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Summary
This report is going to focus on the analyses and mining of the data set from ‘Canada Shopper’ an online retailer who have noticed a reduction in their profits and are not sure why this is. To do so I will be using Microsoft Excel to analyse the data and WEKA for data mining, to provide recommendations on how they can engage with analytics in the future to better inform their decision-making process.


Part 1 – Spreadsheet Modelling by (Evans, 2014)


Recognising a Problem
Over the past few years Canada Shopper have recognised a reduction in their profits and are not sure why this is. Therefore, by analysing their data through a spreadsheet we can get a clearer picture of their opportunities and threats. Spreadsheets are known to provide a flexible modelling environment for manipulating data and developing solving models (Evans, 2014) cited in (Mullins, 2017). It is also believed that an interactive tool helps the users to understand the problem better, therefore leading to better informed decisions (Sharda , et al., 2014). 

Defining the problem
A well-defined problem often contains its own solution within it which is usually obvious and straightforward. By defining problems properly, we make them easier to solve, which means saving time, money and resources (Cooper, 2014). However, defining the problem isn’t always straight-forward especially with this case as there are 8400 pieces of data to analyse with some containing noisy data that will upset the decision-making process further down the line if not corrected.
Primarily, looking at the results on a yearly basis the number of sales had only fallen by 25 orders in 2016 compared to 2013, however, profits had reduced by roughly £65,636. Therefore, to determine the cause of the loss a further examination into the data is needed.

Structuring the problem
The core objective is to establish the main reasons why Canada Shopper are losing profits and portray how they can use analytical tools and models to their advantage when it comes to improving their decision-making process.
Before I could start to analyse the data on Excel I established that many cells contained noisy, aggregate data, commonly known as a spreadsheet errors that can frequently lead to poor decisions that impose tangible costs and cause formulas to return the wrong answer (Caulkins, et al., 2007). Therefore, it is important that all the data gets pre-processed before it is analysed, however, it was noticed that it would have been time consuming to go through all the noisy data and correct them individually. Thus, I simply deleted the 64 pieces of noisy data and placed them on a separate tab because out of a total of 8400 pieces it only works out to be less than 1% of their total revenue.
After all the noisy data had been cleared I completed simple statistical summaries for the sales column which can be used later for the EOQ model (see appendix 1). Then I used a few formulas to try and identify any trends within the data, firstly I used the information from the returns tab and used the IFERROR and VLOOKUP formulas to identify the orders that were returned and to see if there was anything in common between them (see appendix 2). Secondly, I used an IF statement that correlated the order size with order quantity which helped me determine the large and small orders and allowed me to see if there were any additional patterns to be recognised (see appendix 3). 

