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[bookmark: _Toc157444570]Data Mining for Business Endeavours

Data Mining (DM) is an organisational process that transforms unstructured data into relevant insights.  For instance, banks can utilise DM to retrieve intel about their customers and internal operations.  Important datasets can be collected to empower comparisons between historical data, quantifying enhanced decision-making and strategy (1).  A variety of techniques are included in DM, like feature selection, regression, classification, and clustering.  Regression and classification techniques are implemented using both supervised and unsupervised learning approaches.  With classification predicting the class labels, it can be used to categorise various datasets (2 p.18).  To find groups of objects (clusters), that are similar to one another than to other objects, clustering techniques are applied (3).  This method can be viewed as a preprocessing phase or as an exploration task.  Information retrieval, pattern recognition, and pattern classification are examples of DM activities where clustering becomes beneficial (4 p.3).  By eliminating unnecessary and duplicated data, feature selection offers a practical solution.  This can accelerate computation, increase learning accuracy, and enable the learning model or data to be comprehended effectively (5).  
Bank executives are better at predicting the reactions of their consumers to changes in interest rates.  For example, DM can help banks determine whether clients are more likely to accept offers for new products and to miss loan payments.  Subsequently, banks can forecast if it is worth increasing the profitability of customer connections by using DM to analyse patterns and trends (6 p.740).  Lending money to customers is one of the main functions of banks.  However, banks provide these loans to borrowers who can afford to repay them to remain in business, reducing the chance of loan default.  Determining which clients are dependable in repaying these loans is a developing problem.  Before extending credit to a consumer, banks must be able to predict the credit risk of that customer based on a variety of factors, including employment, age, marital status, equity amount, and credit history (7 p.967, 8).
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Description automatically generated]The original data was retrieved from the UCI Machine Learning Repository which consists of numerical data and corresponding attributes that may be utilised to determine the credit risk of each customer.  Initially, the column headings were written in German language which needed to be translated into English language.  


A text file containing metadata was also generated that provides further information about the data such as identifying the possible attributes with their datatypes.  For instance, the datatypes for ‘Status’ will be 1 of 4 results: “no checking account”, “< 0”, “< 200”, “>= 200” and for ‘Credit Risk’, 1 of 2 results: “Bad”, “Good”.
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There are a total of 21 attributes of numerical and nominal datatypes which matched the context to each of the 1000 instances.  The data needed to be converted into an ARFF file readable to WEKA (Waikato Environment for Knowledge Analysis).  Each attribute was declared as numeric to match the given data.
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Description automatically generated]WEKA was able to interpret the file which allowed for visualisations to be produced for a comparison analysis.  Patterns, anomalies, and trends may be established from this by utilising the jitter filter.  For example, ‘Crisk’ at the X-axis (horizontal) conveys the same pattern from ‘Occupation’ to ‘Status’ at the Y-axis (vertical).  However, it is challenging to comprehend the meaning of this analysis without providing the attributes (headings) with context to the results.





A deeper analysis was applied by selecting attributes of ‘Age’ and ‘Credit’ to compare influences on credit risk.  To determine the credit risk, blue instances are represented as 0 and orange instances as 1, respectively, for "Bad" and "Good."
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We determine that instance 679 is a good credit risk while instance 815 is bad.  Instance 679 is requesting a lower credit amount with a history of 4, indicating that all prior credits have been correctly repaid. In contrast, instance 815 is requesting a higher credit amount, and their paying-off history of 1 indicates that they have additional credits from other banks.  Instance 679 has savings of more than 1000 Deutsche Marks, while instance 815 has a higher age and lacks a savings account.
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One of the most important steps in DM is data pre-processing, which includes several processes to get data ready and transformed for effective mining techniques.  This entails managing operations like data reduction, which comprises choosing and extracting features and examples from a database, integrating multiple data sources, transforming data into formats appropriate for data mining tasks or aggregation operations, and eradicating noise and inconsistent data.  Reducing the quantity of the data, discovering relationships within it, removing outliers, and extracting features from the dataset are the primary goals.  Data pre-processing involves several approaches, such as data reduction, integration, transformation, and cleansing (9 p. 2, 10 p.4102).

