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[bookmark: _Toc157457855]Purpose of data mining and how it can be used in business

Data mining is the utilisation of data to help explain and draw conclusions through a range of different methods of analysis to help make those who wish to understand the data to have a better grasp of what the data represents and how it can be used. (1) One of the main ways that data mining is used is within businesses to make use of their raw data which helps these companies to make informed decisions. For example, a business would be able to use the data to perform predictions on numeric data to help make decisions upon the future with a higher likelihood of success. (2)  
A process which data mining is a part of a process known as the Knowledge discovery and data (KDD) process. (3) the KDD process is applied to large data stores and helps to draw conclusions from the data within by processing and transforming, and once a method of analysis has been decided the raw data can be used to help a business gain new knowledge. (3) 
This whole process helps the business improve the quality of their data through an extensive analysis of the raw data, as well as providing insights into the trends within the business’ data. 

[bookmark: _Toc157457856]Data set description, data familiarisation, exploration, and visualisation

 
 The raw data which had been provided contained each of the attributes in an untranslated German state, where there had been 21 columns of data with 1000 instances each. Notably, all the data has been presented in a numeric form. 
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Once a translation had been compared against the number of rows of data that exists to help ensure that no attributes had been lost during the translation process. This had then been checked against the code table document available to ensure that these translations are accurate. 
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The above translations show each of the different attributes which are present within the raw data. Of these, the credit risk is very important as it is the main point of analysis, as the goal of the analysis will be to determine whether any of the other attributes impact the credit risk directly. 

Within the data, there are 1000 instances of data entries which after identifying the claim of no errors within the data, where there had been no instances of missing data, as verified by the webpage stating that the data has “no missing values”(4 )  as well as converting the data into CSV format and placing it into a spreadsheet to conduct filtering upon each row, all the data has been determined to be correct as well as making sure there are no cases of data missing or additional data being present. 


 
On its own, a large majority of this numeric data has no value as there is no context behind what each of the different numeric values mean, however within the code table provided, the nominal form of the data has been presented to help gain context as to what each of the different numeric attributes represent. This data had been presented using two different documents, one being the “code table” document and one being the “read_SouthGermanCredit” file. (4)  Of these, the code table is very important for identifying the context behind all the data, as it provides the nominal context behind the data present as shown below. 
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All this data had been included within the data file as a comment to understand what each attribute within the data means, as well as making it so that the numeric data can be placed into Weka.
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Data Processing

To conduct the cleaning of the data, it had been determined that the best solution would be to transform all the data from numeric to nominal where applicable.
By replacing each of the numbers with their nominal counterpart, the data was able to be searched for any flaws and inconsistencies throughout.
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[bookmark: _Toc157457858]Data cleaning
The main findings during this were that within the attribute of “purpose” there are a total of 0 instances within the numerical data which had contained “7” which had been listed as “education” within the nominal data. It had been determined that this was able to be removed from the attribute as it turned out to be redundant for analysis as this had no impact on the data. 
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Outside of this, all the data itself had presented no issues regarding incompleteness and missing values, and all the data had managed to transform into nominal data without problem. 


The attribute “Personal_status_sex” is a difficult set of data to utilise effectively, as each of the different numbers contains 1 or more different status. For example, 1 is a male who is separated or divorced, which is one status. However, 2 is non-single female or a single male, which covers two different statuses. Therefore, this set of data has been completely removed from the analysis as it is not able to be used for any proper analysis due to the data being too inconsistent. 
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This same problem also applied to the “job” attribute, as there is no way to differentiate a manager from someone who is self-employed in the case of a 4, therefore makes this data unable to be properly utilised for analysis. [image: A close-up of a computer screen
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As a result of this, this is what the final data which had been utilised in analysis looked like. [image: A screen shot of a computer screen
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However, when analysing the data there may be times when the numeric data is shifted to nominal data. For example, the credit risk attribute which has been changed to 0,1 for some portions of analysis.
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As a result of processing the data, opening the file into Weka presents the ability to visualise all the different numeric classes against the nominal credit risk class and displays how many of the data entries have good credit risk and how many have a bad credit risk. This data is valuable as it presents data which can be interpreted to make more informed decisions when deciding how to analyse the data by using the blue bad credit risk and the good red credit risk to spot any immediate problems within the data that can be analysed. 
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In this instance, there are no immediate problems present within the data, so the data has all been imported correctly and is ready for analysis. 
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[bookmark: _Toc157457860]Method 1- Clustering