Analysing the problem
After recognising that there had not been much of a change in sales but there had been a decrease of £65,636 in profits in 2016 compared to 2013, it was decided that a further investigation was needed into the products Canada Shopper had on offer and which ones were generating the most profit. It was then discovered that the bookcases, scissors, trimmers and tables are causing a loss in profits and it was also noticed that it would be worth getting rid of a few other products that are low in demand such as the rubber bands, storage and organisation as there are holding costs that come with them (see appendix 4). 
Another problem that was noticed is the level of priority for each province in comparison to the total sales by province as Newfoundland only make up for 103,924 of Canada Shopper’s total sales and Yukon make up for 971,448 of the total sales, but Newfoundland are given a higher priority over Yukon. Therefore, it would be important to think this strategy through in terms of building customer relationships, the more a province purchases, the more you would aim to make them your main priority as they rely on you for your products but not as much as you rely on them for revenue (see appendix 5). 
Referring to the returned goods, I tried to analyse them further by using an IF statement to quality check all the returned products. After that I labelled the impact these returns had on the product line although Canada Shopper did not provide a benchmark for this. It was then decided by the data analytics company that the benchmark will start at a quality control of 0.00% which will have a low impact on the product line and a maximum of 0.10% which will be a major impact on the product line. It turned out that much of the returns were of low impact with only 5 having a medium impact and over (see appendix 6).
Then I went on to use prediction models to give Canada Shopper an insight on what would happen if. Firstly, I wanted to predict the sum of sales and profits from different customer segments using a linear regression model. To do so I needed to extract the columns I wanted information from and place them in a separate tab to be used in a pivot table. The outcome showed that the ‘Corporate’ segment would be the one to generate a significant amount of sales and the most profit with a figure of 40%, followed by ‘Home Office’ and ‘Small Business’ with 21% and ‘Consumer' being last with 19% (see appendix 7).  
The second model used was the EOQ (Economic Order Quantity) model which helps with optimising when to order stock, to do so an average order quantity needed to be worked out by using the SUM formula to calculate the total order quantity which was then divided by 4 and gave an optimal order quantity of 1460.08 with £730 being the minimum total costs of holding and setting up orders (see appendix 8). 
And lastly a quantitative forecast method was used based on statistical techniques that uses historical sales data to predict future sales. It is otherwise known as the 3 month weighted moving average method which reflects more closely on data fluctuations (Mullins, 2017). The results displayed that the actual sales in 2016 were better than sales in 2015 and the forecasted sales for 2016 especially in the 2/3 of the year. Which again confirms our idea that sales has nothing to do with the loss of profits (see appendix 9).
Interpreting results and making a decision
Results clearly indicate that there has been a loss in profits, around £65,000 which if continued would end up negatively impacting the company. Thus, if this was done sooner a few problems could have been easily eliminated and profits could have been saved. According to Perez-Cascante et al. (2002) cited in (Sharda , et al., 2014), an ES/DSS was found to improve the performance of both existing and new managers as well as employees. It helped them gain more knowledge, expertise, experience and it subsequently improved the quality of their decision-making. Therefore, it could be suggested that if the managers of Canada Shopper adopt a DSS such as Excel then it can improve the quality of their decisions and prevent them losing profits, especially as there are 5 managers covering 4 regions. 
It’s apparent that Canada Shopper would benefit from using an analytic tool like Excel as previously stated it provides a flexible modelling environment for manipulating data and could help them when it comes to identifying future problems and opportunities. 
Implementing the solutions
There are a couple of solutions that have been recognised that Canada Shopper can adopt to aid their loss in profits. The first being to base the level of priority on the number of sales each province generates as it is important to focus on the customers that spend more. Another solution relevant to this would be to offer a bigger discount to the ‘Corporate’ segment as the linear regression model indicates they will generate the most sales and profit for Canada Shopper based on their sales now, yet they don’t receive the highest discount. It is thought that the more discount you offer a customer the more likely it is they will spend money, even if it is an ‘impulse’ buy.
There should be a review on the items causing the company to make a loss in terms of pricing-strategy or removing them from the company. Tables and bookcases seem to be the cause for most of the loss in profits, however tables are one of the bestselling products. Therefore, Canada Shopper needs to think about whether they are going to re-think their pricing strategies to increase profits on the tables and what they are going to do with other products making a loss/breaking even. These are decisions to be made further down the line.
[bookmark: _GoBack]Therefore, based on the findings, Canada Shopper would benefit from a decision support system (DSS) as it can indicate areas they need to improve on and better inform their decision-making process.
Part 2 – Data Mining using WEKA and the CRISP-DM process
Data mining is a process that uses statistical, mathematical and artificial intelligence techniques to extract and identify useful information and patterns from large sets of data. These patterns can be in the form of business rules, correlations, trends, affinities or prediction models (Sharda , et al., 2014). SEMMA[footnoteRef:1] isn’t as useful as the CRISP-DM methodology as SEMMA is not a data mining method but rather a logical organisation of the functional tool set of SAS Enterprise Miner for carrying out the core tasks of data mining (Hampton , 2011). [1:  Sample, Explore, Modify, Model, Assess] 

