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APPENDIX GA36c 
 
LEVEL 6 ASSESSMENT SPECIFICATION  
 
	Student name: 
	      Sam Groves
	Student ID number: 
	 

	Programme: 
	 

	Module: 
	Data Warehousing and Data Mining 

	Module code: 
	ACCA6026 
	Contribution to Overall Module Assessment (%): 
	50% 

	Lecturer: 
	John Williams 
	Internal Verifier: 
	Bev Holland 

	Assignment Title: 
	Data Warehousing 
	Word 	count 	(or equivalent): 
	3000 

	Submission deadline: 
	28th January 2022 
	Return date of provisional marks & written feedback: 
	25th February 2022 

	Submission method: 
	All written assessments, where practical and possible, must be submitted via Turnitin unless otherwise instructed by the Lecturer. (Please DO NOT put this assessment specification into Turnitin or it will match many similarities with other students’ submissions.) 
Alternative submission method (if applicable):  
Late submission of the assessment will result in a late penalty mark.  Penalties for late submission: Up to one week late, maximum mark of 40%. Over one week late, 0%.  Only the Extenuating Circumstances Panel may approve a change to submission dates. 

	Academic honesty / referencing: 
	Academic honesty is required. In the main body of your submission you must give credit to authors on whose research and ideas your work is based. Append to your submission a reference list that indicates the books, articles, etc. that you have used, cited or quoted in order to complete this assessment.   

	Module Learning Outcomes  (from module syllabus) 

	Upon the successful completion of this module, the student should be able to: 
· Analyse critically the structure, capabilities and role of a data warehouse within a modern business environment. 
· Select and perform appropriate data analysis and reporting on data within a data warehouse environment and critically evaluate the results 
· Provide business intelligence through the creative application of appropriate data mining processes and the critical evaluation of their results. 





STUDENT FEEDBACK FORM 
 
This section details the extent to which the assessment criteria are demonstrated by you, which in turn determines your mark. The marks available for each category of skill are shown. Lecturers will use the space provided to comment on the achievement of the task(s), including those areas in which you have performed well and areas that would benefit from development/improvement. 
 
	Generic Assessment Criteria  
	Marks 
available
 

	Marks 
 
awarded
 


	1. Engagement with Literature Skills 
. 
	 
	 

	Sections 1, 4 
 Engagement with a wide range of research informed literature, including sources retrieved independently. Selection of relevant and credible sources.  Very good use of referencing.

	10
	6

	2. Knowledge and Understanding Skills 
 
	
	

	Sections 2, 3 
 Knowledge is reasonably extensive coherent and detailed.  Exhibits very good understanding of the breadth and depth of established views, and the work is, at least in part, well informed by current research.  

	15
	11

	3. Cognitive and Intellectual Skills 
 
	
	

	Sections 3.5 
 Sound critical thinking, analysis, synthesis and evaluation demonstrating critical thinking. Ability to devise and sustain persuasive arguments, and to review the reliability, validity of evidence to make valid judgements.  


	25
	17

	4. Practical Application Skills 
 
	
	

	Section 3, 4 
 A very good application of a range of methods, tools, and techniques. Good consideration of the context of the application, with perceptive insights. Can identify problems and propose appropriate solutions in complex and unpredictable contexts. 
	35
	24

	5. Transferable Skills for Life and Professional Practice 
 
	
	

	Sections 5, 6 
 Can communicate professionally confidently and consistently in a suitable format. Work is coherent, very fluent and is presented Professionally.  You must include a front sheet and marking grin with your assignment
 
	15
	10


 
	Assessment Mark (Assessment marks are subject to ratification at the Exam Board.  These comments and marks are to give feedback on module work and are for guidance only until they are confirmed. ) 
	Late Submission Penalties (tick if appropriate) 
	