[bookmark: _Toc157444573]ARFF File
An ARFF (Attribute-Relation File Format) file was constructed to meet WEKA’s compatibility to interpret the provided dataset.  The first section of the ARFF is the header information which contains lines of ‘%’ for comments to add context that WEKA ignores, relation declarations that are identified as ‘@relation’ to specify the name or identifier of the dataset, and attribute declarations as @attribute which define the name and data type to each unique attribute.  These attributes are declared in vertical formation to indicate the column position of each set of data.
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Description automatically generated]Here is an example of comments being applied consisting of metadata to explain the context of each attribute.  The original attributes and their context were retrieved from the South German Credit’s banking repository.  However, the context needed to be altered for the analyst to simplistically comprehend its meaning by adding these comments.  
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The attributes in this ARFF file were declared as numeric to match the data.  Each attribute was declared by the additional information from the repository.  The data consisted of 21 columns that matched the total number of attributes.
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Although it was stated that the data did not contain any missing values, this was corroborated by importing the data into a spreadsheet formation using Microsoft Excel.  However, the initial data was numeric, so it was challenging to identify any missing or incorrect values.  This was resolved by transforming the numerical data into nominal data by applying VLOOKUP functions that search for specific values in each row.
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The highlighted cells were used in the VLOOKUP function to attach each nominal result that corresponds to each numeric datatype.
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Having each row in nominal data assisted with the cleaning process which enabled all rows to obtain correct and efficient data for analysis.  This nominal data was later inputted into an ARFF file where each attribute had to change from numeric to nominal except for ‘Duration’, ‘Credit’ and ‘Age’ which were solely numeric.
Example of the VLOOKUP function for ‘History’: =VLOOKUP(Original_Data!$C2,'Credit_Bank_Data - with vlookup'!$E$26:$F$30,2,TRUE)
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Post-processing techniques are applied in DM for the analyst to attain knowledge from the noisy data and make comprehensions, in this case, determining if an instance is a credit risk to receive a loan or is likely to repay the loan correctly.  For this stage, the data will be explored through statistics and visualisations produced by WEKA to gain insights and identify patterns and anomalies.  This entails taking descriptive statistics, such as central tendency, dispersion, and feature correlation, and utilising them to summarise the data.  It also comprises visualising data point distributions and applying clustering or classification algorithms to put comparable data points in one group (11).  For erroneous, inaccurate, or unintuitive knowledge obtained using an inductive method, each of these post-processing techniques offers a type of symbolic filter (12).
A series of classification techniques have been utilised.

[bookmark: _Toc157444576]Linear Regression 
The data mining industry frequently uses linear regression to ascertain the quantitative relationship between two or more variables.  One independent variable and one dependent variable make up linear regression, and the relationship between the two can be roughly represented by a straight line (13 p.66).
Two sets of analysis were carried out for linear regression on the target variable ‘Crisk’, including an analysis using a 66% split and another using a training set.  The correlation coefficient, which measures the two variables’ relationship strength, for the test split evaluation is 0.4546 and the training set evaluation is 0.4854 which indicates similarities and identifies the relationship between the predicted and actual values.  The Mean Absolute Error represents the average differences between predicted and actual values.  These results provided inaccuracies of 0.3505 for the test split and 0.3339 for the training set which signifies the latter as slightly better prediction performance.  To analyse the error relative to the mean of the target variable (Crisk), the Relative Absolute Error can be evaluated.  The test split has 81.40% while the training set has 79.48%, resulting in the latter being more accurate.  However, these differences are very minimal and with the Crisk variable being binary (Good or Bad), it shows that linear regression may not be an accurate technique for this dataset.
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66% Test Spilt						    Training Set
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Random Trees operate as supervised classifiers in an algorithmic process to produce unique learners.  This method generates a random collection of data for building a decision tree by using the bagging approach.  The technique can handle issues involving both regression and classification.  A random tree is one of the tree predictors that make up a forest.  After classifying the input feature vector with each tree in the forest, the random trees classifier returns the class label that gained the majority of scores (14 p.441).
For this analysis, the same sets were utilised of the 66% split set and the training set.  The tree on both consisted of 563 nodes which indicates the complexity of the model.  The Correlation Coefficient was 0.158 for the split set which resembled a weak positive correlation between the direction and strength of the linear relationship.  The training set resulted in 1, meaning a perfect relationship.  Other split test results included MAE = 0.3618, RMSE = 0.6015, RAE = 84.02% and RRSE = 125.36% which can be translated to a weak result, compared to the training set which had zero errors for all predictions.
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Description automatically generated]66% Test Spilt						    Training Set


