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Abstract 

Data mining refers to the extracting or “mining” knowledge from large amount of data. The process of performing data analysis  

may uncover important data patterns, contributing greatly to business strategies, knowledge bases, and scientific and medical 

research. The exploration and analysis, by automatic or semiautomatic means, of large quantities of data in order to discover 

meaningful patterns and rules. The rules include the iterative process of detecting and extracting patterns from large databases. 

This paper helps us to identify “signatures” hidden in large databases, as well as learn from repeated examples. The extraction of 

implicit, previously unknown, and potentially useful information from data is the ultimate goal of any statically viable approach. 

Strong patterns, if found, will likely generalize to make accurate predictions on future data. Data Mining automates the detection 

of relevant patterns in databases. The Pattern finding is applied for disguised bank details and complete result is expected.   
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________________________________________________________________________________________________________ 

I. INTRODUCTION 

Data Mining is an interdisciplinary field bringing together techniques from machine learning, pattern recognition, statistics, 

databases, and visualization to address the issue of information extraction from large databases. The objective of this process is 

to sort through large quantities of data and discover new information. The benefit of data mining is to turn this newfound 

knowledge into actionable results, such as increasing a customer’s likelihood to buy, or decreasing the number of fraudulent 

claims.  

Data Mining is also the search for valuable information in large volumes of data. It is a cooperative effort of humans and 

computers. Humans design databases, describe problems and set goals. Computers sift through data, looking for patterns that 

match these goals. Data mining is a search for very strong patterns in big data that can generalize to accurate future decisions. It 

deals with the discovery of hidden knowledge, unexpected patterns and new rules from large databases. It is currently regarded 

as key element of much more elaborate process called Knowledge Discovery in Databases (KDD). The term Data Mining can be 

used to describe a wide range of activities. 

II. DATA MINING MODELS TO PREDICT PATTERNS 

Data mining models produces one or more output values for a given set of inputs. Analyzing data is often the process of building 

an appropriate model for the data. It is an abstract representation of reality. Models in Data Mining are either Predictive or 

Descriptive and include the following:  

 Classification 

This model is used to classify database records into a number of predefined classes based on certain criteria. For example, a bank 

may classify customer records as a good, medium, or poor risk. A classification system may then generate a rule stating that “If a 

customer earns more than 40,000, is between 35 to 45 in age, and is regular in paying loan, he or she is a good customer risk.”  

 Prediction 

This model predicts the value for a specific attribute of the data item. For example, given a predictive model of Bank 

transactions, predict the likelihood that a specific transaction is incomplete. Prediction may also be used to validate a discovered 

hypothesis.  

 Regression 

This model is used for the analysis of the dependency of some attribute values upon the values of other attributes in the same 

item, and the automatic prediction of these attribute values for new records. For example, given a data set of bank transactions, 

build a model that can predict the likelihood of incompleteness for new transactions.  
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 Time Series 

This model describes a series of values of some feature or event that are recorded over time. The series may consist of only a list 

of measurements, giving the appearance of a single dimension, but the ordering is by the implicit variable, time. The model is 

used to describe the component features of a series data set so that it can be accurately and completely characterized.  

 Clustering 

This model is used to divide the database into subsets, or Clusters, based on a set of attributes. For example, in the process of 

understanding its customer base, an organization may attempt to divide the known population to discover clusters of potential 

customers based on attributes never before used for this kind of analysis. Clusters can be created either statistically or by using 

artificial intelligence methods. Clusters can be analyzed automatically by a program or by using visualization techniques.  

 Association 

This model is used to identify affinities among the collection, as reflected in the examined records. These affinities are often 

expressed as rules. Association model is often applied to Market Basket Analysis, where it uses point-of-sale transaction data to 

identify product affinities.  

 Sequencing 

This model is used to identify patterns over time, thus allowing, for example, an analysis of bank customer do different types of 

transactions during separate visits. It could be found, for instance, that if a customer pays a loan during one visit, he will collect 

the amount the next time. This type of models is particularly important for catalog companies. It’s also applicable in financ ial 

application to analyze sequences of events that affect the prices of financial instruments.  