	68% 




Data Mining Assignment 1
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Data mining is the process of extracting and analysing large data sets to discover relationships, find anomalies, patterns, and correlations between data points/sets. These data sets may be raw or insignificant in their current form but as a collection with other pieces of data, may produce important and valuable information to a business [3].
Data mining can be used to make predictions about future trends and may also be used to support business decisions. A study conducted in 2015 by Walmart [1] found that correlating weather data with store sales found that Pop tart sales would increase in relation to a pending storm. Due to this, Walmart would rearrange the location of Pop tarts when a storm was imminent (or likely to occur) to prominent locations throughout the store (such as the entrance).
This discovery was found using data mining techniques. Due to this discovery Pop tart sales increased significantly. This is an example of how data mining can be used to find patterns or correlations sometimes impossible to the naked eye (or may take an extremely long time to calculate), to provide useful business-related results.
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The raw data file presented by the blood transfusion service contains a number of unidentified attributes. Using the NAMES file also supplied, the data within each record can be allocated an attribute. A sample record can be shown below with the appropriate attribute name and data type applied.
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	Attribute Number
	Attribute Name
	Data Type

	1
	Recency (Months)
	Numeric

	2
	Frequency (Times)
	Numeric

	3
	Monetary (c.c. blood)
	Numeric

	4
	Time (Months)
	Numeric

	5
	Donated blood in March 2007 (0,1)
	Nominal


… (DISCUSS WHY DATA TYPE IS THIS)
In order to calculate the number of instances, missing values and other relevant characteristics, the data file was imported into Microsoft Excel to allow calculations to be performed on the data.
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During this process, the number of instances (or records) was calculated. To ensure this data was correct, a COUNT query calculation was used.
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The COUNT query and the built in Microsoft Excel importer results matched. This means that the number of records analysed, calculated from, and assessed was 748 records. With the importing of the data complete, the mean, mode, median, and range can be calculated using built-in calculations within the software.
	Attribute Number
	Attribute Name
	Mean
	Mode
	Median
	Range

	1
	Recency (Months)
	9.5
	2
	7
	0 - 74

	2
	Frequency (Times)
	5.5
	1
	4
	1 - 50

	3
	Monetary (c.c. blood)
	1378.7
	250
	1000
	250 - 12500

	4
	Time (Months)
	34.3
	4
	28
	2 - 98

	5
	Donated blood in March 2007 (0,1)
	0.24
	0
	0
	0 - 1



Using other built-in features within Microsoft Excel, we can smooth noisy data so that data can be explored and visualised easier. This is through data analysis.
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The scatter graph above allows a readable visual format of the total records (748). An analysis of this scatter graph suggests a high correlation between the frequency of donations and the amount of blood donated.
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This chart suggests that people who have donated on average over 4.8 times (5 times) are likely to have donated in March 2007. People who have donated under 5 times were on average, unlikely to have donated within this time frame. The data analysed will allow business recommendations to be made.
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Data must be assessed and analysed before performing data mining techniques. There are a range of primary and secondary data pre-processing methods which will be discussed. This will relate specifically to the blood service’s data. Post processing may be required to prepare the data, this will also be discussed where appropriate.
Pre-processing is the manipulation and potential dropping of data in order to ensure the data is ready for analysis. Data pre-processing is used to ensure inconsistent, incomplete and/or noisy data is removed or refined so that the data is trusted, and informed business decisions can be made (based on the data after this process is complete) [4].
Analysis was conducted on the different methods of pre-processing data to ensure that data was completed, relevant and in the correct format. A number of techniques were analysed.
As previously discussed, the original data file was imported to Microsoft excel to clean the data. Microsoft Excel provided multiple different techniques that could be used to clean the data sufficiently.
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One method of pre-processing is removing duplicated data. This was deemed ineffective as each record within the data was required in order to produce an effective outcome. One such outcome may be the likelihood of an individual donating blood again. Duplicated records may in fact belong to multiple different individuals as they may have:
· Donated within the same month.
· Have the same number of total donations.
· Have donated the same amount of blood during a donation.
· Have the same amount of time since their first donation.
· Have/Have not donated in March 2007.
There is no unique identifier for each individual. The removal of duplicated records may result in untrue or bias to occur as the results could skew (due to legitimate records being removed from the overall data).
Another potential method is managing missing data or data that is in the incorrect format. Missing values may be present within data records. This may be caused by a number of issues such as the incorrect use of data submission (human error). These values must be filled in to perform analysis, therefore a global constant will need to be used to fill in these values.
The raw data file provided had no missing values, therefore this process did not have to be completed. Incorrect data formats may cause issues within the data. This can be prevalent when analysing large data sets if the correct data validation and verification is not provided to the user inputting the data. An example of an incorrect data format could be the implementation of specific dates within a database. Some may input data as ‘01/01/2022’, ‘01/01/22’ or potentially other formats.
Data must have the same structure (format). To solve this issue, if it occurs, data must be converted to the desired format, ideally one that suits the needs of other data analysed. The raw data file again did not have this issue therefore the conversion of formats was not required.
The goal of post-processing is to extract pieces of information from the data to provide knowledge [2]. This is a sequence of procedures that must be conducted to further allow the data to be accurate, understandable, and readable.
The original data file was in the incorrect format and had to be changed in order to work with the data mining software (Weka). To do this, the file had to be manipulated from a ‘.DATA’ file to a ‘.arff’. Based on other resources provided by the organisation, attributes were allocated to the provided data file and each individual column within a record.
[image: Graphical user interface, text, application, chat or text message