Here is the tree visual on the training set data.  It would be practical to alter and remove any parameters that have no relation to the model.  This will significantly lower the number of nodes and help to eradicate any complexities as this representation is challenging to comprehend.
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To minimise the number of nodes, pruning can be applied that removes unnecessary attributes which is represented below by using an M5P (M5 Pruned model tree).  The tree structure is defined by conditions on each feature, which involve calculated formulas called Linear Models (LM) to predict ‘Crisk’ as the target variable for the disparate subsets of instances.  The tree has only 2 branches where LMs are applied through rules: if ‘Status’ is <= 2.5, it predicts using LM1, if ‘Status’ is > 2.5 and ‘EmpDur’ is <= 3.5, it uses LM2, and if ‘Status’ is > 2.5 and ‘EmpDur’ is > 3.5, use LM3.
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Clustering can be utilised in DM to represent similarities of relations throughout the dataset.  In WEKA, K-means clustering was selected as an effective partitional clustering approach.  First, K representative points are selected to serve as the initial centres.  The nearest centre for each point is then determined by selecting a certain distance metric.  The centroids of each cluster are updated when they have formed.  Until the centroids remain unchanged or until another alternative condition is satisfied, the algorithm iteratively repeats these two phases (15 p.89).
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The results present the analysis of the Full Data (1000.0 instances), Cluster 0 (596 instances of 60%) and Cluster 1 (404 instances of 40%).  This model shows similarities within ‘Crisk’ of 0.7, 0.6862 and 0.7203 respectively and also similarities with ‘Age’.  However, with the data being numeric without any labels, it is challenging to interpret whether K-means clustering is accurate.







Similarities can be identified when visualising the data that represent ‘Crisk’ with other attributes such as ‘Credit’, ‘Duration’ and ‘Age’.
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[bookmark: _Toc157444580]Nearest Neighbour (KNN)
A practical and well-known technique for supervised learning is KNN.  This model is based on predicting a target output (Crisk) that a sample or object being queried ought to have based on the similarity principle by computing its k nearest neighbours.  The k-NN technique uses the outcome of multiple nearby objects in the feature space of a training set, or the result of the nearest samples, to derive the target output of new items.  One of the most straightforward machine learning algorithms is the k-NN algorithm, a technique that can handle both regression and classification issues (16 p.5).

In WEKA, the lazy IBK was executed which is a lazy learner that does not build a model during the training phase, unlike eager learners such as decision trees or linear classifiers.  The IBK produces a comparison of the instances to the stored instances by formalising predictions during runtime from the stored training dataset.  

The first analysis was run with the value of K set to 1 and a cross-validation test option of 10 folds with an example showing the first 20 results and the overall summary of the 1000 instances.  The correlation coefficient is low which resembles weak predictions to the actual values, a high error rate of predictions is identified with the MAE and RMSE, and the relative errors are also high.  This establishes that the lazy IBK 10 folds provide a mixed performance of accurate and inaccurate predictions.
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To further analyse, modifications were applied by altering the K value to 3 and using the training set test.  The results were improved from the previous prediction model.  The correlation coefficient is higher which establishes a stronger relationship between actual and predicted values, both MAE and RMSE were improved by decreasing in value, and the errors are reduced within the relative errors result.  Overall, applying these modifications proved to be beneficial for predictions to some extent.
[image: A screenshot of a computer

Description automatically generated]