The first method which has been chosen is clustering, which can be utilised to determine what the average result of a small part of the data. This method had been applied in two ways, the first where the credit risk was numerical and had split the data into 10 different clusters, and one where the data had been changed to nominal and the data is clustered around whether the credit risk is good or bad. 
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The first result of conducting an exclusively numerical cluster had been very messy, as each of these 10 clusters had taken a sample of the data set, were 660 of the 1000 instances of data had been pulled and split into clusters. 
The main conclusion that can be drawn from the result is that in each of the cases where credit risk was exclusively good within clusters 1, 4, 5 and 6, there had not been a single data point where a conclusion of what factors would make it clear as to what factors would suggest a customer will fully pay back their loan or will fail to do so. 
As a result of this unexpectedly poor result from generating 10 clusters, the next point of clustering analysis partaken was to transform credit risk to nominal and cluster based off whether the credit risk is good or bad. 
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Unlike the other clustered data, there had been some major points which can be drawn from this cluster, as there are two segments of the data, the telephone attribute and the amount attribute which are very different from one another. As a result of this, it can be reasonably determined that the credit amount is a factor in whether the credit risk is good or bad, as the average for the full data of 3271.247 is drastically exceeded by cluster 1 at 4220.4703, which is just under 1000 over the average, while cluster 0 sat at much less, sitting at 2627 which is around 650 under the average. This shows that by having a higher credit amount that it is likely for the credit risk to be higher as a result.  In addition to this, the clustering had provided a very clear difference in the telephone data, where the instances of bad credit risk had no telephone, while the instances of good credit risk had a telephone number attached, which shows a direct correlation between the credit risk and having/providing a telephone number. 

[bookmark: _Toc157457861]Method 2- Decision trees 

As a result of there being too many different attributes, the data had been cut down significantly to make sure the decision tree is readable, unlike below where all the attributes which were analysed in the cluster are available. 
As a result of its very small size, the tree has been split into two halves below, in addition to the full tree being on display to demonstrate why the tree has been split. 
This decision tree has been created with a 90% percentage split as this utilises 90% of the data for training data to generate the model, and the other 10% of the data to evaluate and finalise the creation of the tree.  
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This decision tree ends on either a 1 (good) or a 0 (bad) as these are the only points of data set to nominal, which leads to a very large tree being generated. 
One of the important parts that this decision tree has done is it has set a range of parameters that it has used to split each of the sets of data within the tree to continue down the branches. For example, by immediately splitting the status of 1 or 2, and the status of 3 and 4, the data can be split into two different pathways where the left contains those who have no checking account or under 0, as well as those with nothing in their account, while the other branch is those with over 0 in their checking account.  By splitting up the data into segments this way, the data can be analysed to determine which of these pathways contains the greatest number of either good checking accounts to see what common links exist to suggest a customer will fully pay back their loan, or to identify which pathway leads to the most customers who will fail to pay back the loan. 
One of the main points that is present within the decision tree is that in every instance that the tree had split duration into higher or lower than states, e.g. <=47 or >47, the higher number always tends to have a very large amount of results where all the different results on that path had bad credit risk. This even applied as low as <=16 and >16 duration where 5 people had been determined to have a bad credit risk at that stage. Therefore, it can be determined that one of the major factors that suggests whether a customer will fully pay back their loan is the duration that they have had the loan for. 