 Characterization 

This model is used to summarize the general characteristics or features of a target class of data. The data corresponding to the 

user-defined class are typically collected by a database query. For example, to study the characteristics of a bank customer whose 

salary increased by 10% in the last year, the data related to such customer can be collected by executing an SQL query.  

 Comparison (Discrimination) 

The model is used for comparison of the general features of target class data objects with the general features of objects from one 

or a set of comparative (contrasting) classes. The target and contrasting classes can be specified by the user, and the 

corresponding data objects retrieved through SQL queries. For example, the model can be used to compare the general features 

of bank loans whose interest increased by 10% in the last year with those whose interest decreased by at least 3% during the 

same period. 

There are two classes of data to be mined, qualitative and quantitative. Qualitative data use descriptive terms to differentiate 

values. For example, gender is generally classified into “M” or male and “F” or female. Qualitative data can be used for 

segmentation or classification, where quantitative data is characterized by numeric values. Gender could also be quantitative if 

prior rules are established. For example, we could say the values for gender are 1 and 2 where 1=”M” or male and 2=”F” or 

female. Quantitative data is used for developing predictive models.  

Quantitative data falls into four types:  

 Nominal Data is numeric data that represents categories or attributes. The numeric values for gender (1 and 2) would be 

nominal data values. One important characteristic of nominal data is that it has no relative importance. For example, even 

though loan = 1 and deposit = 2, the relative value of being loan is not twice the value or higher value than that of deposit. 

For modeling purposes, a nominal variable with only two values would be coded with values 0 and 1.  

 Ordinal Data is numeric data that represent categories that have relative importance. They can be used to rank strength or 

severity. For example, a list a company assigns the values 1 through 5 to denote financial risk. The value 1, characterized 

by no late payment, is considered low risk. The value 5, characterized by a bankruptcy, is considered high risk. The values 

2 through 4 are characterized by various previous delinquencies. A prospect with a ranking of 5 is definitely riskier than a 

prospect with a ranking of 1. But he or she is not 5 times as risky. And the difference in their ranks of 5-1 = 4 has no 

meaning.  

 Interval Data is numeric data that has relative importance and has no zero point. Also, addition and subtraction are 

meaningful operations. For example, many financial institutions use a risk score that has much finer definition than the 

values 1 through 5, as in the previous example. A typical range is from 300 to 800. It is therefore possible to compare 

scores by measuring the difference.  

 Continuous Data is the most common data used to develop predictive models. It can accommodate all basic operations, 

including addition, subtraction, multiplication, and division. Most business data, such as sales, balances, and minutes, are 

continuous data.  
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In general, common goals of data mining applications and models include the detection, interpretation, and prediction of 

qualitative and/or quantitative patterns in data. To achieve these goals, data mining solutions employ a wide variety of techniques 

of machine learning, artificial intelligence, statistics, and database query processing. 

III. MISSING DATA 

The data quality has great impact on the analysis. Data quality is reduced by incorrect data due to content of a single field, 

inconsistent data, and integrity violation, in addition to missing data. Sources of noise include erroneous data, exceptional data, 

and extraneous columns and rows.  

Another source of errors is missing data. When values are missing, we can model the mechanism that causes them to be 

missing and include these terms in our overall model. In order to model this mechanism, we must know the values of the missing 

data. We should not let the data go missing. There are several techniques to deal with missing data: ignoring the tuple, filling the 

missing value manually, and fill in the missing value with the attribute mean. 

Sampling must be done intelligently by analyzing your data and data mining task. You can also do random sampling by 

making a random probability selection from a database. Most model building techniques require separating the data into training 

and testing samples. It is very important not to sample when information loss is too great. This occurs when the database is small 

or the sampling has small effects in large databases.  

If the database is small or large sometimes, the data is disguised and considered as missing. These cases should be 

concentrated more enough to find using the patterns and fill the missing data. 