[bookmark: _Toc157444581]Business Recommendations

Businesses, such as South German Credit can utilise data mining techniques to harness predictions in obtaining accurate insights regarding their customers.  In the banking sector, it is essential not only to improve customer retention but also to ensure that each customer is an asset to the organisation, for example, determining if they are a credit risk or if they are susceptible to repaying loans correctly.
On the sample runs executed, it was indicated that the classification models M5P and K-Nearest Neighbor (lazy IBK) showed relatively better performance for determining credit risk.  M5P showed a moderate to good performance with a correlation coefficient of 0.5157 and provided lower errors compared to linear regression and random trees.  However, M5P may be difficult to interpret predictions due to its decision tree structure, whereas KNN provides a straightforward understanding of how predictions are made.  Changing the K value to 3, KNN increased its performance and accuracy with a good correlation coefficient of 0.7083 and empowered efficiencies for predicting the credit risk of each instance.  
In summary, since identifying a loan default is not a straightforward linear trend, M5P's decision tree structure may be more effective at capturing numerous segments for varying ranges of a customer's credit history.  The linear regression leaf formation allows M5P to perform precise approximation by comparing and evaluating multiple ranges of credit history with the target variable (credit risk).  However, lazy IBK proves to be more efficient for predicting when dealing with large datasets such as banking data.  The IBK model is robust to noisy data and obtains effectiveness through its regression techniques when using a set of independent variables (‘Status’, ‘History’, ‘Credit’) to predict the result of the dependent variable (‘Crisk’) (17 p.607).  From this, IBK’s Nearest Neighbor may be the most practical method due to its predictive accuracies and simple interpretation framework.
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[bookmark: _Toc157444583]Was it a success?

The majority of models applied to the South German Credit dataset were classification algorithms by predicted the target class through analysing the dataset.  These algorithms are regarded as the most commonly used DM techniques (18 p.150).

[bookmark: _Toc157444584]Linear Regression
The model predicted moderate accuracies and efficiencies and edged a slightly improved performance rate utilising the training set data.  There were minimal differences between the MAE and RAE results of the test split and training set.  Due to the target variable (Crisk) being binary (Bad or Good), linear regression resulted in an inaccurate approach.  


[bookmark: _Toc157444585]Random Trees
Adopting this technique obtained complexities with a total of 563 nodes in the tree structure, which could be minimised by eradicating irrelevant parameters.  A weak correlation resulted from the split set of 66% compared to a perfect correlation within the training set.  The Random Tree model can assist in decomposing complex relationships but only if strategic modifications are applied through performance evaluation. 
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Applying pruning, M5P was able to provide accurate predicting formulas on specified conditions concerning the target variable (Crisk).  The training set proved to be accurate and was easier to interpret its tree structure due to removing irrelevant nodes, compared to the Random Tree model.


[bookmark: _Toc157444587]K-Nearest Neighbor (lazy IBK)
Selected as the most appropriate model for the given dataset, lazy IBK resulted in the most accuracy out of each model.  Executing a 10-Fold Cross-Validation with a K value of 1 proved to be inefficient, indicating weak predictions with high error rates.  After making modifications to increase the K value to 3 and selecting the training set test, a correlation was strengthened in the relationship between predicted and actual values and errors were decreased – improving accuracy and efficiency.


[bookmark: _Toc157444588]K-Means Clustering
The clustering model proved to be ineffective for forecasting each instance as a credit risk or determining if loans will be paid correctly.  However, clustering can be utilised to form similarities in the data which resulted in patterns between the target variable (Crisk) and independent variables of ‘Age’, ‘Duration’ and ‘Credit’.  Interpretation challenges existed due to not declaring any nominal attributes, which would have provided explicit labels for analysis.
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	Classification Model 
	Advantages
	Disadvantages

	Linear Regression
	Easy to interpret and provides good performance when the connections between the target and predictors are linear.
	Fails to perform effectively with non-linear relationships.

	Random Tree
	Performs well with complex and non-linear interactions.
	May become very complex if pruning modifications are not applied for node reduction.