Description automatically generated]
(The ‘@attribute’ provides a readable format for Weka when understanding how data, and what data, is assigned these attributes or values).
Furthermore, in order to allow Weka to read the data and allow calculations to be performed. Each attribute had to have a ‘data type’. This is known as discretization.
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The type of attribute was obtained through the attribute information provided by the organisation. To allow Weka to fully understand the data, other key features of a standard ‘.arff’ file were implemented.
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Once the original data file had been converted to an .arff file, it was then imported to Weka. A method of post-processing was then used against the newly converted data file. This method required the use of the J48 tree visualisation classification within Weka.
This classification is used to create a decision tree that can be used to assess the decision process taken by individuals based on a range of data supplied. Each decision is based on a large range of attributes per individual and contains the entire data set.
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Shown above is the pruned J48 tree visualisation (classification) of blood donations based on attributes (blood.arrf).
The J48 tree has pruning on by default. Pruning is the process of removing sub-optimal branches within a data set. This may affect the overall accuracy of the classification or algorithm run to design the decision tree, but sometimes this is required when managing large data sets [5]. Pruning was turned off and the J48 query was again used.
The pruned J48 decision tree (shown in the image) held an accuracy rating of 77.8%. The total size of the tree is 17 (this includes decisions and attributes) with 9 leaves (decisions). The unpruned J48 decision tree however, held an accuracy rating of 77.9% whilst containing the exact number of leaves (9) and total size of the tree (17). This suggests that for this particular data set (blood data), an unpruned decision tree is most suitable as it is the most accurate without the compromise of removed (pruned) decisions.
This visualisation was created to show a simple, yet meaningful diagram that provides important information from the data. For example, people who have not donated blood in over 6 months are unlikely (based on the data set) to donate again. People who have donated in under 6 months and have donated less than 4 times are also unlikely to donate.