[bookmark: _Toc157457862]Business recommendation based upon findings

A first business recommendation which has been concluded from the finding is regarding the raw data, where there are a lot of flaws which make it very difficult to prepare and utilise the data, with the main one being a lack of unique identification for each of the different instances of data, as without it there is no way of easily knowing whether there is duplication within the data. As a result, the findings can’t be completely relied upon as there are too many records to ensure that there is no duplication without the presence of a primary key. In addition to this, the business should be careful with the way they store their nominal data, as there are cases where the data is very inconsistent regarding what each number represents. For example, having non-single female and single male categorised under the same number in the “personal_status_sex” field.  

Despite this, one of the main recommendations for the business based upon what had been found would be to ensure that everyone who is applying for a loan provides a telephone number. This is due to the clustering determining that those who lack a telephone in the system are much more likely to be a credit risk than those who do have a telephone number within the system. Additionally, the business should set time limit on the duration for those who have taken out a loan before the amount hey owe increases. This can help to stop such many people from having such a large duration and as a result lead to much less people being labelled a bad credit risk. 
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[bookmark: _Toc157457864]How well does the process work?

While the tools in place are not perfect and there tend to be some minor errors within the results of the Weka analysis. For example, there had been cases where almost a quarter of the information had been incorrectly classified when attempting to conduct a NaiveBayes classification, likely due to the data not meeting the criteria for this form of classification perfectly. 
[image: ]
Outside of this fact, the different methods of analysis applied had been very effective at helping to gain some insightful knowledge surrounding the factors stating whether a customer would be likely to pay back their loan or not and overall, it works very well to help inform the business to help them make better decisions to have more people paying their loans back in full. The only part which can make this difficult is that a lot of time can be spent trying to analyse data to find anything meaningful from the data provided which in this case also requires reformatting all of the data provided to be applicable to Weka, which takes up resources that the business could be applied elsewhere such as upgrading a data warehousing system. 

[bookmark: _Toc157457865]Advantages/Disadvantages 
[bookmark: _Toc157457866]Advantages
· Data obtained from the data mining process can be very easy to interpret once identified, and as a result it can be a simple process to utilise the information gained.
· Data mining can provide insight into the business that may not have been considered previously, which can significantly benefit a business. 

· There are a wide range of different methods for analysing data, including decision trees which present data in a hierarchical form which can place all the data into different categories to determine which ones are directly linked together, clustering which is utilised to separate data into small groups to identify common patterns between each of the clusters, nearest neighbour which is utilised to identify trends between two neighbouring sets of data to predict what nominal data should be present in either missing data or to predict future data.(5) Finally, Linear regression can be utilised to achieve this with numeric data.   By combining all these methods, a very in-depth analysis of raw data is able to be conducted to ensure that the business will end up with at least some valuable information. 

[bookmark: _Toc157457867]Disadvantages

· The time to conduct and analyse the data from the different methods can be extensive if starting the process at raw data can be extensive if the person conducting the analysis lacks experience. 
· There is a chance that the process fails, and no valuable information is found in the data. 
· If the person conducting the data mining is inexperienced in the field of study, then they may conduct an analysis on data which the business does not require, which will waste money, time and resources. 




[bookmark: _Toc157457868]If I were to do it again, what would I do differently. 

One of the changes that would be made if this task experience were to be done again is that for the generation of the ARFF file, there should have been much more utilisation of the nominal data type, as while the data itself was presented in a numeric format, almost all the data itself was nominal which may have led for much better analysis overall. Additionally, two of the methods for analysis which have not been utilised are nearest neighbour and linear regression.
Nearest neighbour would have been useful to help with comparing each of the different attributes against the credit risk to identify the links between each attribute and if they are at risk of not paying back their loan. 
Linear regression would have been applicable to conduct a more in-depth analysis surrounding whether the customer would be able to pay back the loan through comparing the instalment rate, the total savings that each customer has to determine if it would be possible to pay back the loan. 
 The reason for this is that both tools would provide a much more refined analysis of the data, which would have led to being able to draw out more results from the data. If done again, the use of binning would have been applied to the strictly numeric data to cut down the amount of noisy data available as this would drastically improve the quality of the analysis. 