	M5P
	Handles both numeric and nominal attributes efficiently and captures relationships between the target variable and multiple features.
	Failure to modify pruning can result in interpretability issues.

	K-Means Clustering
	Great for identifying data patterns, clusters and hidden structures.
	Selecting incorrect cluster centroids may prove to be sensitive.

	Nearest Neighbour (KNN)
	Obtains good performance for predictability and is simplistic to comprehend its results.
	Performance may be affected by using the incorrect number of K values.




[bookmark: _Toc157444590]Future Improvements
To improve the data mining mechanisms, it would have been efficient to incorporate nominal attributes to harness a comprehensive predictive analysis.  Due to each attribute being numeric, it was challenging during the evaluation phase and caused WEKA to not provide accuracy percentages in the statistics.  The analyst declared nominal attributes and transformed the data into nominal results by using Microsoft Excel, but due to lack of technical skill was unable to make the ARFF file compatible with WEKA.  This resulted in the analyst relating to the context section of the ARFF to determine each result, which impeded time and formed complexities.
A classification model, J48 Decision Tree, may have provided a more accurate and efficient analysis for the South German Credit dataset but due to all attributes being numeric, it failed to be implemented in WEKA.  The J48 would improve performance by applying pruning techniques to summarise the relevant attributes and eradicate complexities in the decision tree, unlike the Random Tree model which consisted of interpretation discrepancies through excessive nodes.
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% # Attributes of customer information for nominal and numeric datatypes

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

% 2 Duration numeric

% 3 History (nominal: @ - previous paying off delay, 1 = critical account/other credits elsewhere,
2 - no credits taken/all credits paid back correctly, 3 = existing credits paid back correctly till
now, 4 = all credits at this bank paid back correctly”)

% 4 Purpose (nominal: @ = others, 1 = car(new), 2 = car(used), 3 - furniture/equipment, 4 =
radio/television, 5 = domestic appliances, 6 - repairs, 7 - education, 8 = vacation, 9 - retraining,
0 - business)

%5 Credit numeric

% 6 Savings (nominal: 1 = unknown/no savings account, 2 = "< 100 Deutsche Marks”, 3
< 560 Deutsche Marks™, 4 = ">= 560 and < 1000 Deutsche Marks™, 5 = ">= 1000")

% 7 EmpDur (nominal: 1 = unemployed, 2 = "< 1 year”, 3 = ">= 1 and < 4 years”, 4
years™, 5 = "> 7 years”)

% 8 InsRate (nominal: 1 = ">= 357, 2 = ">= 25 and < 357, 3 =
% 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 = "< 1 year”, 3 = ">= 1 and < 4 years”, 4
<7 years”, 5 = ">= 7 years”)

% 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

100 and

">=4 and < 7

- 20 and < 257, 4 = "< 207)

4 and

bank, 2 = stores, 3 = none)

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

% 16 Nredits (nominal: 1 = "17, 2 = "2 to 3", 3 = "4 to 57, 4 = ">= 67)

% 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 = "0 to 27)

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

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

% 21 Crisk (nominal: @ - bad, 1 = good)
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@relation Credit Bank Data

@attribute Status numeric
@attribute Duration numeric
@attribute History numeric
@attribute Purpose numeric
@attribute Credit numeric
@attribute Savings numeric
@attribute EmpDur numeric
@attribute InsRate numeric
@attribute Mstatus numeric
@attribute OtherDebt numeric
@attribute Residence numeric
@attribute Property numeric
@attribute Age numeric
@attribute OtherPlans numeric
@attribute Housing numeric
@attribute Ncredits numeric
@attribute Occupation numeric
@attribute Liable numeric
@attribute Telephone numeric
@attribute Foreign numeric
@attribute Crisk numeric

@data
1,18,4,2,1049,1,2,4,2,1,4,2,21,3,1,1,3,2,1,2,1
1,9,4,0,2799,1,3,2,3,1,2,1,36,3,1,2,3,1,1,2,1
2,12,2,9,841,2,4,2,2,1,4,1,23,3,1,1,2,2,1,2,1