[image: ]
One form of data analysis used to find important information was ‘clustering’. This method of analysis requires the collection of similar data objects to form a cluster. These clusters may allow the discovery of hidden patterns to be found. Using Weka, a ‘SimpleKMeans’ clustering filter was used against the blood transfusion data.
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(Results of default clustering using the ‘SimpleKMeans’ filter)
The data provided shows evidence of bad clustering. No patterns can be discovered as there are not enough suitable clusters to analyse. This required a change in the filtering technique settings.
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The default number of clusters based on the original run of the ‘SimpleKMeans’ algorithm is two clusters. As shown, this provides no valuable information or hidden patterns that may be discovered. Within the customisation settings for the algorithm, the number of clusters was changed from two to four and the algorithm was run again.
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The data has now been further ‘expanded’. Each cluster will represent a group of people who have donated blood previously. The final attribute ‘Donated’ relates to if they donated in March 2007. We can see that each cluster holds important information.
· Cluster ‘0’ are the ‘once in a while’ donators. We can see that they have not donated blood in over 11 months on average. Within 65 months (time since first donation) they have donated nearly 9 times on average whilst also donating the second highest amount of blood out of other clusters. 
· Cluster ‘1’ are the consistent newbies. They are the second most recent cluster. Since their first donation (23 months ago on average), they have donated nearly 5 times and are on track to become the most frequent donators.
· Cluster ‘2’ are the regular donators. We can see that they have the lowest recency value out of any other cluster at 5 months on average since their last donation. Furthermore, these individuals have a much higher frequency value (also known as total number of donations). They also donate the most amount of blood (4414 c.c), over two times more than the second highest cluster (cluster ‘0’). It is worth noting that they have the longest amount of time since their first donation also (at 66 months).
· Cluster ‘3’ hosts the majority of records (383). This might suggest that another cluster could be made to further split these records. Although this suggestion has been made, 4 clusters seemed most appropriate as further increasing the number of clusters may make analysis complicated/difficult. Cluster 3 contains the newest donators (shortest time since first donation). This might suggest a correlation between the frequency of these donators and also the total amount of blood donated as these results are the lowest out of any cluster.
Linear regression was also used as a method of data analysis. Linear regression is a prediction technique. It is used to predict specific attributes alongside a formula, based on the large data set provided. In order to successfully run the linear regression classifier, the newly formatted data file had to be manipulated. The attribute ‘Donated’ was changed from {0,1} which is a nominal data type to numeric (as each attribute data type must be numeric to successfully run linear regression in Weka).
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The linear regression calculation performed obtained a correlation coefficient of 0.3478. The best predictive result would be ‘1’ (meaning the prediction made is 100% accurate). The lower the value, the less accurate the prediction technique is. Therefore, linear regression was deemed unsuitable within this data set due to the low quality of results.
Nearest neighbour is another predictive technique used to perform data analysis. This predictive technique uses past data instances, with known output values, to predict an unknown output value of a newly created data instance.
The data type for the attribute ‘Donated’ was reverted from numeric back to nominal. The data set was opened in Weka and the classifier for nearest neighbour was run (IBk). This prediction is an example of how the data set can be used to predict future records or future questions based on other neighbours such as likelihood of an individual donating blood within a specific time frame.
The default nearest neighbour(s) classifier uses only one neighbour. Running this classifier with only one neighbour provided a correctly classified prediction of 70.45%.
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(1 nearest neighbour user)
Multiple tests were performed in order to improve the accuracy of the nearest neighbour classifier. The default value for the nearest neighbour classifier was changed multiple times in order to produce the most accurate prediction. Through trial and error, the most appropriate value for the nearest neighbour calculation was found to be 27. This improved the accuracy significantly from a predictive value of 70.45% to 79.41%.
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(27 nearest neighbours used)
This means that through using this analysis method, the formula (with the correct settings) has predicted if an individual is or is not likely to donate within March 2007 at an accuracy of 79.41%. Although this specific prediction is not useful to the blood service (as March 2007 has already passed) an assumption must be made that if this analysis method is to be used by the blood service, more recent data sets may be used. Specifically, to assess the likelihood of individuals donating within a specific time frame/period. This can be tailored depending on the dataset and the query required.
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There are a range of different businesses recommendations that can be made based on the findings. Firstly, the organisation should try to use an up-to-date data set when applying data mining techniques and analysis methods. This will provide more information and can be further analysed to create near real-time or future business decisions.
The accuracy percentages within the predictive analysis methods are not ideal. If an important business decision was required, this data should not be fully trusted as although the accuracy of the prediction may be high (80% for the nearest neighbour analysis method), there is still a large margin for error (20% for the nearest neighbour analysis method).
Increasing the size of the data set provided will improve the accuracy of analysis methods. This is provided that the data has been cleaned and that the appropriate pre-processing and post-processing of data has been completed to a high standard.
Specifically related to the methods of analysis, regarding the data set provided, clustering is recommended. Due to the style and type of data, this method works well in identifying user groups (different types of donators).
From this, the organisation will learn about the different target groups or donators associated with them (that they may have not recognised before). They can use this information to target these groups through methods such as direct advertising. An example of this could be SMS messages to specific clusters (donators). This could be used to improve the amount of blood donated to the organisation. 


