,
in particular a single rule, is selected from the
extracted knowledge. The parameter values
corresponding to the conditions of the rules in
this subset are called a decision signature. The
decision signature is used to control the process
under consideration. One of the questions posed
in this area of research is how to construct the
most promising decision signatures for large-scale
rule bases. The construction of such decision

A Structure of Framework ~ Decision Making through Data Mining

signatures becomes a challenge due to the
temporal nature of the processes from which
the data sets considered in this research have
been collected.

The process of decision making
through data mining is structured into six
phases:

Phase 1: Data transformation;
Phase 2: Rule extraction with alternative

   algorithms;
Phase 3: Decision signature selection;
Phase 4: Decision signature validation;
Phase 5: A return to the data transformation

  phase;
Phase 6: The  acceptance  of   the  decision

  signature.

The complexity of decision-making in
manufacturing, business, and medical applica-
tions is rapidly increasing, as the world is becoming
data-driven. To cope with this increasing
complexity in a changing environment, new
modeling and computing paradigms are needed.
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The salient features of the new modeling and
computing paradigm are:

 Adaptability of decision-making models to
the evolving decision environment.

 Ability to handle  changing qualitative and
quantitative data.

 Short decision response time.
 Large and overlapping problem domains.
 Interpretability of the results.
 Process rather than problem orientation.

Decision making often depends on the
analysis and evaluation of large amounts of data
for which information visualization proved to
be a valuable approach.

8. Data Processing and Preprocessing :

"Data Processing is a post processing
stage for a preprocessing task". Post Proce-
ssing and Preprocessing are definitely needed
for huge data analyses assignments such as
data mining, knowledge discovery. Since the
knowledge extracted from the databases
through expensive mining processes is valuable
in its structure and nature (semantically), the
process of discovery should incorporate stages
which meticulously churn the data. The
knowledge discovery processes often consume
longer time to make data ripen during the
process and produce as valuable knowledge.
Before allowing the data to enter into the
valuable knowledge discovery process, the data
is ensured of its consistency.  As the maxim
spells "Garbage In is Garbage Out". The
data given to the process need to be taken care
ensuring its consistency so as to enable the
knowledge discovery process to extract more
valuable knowledge.

Data Processing is a typical data
mining activity or knowledge discovery activity,
often that is also a set of activities that are
involved in the intermediate stages of the data
mining and knowledge discovery process. In
general terms, data processing includes all the
logic and modules that are required to process
the input data to produce the required output.
The knowledge discovery process itself is a
process consisting of several steps may be
called as data processing.

The evolution of database technology
is an essential prerequisite for understanding
the need of knowledge discovery in databases
(KDD). Data mining is a pivotal step in the
KDD process - the extraction of interesting
patterns from a set of data sources (relational,
transactional, object-oriented, spatial, temporal,
text, and legacy databases, as well as data
warehouses and the World Wide Web). The
patterns obtained are used to describe concepts,
to analyze associations to build classification
and regression models, to cluster data, to model
trends in time-series, and to detect outliers.
Since the patterns which are present in data
are not all, equally useful, interestingness
measures are needed to estimate the relevance
of the discovered patterns to guide the mining
process12,13.

Data Cleansing :

Data preparation is a fundamental
stage of data analysis. While a lot of low-quality
information is available in various data sources,
many organizations or companies are interested
in how to transform the data into cleaned forms
which can be used for high-profit purposes15.
As Real-world data tend to be incomplete, noisy,
and inconsistent, data cleaning routines attempt
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to fill in missing values, smooth out noise while
identifying outliers, and correct inconsistencies
in the data.

Missing values :

In a typical data analysis task, a
database may consist of tuples with no recorded
value for several attributes, such as customer
income. How can you go about filling in the
missing values for this attribute? Let's look at
the following methods.

Ignore the tuple: This is usually done
when the class label is missing (assuming the
mining task involves classification or description).
This method is not very effective, unless the
tuple contains several attributes with missing
values. It is especially poor when the percentage
of missing values per attribute varies consi-
derably.

Fill in the missing value manually:
In general, this approach is time-consuming and
may not be feasible given a large data set with
many missing values.

Use a global constant to fill in the
missing value: Replace all missing attribute
values by the same constant, such as a label
like "Unknown", or - . If missing values are
replaced by, say, "Unknown", then the mining
program may mistakenly think that they form
an interesting concept, since they all have a
value in common that of  "Unknown". Hence,
although this method is simple, it is not
recommended.

Use the attribute mean to fill in the
missing value: For example, suppose that the
average income of a customers table in the

database contains $28,000. Use this value to
replace the missing value for income.

Use the attribute mean for all
samples belonging to the same class as the
given tuple: For example, if classifying
customers according to credit risk, replace the
missing value with the average income value
for use the most probable value to fill in the
missing value: This may be determined with
inference-based tools using a Bayesian
formalism or decision tree induction.

9. Data Cleaning is very essential :

Data Cleaning

 

Incomplete, noisy, and inconsistent
data are commonplace properties of large real
world databases and data warehouses. Incom-
plete data can occur for a number of reasons.
Attributes of interest may not always be available,
such as customer information for sales transac-
tion data. Other data may not be included simply
because it was not considered important at the
time of entry. Relevant data may not be recorded
due to a misunderstanding, or because of
equipment  malfunctions.  Data  that were
inconsistent with other recorded data may
have been deleted. Furthermore, the recording
of the history or modifications to the data may have
been overlooked. Missing data, particularly for
tuples with missing values for some attributes,
may need to be inferred.
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10. CONCLUSION

Unlike the statistical and probabilistic
methods, the work has algorithmic base that
finds the exact missing value at the location in
the tuples. This can be streamlined with imple-
mentation of tiered-framework and efficient
implementation of the auxiliary algorithms.
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