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[bookmark: _Toc157463630]Data Mining 
Data mining is the process that is used to sweep through large the data from large databases and produce new and useful data. [1] The purpose of conducting data mining is to discover interesting patterns that were previously unknown. [2]
These newly generated patterns can help the business discover possible new trends and make well informed, proactive decisions. Additional use cases include discovering anomalies, fraud detection, and provide sales forecasting. [3]
[bookmark: _Int_J7hGbt26]For data mining activities to be completed, a sufficient quantity of data is required. As a data warehouse is a large repository, the data can come from a variety of sources such as a relational database, transactional system, or internal business systems. The type of data can include customer information, sales data, website analytics, and POS systems. [4, 5]
In the current age every business collects data. From sales numbers, profit figures, customer details, and market trends, it is all collected by businesses so they can conduct business operations. The data alone is no good to a business, it must be processed, cleaned, and organized for it to be usable. [6]
Data mining can be used by a business's sales department to get insights related to sales figures, best performing products, revenue generated, and profit figures. Data mining can also be used to detect fraud by discovering anomalies in financial transactions. A bank could use data mining to assess whether people have a good credit score and determine whether they should be granted loans or credit. The human resources department of an organization can use data mining to predict employee retention by analysing how satisfied and happy the employees are, along with studying turnover historical data.   













[bookmark: _Toc157463631]Data Set Description 
The South German Credit data set has been downloaded from the UCI Machine Learning Repository. The data was collected from 1973 to 1975 and indicates the factors that suggest whether someone can or cannot fully pay back their loan. The first step was to translate the data files from German to English. 
This is a screenshot of the data file called SouthGermanCredit.asc. It consists of numerical data only. 
Below is the codetable file, it includes the attributes for the data headings. This file was used to assist in converting the numerical data to nominal data where possible. The duration, age, and amount headings only contain numerical data, so the data was not changed. 
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[bookmark: _Toc157463632]Pre-Processing 
Data pre-processing is a process that involves transforming raw data so that it can be more easily understood by people, it also prepares the data for processing. When raw data is collected, it is not typically ready for analysing due to it being inconsistent, incomplete, containing noisy or redundant data. Other issues that can come with raw data can include duplicate, incorrect, or denormalized data. The steps involved in data processing can remove these data issues and make the data ready for analysing. [7]
[bookmark: _Toc157463633]Converting Numerical to Nominal 
Below is a screenshot of the data that has been changed, Excel IF formulas were used to change the numeric data to nominal. As previously mentioned, the age and account data sets have been directly copied from the data file and no formula has been used for them. Making the data nominal makes it far easier to read and understand, additionally it makes preprocessing and checking for errors significantly easier. 
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[bookmark: _Toc157463634]Data Cleaning 
It was immediately noticed that there are false values in the “status” column, there was a total of 394 false values out of 1000. The formula for the A column was checked for errors, but none were found. When comparing the data to the code table an error was found. 
Below is a snippet from the codetable file. It shows that there are only 3 possible values for the status attribute. However, in the data set there are 4 values, this results in an error in the formula. 
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The records containing the value of 4 in the A column were removed, as it is unknow what attribute value 4 represents. 
Another error came from the credit history column, there were 54 records had inconsistent data with that from the codetable. Formulars were again used to identify the records, the ones that were identified to have had inconsistent data were deleted.   
[bookmark: _Toc157463635]ARFF File 
An ARFF (Attribute Relation File Format) file is an ASCII lain text file that is used to represent tabular data. The format was specifically developed for the Weka machine learning software., however it is now used in other data mining machine learning software's. An ARFF file usually stores datasets that include instances, each instance is described by several attributes.  [8]
The ARFF file has been divided into three sections: Attribute Information, Relation, and Data.  The attribute information section stores meta data, it uses commented using a percentage sign meaning that Weka does not acknowledge any of it. This data is simply used by the author of the file to have a better understanding of the attribute values. The relation section shows the header and the instances of the dataset. The final section, that being data, simply shows all the data. [8]
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[bookmark: _Toc157463636]Post-processing 
Post-processing is a set of techniques used to refine, improve, and adjust the dataset that has been created by a machine learning model. [9]
[bookmark: _Toc157463637]Linear Regression
Linear regression is a common type of predictive analysis. The purpose of linear regression is to model a relationship between a dependent variable and one or more independent variables. [10]
Linear regression was used because it can help identify significant factors that could dictate whether someone can pay back a loan. 
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Illustrated above is the first run using linear regression. It looks at predicted credit risk vs the actual credit risk. The MAE was 0.412. 