Therefore, when it comes to the data mining process I will be using the CRISP-DM methodology which is in an order of 6 steps;
Business Understanding 
As it was made clear, the core objective is to establish reasons why Canada Shopper are losing their profits. From the spreadsheet analysis the key points have been identified such as the number of returns, the impact they had on the product line, the critical customers and the products that are making a loss using a data analytic approach. For further analyses, Weka will be used, which is a data mining software that uses a collection of machine learning algorithms which can be applied directly to the data. Weka is a collection of tools for; regression, clustering, association, data pre-processing, classification and visualisation which we will be using majority of (Shah, 2017).
Data Understanding 
Taking the data straight from Excel and putting it in Weka won’t work as there will be a problem with the quality as cells are likely to contain noisy, aggregate data like before. Therefore, the information that was removed in Part 1 (spreadsheet modelling) should also be removed for the data mining task. Another problem with Weka is that all the information wanting to be used needs to be saved as an CSV. file to be picked up by the tool.
Again, referring to the objective; we want to focus on why the company is making a loss. Therefore, it would make sense to look further into the information found in Part 1 to see if there are any further patterns that emerge.
Data Preparation
This step can also be recognised as data pre-processing which consumes the most time and effort; with most believing that this accounts for about 80 percent of the total time spent on the actual project. The reason that this step takes the most time is because of incomplete data that lack attribute values or contain aggregate data, noisy data that contains errors or outliers and inconsistent data that contain discrepancies in the codes or names (Sharda , et al., 2014). Like in Part 1 (spreadsheet modelling) all this noisy data was removed in to obtain more reliable results as Weka doesn’t run efficiently when data contains any commas, full stops or hyphens.
Referring to Sharda , et al., (2014) taxonomy for data mining tasks only certain columns are ideal for inclusion as processing many records may not be practical or feasible in a prediction data mining approach which uses many techniques and algorithms (see appendix 10). 
Model Building
With this step various modelling techniques are selected and applied to an already prepared data set to address the specific need of the business (Sharda, et al., 2014). The first model is to classify the data into a decision tree format using the J48 and REPtree algorithms, it has been decided that we are going to look further into the Province, Sales and Order Priority’s to see if the decision tree can break any more information down. Decision trees build classification or regression models in the form of a tree structure with the purpose of breaking down a dataset into smaller subsets (Mullins, 2017). The results turned out to be unsuccessful as both trees could not be read clearly (see appendix 11). Although, the J48 tree is visually clearer than the REPtree it was 15% less accurate with an accuracy of 23% and as they were both under 70% they cannot be used. 
After further analysis it is evident that decision trees are not a good model to use for analysis of this information as another decision tree was used to see if there was a relationship between Province, Order Quantity and Order Priority yet this turned out to have a low accuracy and difficulty reading the tree (see appendix 12).
As the decision trees did not work out, the clustering method using the K-means algorithm was used that grouped the following data into 5 clusters; Order Priority, Sales, Order Quantity and Order Size to hopefully identify a relationship between these. The results showed that 1348 pieces of data fell under cluster 1 with a low order priority, sales of around 3851 and an order quantity of around 37 making the order sizes large (see appendix 13).
The final model was done using the A-priori algorithm to see if anything associated between Returns, Product Sub-Category and Customers Segments. However, the results displayed that there were 7 best rules found but it was not entirely clear (see appendix 14).
Testing and Evaluation 
Looking at the results from the data mining approaches it is of Canada Shopper’s best interest to not invest in data mining techniques when it comes to decision-making as the only method that was relatively successful was the clustering method using K-means, however this method was only useful with grouping data. Therefore, it would not be applicable to Canada Shopper as the main objective is to discover why there is a loss and these methods could not provide any sort of solution. 
Deployment 
For the decision trees to be of help they need to be pruned, to do so the information then needs to be handed to a data scientist for further analytics which is unrealistic for Canada Shopper as that could be costly. Therefore, if they are looking for a data mining software for other objectives such as their consumer behaviour then Weka would be highly recommended as it is a useful tool to analyse many pieces of data, and the best of it all? Its free to download and be used by anyone.
Conclusion
Evidence of these combined techniques should improve the effectiveness and efficiency of decision making by managers as numerous sources have mentioned. However, I think that Excel would be most beneficial to Canada Shopper as there are more models that apply to their objective. Although, Weka is a good tool to use especially for noticing the difference between consumer behaviours as the clustering method easily identifies the segments you should be looking at. 

References
Caulkins, J. P., Morrison, E. L. & Weidemann, T., 2007. Spreadsheet Errors and Decision Making: Evidence from Field Interviews. Journal of Organizational and End User Computing, pp. 1-23.
Cooper, M., 2014. Defining Problems: The Most Important Business Skill You've Never Been Taught. [Online] 
Available at: https://www.entrepreneur.com/article/237668
Evans, J. R., 2014. Business Analytics. s.l.:Pearson.
Hampton , J., 2011. Semma and Crisp-DM: Data Mining Methodologies. Jesicca Hampton; analytics professional .
Mullins, R., 2017. Decision tree explanation, Wales: Moodle.
Mullins, R., 2017. Lecture 5; Forecasting, Wales: Moodle.
Mullins, R., 2017. Lecture 7 Spreadsheet Analytics, Wales: Moodle.
Shah, P., 2017. OpenSource. [Online] 
Available at: http://opensourceforu.com/2017/01/an-introduction-to-weka/
[Accessed 06 December 2017].
Sharda , R., Delen, D. & Turban, E., 2014. Business Intelligence; A Managerial Perspective on Analytics. England: Pearson.
Sharda, R., Delen, D. & Turban, E., 2014. Business Intelligence and Analytics; Systems for Decision Support. Tenth ed. England: Pearson.