[image: ]
The data set used to perform the analysis worked efficiently. Load times and calculations performed on the dataset were completed very fast (as seen in some of the images specifically related to analysis methods). The accuracy however, even with the use of accuracy improvement methods implemented, provided unreliable results in relation to some analysis methods used.
Linear regression as a form of analysis is highly unsuitable for the data set used. This provided extremely low-quality results and would be disadvantageous to the organisation if used. Another disadvantage is the number of records provided alongside the data set.
If more records were provided, a more developed and accurate analysis could have been conducted. Although the records were few, not much data cleaning was required within the data set. This might suggest that the blood service has extremely well-designed data input methods and data verification techniques. This will prove advantageous to the organisation as it will allow them to perform data mining techniques at faster speeds than with the use of uncleaned data. This does not mean that data cleaning should be disregarded however, it is extremely important to check the data to ensure it is trustworthy.
If there was another chance to conduct data mining techniques and analysis with the organisation, a request would be made to increase the size of the provided data set. This will allow better analysis of data which will provide higher accuracies, providing better information to the blood service. Other methods would also be considered as some data mining algorithms assessed were unappropriated against the data set provided.
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o A description of the pre-processing and post-processing of your data. You (25 marks)

should include both primary and secondary pre-processing needed to

perform the analyses, together with any postprocessing required to prepare
the results for reporting.




image10.png
=

Remove
Duplicates




image11.png
@attribute Recency
@attribute Frequency
@attribute Monetary
@attribute Time
@attribute Donated




image12.png
@attribute
@attribute
@attribute
@attribute
@attribute

Recency
Frequency
Monetary
Time
Donated

numeric
numeric
numeric
numeric

{e,1}




image13.png
%Produced & Analysed by Samuel Groves NPTC} NoteS (%)

@relation blood-transfusion-data

@attribute Recency numeric 1

@attribute Frequency numeric AttrIbUte
@attribute Monetary numeric H
@attribute Time numeric Informatlon
@attribute Donated {0,1}

@data

2 ,50,12500,98 ,1

0 ,13,3250,28 ,1

1 ,16,4000,35 ,1

2 ,20,5000,45 ,1

1 ,24,6000,77 ,0 Data (@data)
4 ,4,1000,4 ,0

2,7,1750,14 ,1

1 ,12,3000,35 ,0




image14.png
Recenty
e
=8 =5

R —
— 1(381.041.0)
—_—
=t e
1077.0145.0) Time
—ag—
= 19 oo
2011901470 Freguency
0 s
10 o
1(28.01.0) Freguency
—
=2 su_
= 2601.0)
g s
i —
Time WD)
g s
s [
= 101,010

— T
T

2018.07.0)





image15.png
e Appropriate sample runs and results, together with an explanation of why (30 marks)
you have chosen the analysis methods used.
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e A set of business recommendations based upon your findings. (10 marks)
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o Areflective commentary discussing the following: (10 marks)
o Does it work well (e.g., accuracy, efficiency)?
o What do you think are the advantages/disadvantages?
o If you were to do it again, what would you do differently?
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« A brief explanation of the purpose and practice of data mining and howitcan (10 marks)
be used in business




image3.png
e A data set description in terms of the attributes present in the data, the (15 marks)
number of instances, missing values, and other relevant characteristics. You
should also include a summary of the results of your data familiarisation,
exploration and visualisation process
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