IV. DEALING WITH DISGUISED MISSING DATA  

The problem of disguised missing data arises when missing data values are not explicitly represented as such, but are coded with 

values that can be misinterpreted as valid data. The paper explains how missing, incomplete and incorrect metadata can lead to 

disguised missing data. Consequences of disguised missing data can be severe and hence detecting and recognizing missing data 

is a very important part in the data cleaning process. As defined disguised missing data are a set of disguised missing entries 

which can be considered as valid data by mistake. In the data collection process many times values provided by users and lead to 

disguised missing data. Fake values are recorded in the table if a user knowingly or unknowingly provides an incorrect value or 

sometimes just does not provide any value.  

 Sources of Disguised Missing Data  

There are many possible ways which can lead to fake or disguised values being recorded in the dataset. The most obvious but 

uncommon possibility is someone deliberately providing or entering false values in the dataset. Alternatively default values can 

become a source of disguised missing data. As an example, consider an application form in the bank having the default account 

as current and selecting the wrong salary. A customer filling the form may not want to disclose his\her personal information and 

hence it might lead to missing values disguising themselves as default values. Such data entry errors accompanied by rigid edit 

checks form the sources of forged data. The lack of standard code to enter data into tables opens the door for factually incorrect 

data into the dataset. The ultimate source of most disguised missing data is probably the lack of a standard missing data 

representation. Sometimes even within a single data file there might be multiple codes representing the same missing data. Each 

individual or organization has their own way of representing data and this facilitates the rise of disguised missing data. 

Developing a standard way to represent and handle missing values will only lead to reduction fake or false values entering into 

the dataset.  

 Discovering the Disguise 

Assuming the presence of disguised missing data in the datasets the most important question comes in one’s mind is how to 

detect them. If the data is adequately disguised in the dataset then sometimes even domain knowledge or best of the methods 

known cannot detect them. But the approach is to identify abnormal values or patterns in the datasets with the help of domain 

knowledge or other methods and try to distinguish real from disguised data. The basic step is to identify suspicious values in the 

datasets which may look factual but are actually fake or false data. With the background knowledge a preliminary analysis of 

data can be done thus coming up with the range of values for each attribute. Domain knowledge might also prove useful in the 

above process. Once we have the range of attributes we can examine the data to find suspicious values and thus detect disguised 

values. Alternatively partial domain knowledge can also prove useful in exposing disguised missing data. For example, even if 

we do not have any knowledge of lower or upper bounds of data we can still come to a conclusion for variables like age that they 

can never be negative. Detecting outliers can sometimes help in uncovering disguised missing data but not always. If the values 

selected to encode missing data are sufficiently far outside the range of the nominal data to appear as outliers, we can apply 

standard techniques to look for disguised missing data. 
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 Approaches to Clean Disguised Missing Data 

One approach to clean such data is to have some domain knowledge. A domain expert can screen entries with suspicious values, 

such as salary of a customer for that particular account being upon the limit. Considering outliers as disguised missing data is 

another way but might not be feasible if the volume of disguised missing data is large. Again having some domain knowledge 

may help in identifying disguised missing data. For example, the particular type of account holder should be only inside the limit 

of the given salary. When his/her salary is wrongly selected or entered and getting mismatched with the type of account specified 

the given data is compared with the present patterns. In the mining phase each attribute is analyzed and checked based on the 

patterns detected. The pattern comparison outputs some probable disguised missing values which can be confirmed in the post 

processing phase with the help of domain knowledge or other data cleaning methods. Thus identifying disguised missing data 

and then eliminating for the dataset constitute a very important step in the process of data cleaning and preparation. 

V. CONCLUSION AND FUTURE WORK 

Data cleaning and preparation is the primary step in data mining process. We first identify different models to detect patterns and 

types of missing data and then discuss how to deal with missing data in different scenarios. This paper addresses the issues of 

handling missing values in datasets and methods in which missing values can be tackled. We first discuss the different types of 

data models and analyze their impact on the missing data. We now look into the problem of missing values in bank datasets. 

Missing data sometimes also disguise themselves as valid data and are difficult to identify. We therefore propose pattern 

detection to compare patterns to identify the challenging issue of cleaning disguised missing data. In our future work we will find 

the different patterns to compare with the disguised missing data. 
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