1,12,4,0,2122,1,3,3,3,1,2,1,39,3,1,2,2,1,1,1,1
1,12,4,0,2171,1,3,4,3,1,4,2,38,1,2,2,2,2,1,1,1
1,10,4,0,2241,1,2,1,3,1,3,1,48,3,1,2,2,1,1,1,1
1,8,4,0,3398,1,4,1,3,1,4,1,39,3,2,2,2,2,1,1,1
1,6,4,0,1361,1,2,2,3,1,4,1,48,3,2,1,2,1,1,1,1
4,18,4,3,1098,1,1,4,2,1,4,3,65,3,2,2,1,2,1,2,1
2,24,2,3,3758,3,1,1,2,1,4,4,23,3,1,1,1,2,1,2,1
1,11,4,0,3905,1,3,2,3,1,2,1,36,3,1,2,3,1,1,2,1
1,30,4,1,6187,2,4,1,4,1,4,3,24,3,1,2,3,2,1,2,1
1,6,4,3,1957,1,4,1,2,1,4,3,31,3,2,1,3,2,1,2,1
2,48,3,10,7582,2,1,2,3,1,4,4,31,3,2,1,4,2,2,2,
1,18,2,3,1936,5,4,2,4,1,4,3,23,3,1,2,2,2,1,2,1
1,6,2,3,2647,3,3,2,3,1,3,1,44,3,1,1,3,1,1,2,1
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% 1 Status (nominal: 1= NoChecking, 2= less than 2ero, 3 = over 200, 4 = between zero and 200]
% 2 Duration numeric

%3 History (nominal: 1 = previous paying off delay, 2 = critical account/other credits elsewhere, 3
radioftelevision, 5 = domestic appliances, 6 = repairs, 7 = education, § = vacation, 9 = retraining, 10

% 4 Purpose (nominal
%5 Credit numeric

% 6 Savings (nominal: 1
% 7 EmpDur (nominal: 1
%8 InsRate (nominal: 1
%8 Mistatus (nominal
% 10 OtherDebt (nominal: 1 o-applicant, 3 = guarantor)

% 11 Residence (nominal: 1= unemployed”, 2= "< 1year’, 3= ">=1and <4 years", &
% 12 Property (nominal: 1 = unknown / o property, 2= car or other,
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eal estate)

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

% 18 Liable (nominal: 1= "3 or more”, 2="0t0 '
% 19 Telephone (nominal: 1= o, 2 = yes (under customer name))
% 20 Foreign (nominal: 1 = yes, 2= no)
% 21 Crisk (nominal: 0= bad, 1= good)

status History
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1 NoChecking 0 previous paying off delay
2<0 1 ritical account/other credits elsewhere
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2 >203nd <200 3 existing credits paid back comecty till now.

4 3l credits at this bank paid back correctly.

OtherDebt Residence
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2 co-applicant 2<1year
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Linear Regression Model
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OtherDebt +
Propercy +
OtherPlans +
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Telephone +
Foreign +

Tine ctaken to build model: 0.01 seconds

=== Evaluation on training set ==

Time taken to test model on training data: 0 seconds

Summary
Correlation coefficient 0.4858
Mean absolute error 0.3338
Root mean squared error 0.4007
Relative absolute error 75.4881 ¢
Root relative sguared error 74315 ¢

Total Number of Instances 1000




image15.png
Linear Regression Model
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Duration +
History +
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Enpbur +
InsRate +
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OtherDebt +
Propercy +
OtherPlans +
Housing +
Neredics +
Telephone +
Foreign +

Tine ctaken to build model: 0 seconds

Evaluation on test split

Time taken to test model on test split: 0 seconds

=== Summary =
Correlation coefficient 0.4586
Mean absolute error 0.3505
Root mean squared error 0.4282
Relative absolute error ©1.4066 ¢
Root relative sguared error 85.2634 ¢

Total Number of Instances 340
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Size of the tree : 563

Time taken to build model: 0.01 seconds

Evaluation on training set

Time taken to test model on training data: 0 seconds

Summary

Correlation coefficient
Mean absolute error

Root mean squared error

Relative absolute error

Root relative sguared error

Total Number of Instances 100
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Size of the tree : 5€3