A final point of analysis noticed after all the analysis was completed is that the client had aimed to investigate the factors that suggest a customer will fully pay back their loan or will fail to do so. However, all the analysis conducted had been in relation to exclusively the credit risk, where bad had been assumed to mean they could not and good to assume they could pay back their loans in full. If this analysis were to be conducted again, a much larger focus on the comparison of numerical data to determine how much money each customer earns against how much they need to pay back would be conducted utilising linear regression to predict the future trend (7) of how much they are earning against how much they are paying per instalment. 
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@relation SouthGermanCredit
%1- status { 1 : no checking account 2 : .
%2- duration

%3- credit_history- { 0 : delay in paying off in the past 1 : critical account/other credits elsewhere 2 : no credits taken/all
credits paid back fully- 3 : existing credits paid back duly till now 4 : all credits at this bank paid back duly }

%4- purpose { @ : others 1 : car (new) 2 : car (used) 3 : furniture/equipment 4 : radio/television 5 : domestic appliances 6 :
repairs 7 : education 3 : vacation 9 : retraining 10 : business }

%5~ amount.

%6- savings { 1 : unknown/no savings account 2 :
on

<@DM 3:@cs...<200DM 4: ... > 200 DM / salary for at least 1 year }

. < 100DH 3 : 100 < 500 DM 4 : 500 <= ... < 1000 DM 5 >= 1008

%7-employment_duration { 1 : unemployed 2 :<1yr 3 : 1
%8~ { installment_rate 1 : >= 35 2 : 25 <= ... < 35 3 : 20 <=
%9- other_debtors { 1 : none 2 : co-applicant 3 : guarantor }
%10- present_residence { 1: < 1yr 2 : 1< <ayrs3:ad
%11- property { 1 : unknown / no property 2 : car or other 3
%12-
%13 ~_istallment_options { 1 : bank 2 : stores3 : none }
%13- housing { 1 : bank 2 : stores 3 : none }
%15- number_credits {1:1 2:233:454: 56}
% 16- people_liable { 1: 3ormore 2 : 0 to2 }
% 17- telephone- { 1 : no 2 : yes (under customer name)}

1

s <7yrs 5:>=7yrs )

>= 7 yrs }
building soc. savings agr./life insurance 4 : real estate }

% 18- foreign worker {1 :yes 2 :no}
% 19 credit_risk {@ : bad 1 : good}|
@attribute status numeric

@attribute duration numeric
@attribute credit_history numeric
@attribute purpose numeric

@attribute amount numeric

@attribute savings numeric

@attribute employnent_duration numeric
@attribute installment_rate numeric
@attribute other_debtors numeric
@attribute present_residence numeric
@attribute property numeric
@attribute age numeric

@attribute other_installnent plans numeric
@attribute housing numeric

@attribute number_credits numeric
@attribute people lisble numeric
@attribute telephone numeric
@attribute foreign worker numeric
@attribute credit_risk numeric
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@attribute credit_risk {8,1}
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Final cluster centroids

Clusters
Breribute Full Data o 1
(1000.0)  (596.0)  (404.0)

status 2517 2.soes z.emEz
auracion 20,503 1s.2635  23.3144
credic_history 2.585  2.4983  2.6139
purpose 2.828  2.651  3.0891
anount 3271.248 2627.8154 4220.4703
savings 2.105  lsele  2.2723
employment_duration 3.388 33238 s.am2e
installment_rate 2,973 2.3597  2.3%2¢
other_debtors 185 11785 L1015
present_residence 2.545 2,758 2.9728
propercy 2.358  2.1879  2.6089
age 35.542  34.2013  37.5198
other_installnent_plans 2.5 2.emse 2.6535
housing 1.928  1.8842  1.9926
number_credits 1.407 L3752 L.ass
people_lizble 1.845  1.8406  1.8515
telephone 1.404 1 2
foreign_worker 1.963  1.9513  1.s802

Time taken to build model (full training data) : 0.02 seconds

=== Model and evaluation on training set ===
Clustered Instances
o 556 ( 60%)
1 40 (408
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Classes to Clusters:
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408 201 | 1

Cluster 0 <—- 1
Cluster 1 <—- 0
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