[bookmark: _Toc157463638]Clustering 
Clustering consists of grouping similar data points into different clusters. The purpose of clustering is to separate datasets into groups where the other pieces of data are similar than other cluster groups. 
Clustering was chosen as it is it works great for grouping together people with similar financial behaviours, the use of clustering can help determine whether a person can pay back their loan by looking at their job and if they have taken out previous loans, along with the status of their previous loans. Having a cluster that shows this information can indicate how likely the person is to pay back their loan. 
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[bookmark: _Toc157463639]Business Recommendations 
Data mining is a crucial tool that all businesses can and should take advantage of. Banks need to know whether their customers can pay back their loan, there are a lot of factors and data that need to be sorted, analysed, and considered before they can be accepted for a loan. 
Clustering would work well for banks as it can segregate customers into groups based on factors such as credit score, financial goals, income, and financial history. Segmenting customers into groups and develop requirements that customers must meet to be placed into these groups. For example, a customer may need a certain credit score to be placed into a group that is more likely to receive a loan. 
[bookmark: _Toc157463640]Advantages and Disadvantages 
[bookmark: _Toc157463641]Linear Regression
Linear regression can help an organisation discover trends and patterns in their data. Conducting post processing using linear regression can allow for the understanding of relationships between variables, this ultimately makes it easier to interpret the data. 
An issue with using linear regression is that it assumes that the relationship between variables is linear. This method may not be able to identify underlying patterns in a dataset, this can cause inaccurate findings. 
[bookmark: _Toc157463642]Clustering 
Clustering can help identify outliers and anomalies in a data set. Data points that do not belong to a cluster could be considered anomalies. Clustering can be useful for segmenting customer which can allow companies to tailor social media strategies and products to certain groups of customers. 
A drawback of using K clustering is that it struggles to cluster larger datasets. There is also a risk of not being able to recover corruptions in forms. [11]
[bookmark: _Toc157463643]Futures Considerations 
There are many other types of post-processing methods that could be used. More work should be done on the ARFF file next time, doing so will make the reading and understanding the data considerably easier, additionally it will allow for more processes to be available in Weka. The noise reducing filters in Weka should also be used in the future to remove irrelevant data. 
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@relation Loan_Repayment

@attribute status {no checking account, ... < @ DM, @
@attribute duration NUMERIC

@attribute credit_history {delay in paying off in the past, critical account/other credits elsewhere, no credits taken/all credits paid back duly, existing credits paid back duly till now, all credits at this bank paid back duly}
@attribute purpose {others, car (new), car (used), furniture/equipment, radio/television, domestic appliances, repairs, education, vacation retraining, business}

@attribute amount NUMRIC

@attribute savings {unknown/no savings account, ... < 100 DM, 100 <= .
@attribute employment_duration {unemployed, < 1 yr, 1 <= ... < 4 yrs, 4 <
@attribute installment_rate {>= 35, 25 < <35, 20 < 25, < 20}
@attribute personal_status_sex {male : divorced/separated, female : non-single or male : single, male : married/widowed, femele : single}
@attribute other_debtors {none, co-applicant, bguarantor}

@attribute present_residence {< 1yr, 1<= ... < 4 yrs, 4 <= ... < 7 yrs, >= 7 yrs}

@attribute property {unknown / no property, car or other, building soc. savings agr./life insurance, real estate}

@attribute age NUMERIC

@attribute other_installment_plans {bank, stores, none}

@attribute housing {for free, rent, own}

@attribute number_credits {1, 2-3, 4-5, >= 6}

@attribute job {unemployed/unskilled - non-resident, unskilled - resident, skilled employee/official, skilled employee/official}
@attribute people_liable {3 or more, @ to 2}

@attribute telephone {no, yes}

@attribute foreign_worker {yes, no}

@attribute credit_risk {bad, good}

., < 200 DM}

< 500 DM, 560 <= ... < 1600 DM, . 1000 DM}

s.. <7 yrs, >=7yrs}
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Attributes Information

1 Status (nominal: 1 = NoChecking, 2 = less than zero, 3 = over 200, 4 = between zero and 200)

2 Duration numeric

3 Credit_History (nominal: 1 = previous paying off delay, 2 = critical account/other credits elsewhere, 3 = no credits taken/all credits paid back correctly, 4 = existing credits paid back correctly till now, 5 = all credits
4 Purpose (nomina
5 Amount numeric
6 Savings (nominal: 1 = unknown/no savings account, 2 = less than 100 Deutsche Mark”, 3 = between 100 and less than 500 Deutsche Marks, 4 = between 500 and less than 1000 Deutsche Marks, 5 = 1800 or over Deutsche Marks)
7 EmpDur (nominal: 1 = unemployed”, 2 = less than 1 year, 3 = between 1 and under 4 years, 4 = between 4 and under 7 years, 5 = 7 years or over)

8 InsRate (nominal: 1 = more than or equal to 35, 2 = between 25 and less than 35, 3 - between 20 and less than 25, 4 = under 20)

9 Mstatus (nominal: 1 = male:divorced/separated, 2 = female:non-single or male:single”, 3 = male:married/widowed, 4 = female:single”)

10 OtherDebt (nominal: 1 = none, 2 = co-applicant, 3 = guarantor)

11 Residence (nominal: 1 - unemployed”, 2 = less than 1 year, 3 = between 1 and under 4 years, 4 = between 4 and under 7 years, 5 = 7 years or over)

12 Property (nominal: 1 = unknown / no property, 2 = car or other, 3 = building soc. savings agr./life insurance, 4 = real estate)

13 Age numeric

14 OtherPlans (nominal: 1= bank, 2 = stores, 3 = none)

15 Housing (nominal: 1 = for free, 2 = rent, 3 = own)

16 Neredits (nominal: 1 = "17, 2 = "2-3", 3 = "4-5", 4 = ">= 6")

17 Occupation (nominal: 1 = unemployed/unskilled - non-resident, 2 = unskilled - resident, 3 - skilled employee/official, 4 = manager/self-empl./highly qualif. employee)

18 Liable (nominal: 1 = "3 or more”, 2 = @ to 2")

19 Telephone (nominal: 1 = no, 2 = yes (under customer name))

20 Foreign (nominal: 1 = yes, 2 = no)

21 Crisk (nominal: @ = bad, 1 = good)

© - others, 1 - car(new), 2 = car(used), 3 = furniture/equipment, 4 = radio/television, 5 = domestic appliances, 6 = repairs, 7 = education, 8 = vacation, 9 = retraining, 16 - business)
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