Time taken to build model: 0.01 seconds

Evaluation on test split

Time taken to test model on test split: 0 seconds

Summary

Correlation coefficient 0.158
Mean absolute error 0.3618
Root mean squared error 0.6015
Relative absolute error 83.0216 ¢
Root relative sguared error 125.3689 ¢

Total Number of Instances 340
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Number of Rules : 3

Time taken to build model: 0.06 seconds

Evaluation on test split

Time taken to test model on test split: 0 seconds

Summary

Correlation coefficient 0.4551
Mean absolute error 0.3397
Root mean squared error 0.4106
Relative absolute error s0.266 ¢
Root relative sguared error se.2547 ¢

Total Number of Instances s00
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Number of Rules : 3

Time ctaken to build model: 0.21 seconds

Evaluation on training set

Time taken to test model on training data: 0 seconds

Summary

Correlation coefficient 0.5157
Mean absolute error 0.3126
Root mean squared error 0.3526
Relative absolute error 78.431 ¢
Root relative sguared error 56798 ¢

Total Number of Instances 1000
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Clusterer output
Number of iterations: 11
Within cluster sum of sguared errors: 1811.2128

Initiel sterting points (random):

Cluster 0: 4,12,2,2,7€3,1,3,4,2,1,1,1,26,3,2,1,
Cluster 1: 4,24,4,6,1921,5,3,3,2,1,2,3,33,3,2,2,

Missing values globally replaced with mean/mode

Final cluster centroids:
Clusters

Atcribute  Full Data o 1

(1000.0)  (596.0)  (404.0)

Status 2517 25084 2.6782
Duration 20,503 19.2685  23.3144
History 2.545  2.4983  2.6139
Purpose. 2.828  2.651  3.0891
Credic 3271.248 2627.8154 4220.4703
Savings 2.105  l.sele  2.2723
Expur 3.38¢  3.3238  3.4728
InsRate 2,973 2.9597  2.9%2¢
Mstatus 2.2 2.6661  2.7054
OtherDebt 1185 11785 11015
Residence 2805 2.7584  2.9728
Property 2.358  2.1879  2.6089
Age 35.542  34.2013  37.5198
OtherPlans 2.675  2.emee 2.6535
Housing 1.928  1.8842  1.9926
Neredics 1.407  1.3758  1.453
Occupation 2.904  2.698  3.2079
Lisble 1.885  1.2406  1.8515
Telephone 1.404 1 2
Foreign 1.963  1.9513  1.s802
crisk 0.7 o.6s62  0.7203

Time taken to build model (full training data)

Model and evaluation on training set

Clustered Instances

o 556 ( 60%)
1 404 ( 408)

748604196

3,2,2,2,1
13,2,2,2,1

: 0.04 seconds
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€ Weka Clusterer Visualize: 15:37:00 - SimpleKMeans (Credit_ Bank Data)

X:Age (Num)
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Predictions on test data

insté  actual predicted erzor

Classifier model for fold 1

181 instance-based classifier
using 1 nearest neighbour(s) for classification

1 1 3 =
2 2 2 o
3 2 2 o
1 1 2 =
s 1 s o
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7 3 2 =
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s 1 s o
10 1 s o
1 3 s 1
12 2 2 o
13 2 3 1
1 1 2 =
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12 2 2 o
15 2 2 o
20 1 s o
Cross-validation
Summary
Correlation coefficient 0.2816
Mean absolute error 0.83
Root mean squared error 1.28
Relative absolute error 89.9025 ¢
Root relative sguared error 115.0851 ¢

Total Number of Instances 1000
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File Edit  View

nam_evtree <- c("status", "duration", "credit_history", "purpose”, "amount",
"savings", "employment_duration", "installment_rate",
"personal_status_sex", "other_debtors",
"present_residence", "property",
"age", "other_installment_plans",
"housing", "number_credits",
"job", "people_liable", "telephone", "foreign_worker",
"credit_risk")

names(dat) <- nam_evtree
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