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1.0 Introduction
	The following paper will review the various types of machine learning available to Teronix that will help with resource planning and improve efficiency of the company. The paper will also review the different types of analysis that is made possible by machine learning, this will allow for a much greater understanding of the sales made by Teronix and allow them to target specific items and areas much more effectively and ultimately increase the revenue seen by the organisation. Key terms and ideas will be explored to ensure the correct analysis is completed to provide the most value to the company using the most appropriate machine learning methods.
2.0 What is AI/ML
		Before reviewing the correct machine learning approach it is key to understand what machine learning and the wider artificial intelligence definitions are. Taeho Jo [1] defines machine learning as the “Computation paradigm where capacity for solving the given problem by referring to similar previous case.” This definition shows a greater intelligence being employed as the system is able to provide a response from similar examples rather than simply having the answer to specified questions. Luis Serrano [2] presents the definition “Machine learning is common sense, except done by a computer”, which again reinforces that machine learning is the ability for a computer to provide educated responses based on input after having learned from test datasets.
	2.1 Types of Machine Learning 
		There are three main ways that a machine can be trained to provide the additional understanding of the data input and provide differing outcomes based on the algorithm used. The different learning methodologies are as below [3]
Supervised Learning
Unsupervised Learning
Reinforcement Learning
	2.2 Supervised Learning
		Supervised learning is one commonly used training methodologies that relies on the use of a training dataset which provides both the inputs and the correct outputs expected from the machine algorithm [4]. By providing the expected outcomes in a training set the algorithm can learn to assign the classification to future data provided by adjusting parameters during the training set until the expected outcome is reached. This type of machine learning does have some challenges for implementation such as the time taken to create the training dataset and the accuracy of the initial dataset being reliant on the individual creating it, this can lead to inaccuracies of the subsequent model.
	2.3 Unsupervised Learning
		Another commonly used methodology for training is through the use of unsupervised learning which uses different algorithms to discover patterns and groupings within a dataset without the need for human interaction [5]. The biggest advantage of this type of learning is that it allows for the discovery of patterns in data that would be very difficult to identify as a end user, however there is a higher likelihood that the outcome would be inaccurate and require human intervention to validate the output provided. It also comes with the need for large training data sets to be provided which take a longer time to process due to the higher complexity often associated with these algorithms.
	2.4 Reinforcement Learning
		The final major type of machine learning is reinforcement learning which uses a system of rewards and punishment to train a system to achieve its outcome in the most efficient way possible [6]. This type of learning has limited human interaction outside of adjusting the rules that the model must obey and also the weighting of the rewards and punishments given to the model. This type of learning has a number of applications with a major one being its use in autonomous driving where the need to make decisions based on pre-defined rules such as speed limit etc but with un-intended situations such as child crossing the road are presented.
	2.5 Different Algorithms
		Within each of the machine learning types there is a large number of different algorithms that can be used to achieve different outcomes based on the inputted data. These different algorithms will be explored later in this paper when it is applied to the Ternoix data but can broadly be put into the following areas; [7]
			Classification
			Regression
			Forecasting
			Clustering
			Dimension Reduction
		Each of these types of data analysis can be done using different algorithms which are too numerous to go through in detail so the ones used subsequently in this paper will be explored in more detail.
	2.6 Uses within Supermarket Sector
		There is a large number of ways that machine learning can be leveraged by a supermarket to improve everything from stock management to customer experience and safety. In an article by Nadejda Alkhadi [8] they outline five key areas where machine learning is already in use by large companies to improve processes, these are as below;
			Sparking Consumer Interest Through Personalisation
			Improving Inventory Management
			Reducing Theft
			Improving Social Distancing
			Improving the Checkout Process
		The improvements made in these areas will start to build trust between machine learnings use within supermarkets and the customer, they offer more convenient ways for the consumer to purchase items without the need to interact with other if that is there choice. This element of choice is a key part of machine learning becoming widely accepted as many will see the use of there data by a machine to be intrusive and raise privacy concerns. 
		Another use case of machine learning within supermarkets is the identification of patterns when it comes to products being sold in a particular region, this means that the stock levels and pricing can be reflected on a per store basis multiple times per day rather than the pricing remaining static and consumers going to other competitor stores [9].
		3. 0 Data Collection Requirements
			In order to take advantage of the benefits that machine learning has for the sector there is a need to collect a wide array of data, the data collection will rely on the intended output of the program so focus will be given to an example below.
			If Teronix would like to leverage machine learning to personalise its advertisement to its customer base to increase effectiveness of marketing spend then the machine learning model will need to have access to customer information, recent purchases and purchase history. This would allow the model to be trained effectively so that it could predict what that customer is currently interested in purchasing but also where the customer may be running low on a product that had been purchased in the past but suggested use by the manufacturer would suggest the customer would require more. This type of information is normally captured via an electronic point of sale system but would need to be supplemented by data from manufacturing partners.
		3.1 Data Reporting Requirements
			To make the most of any machine learning it is key to understand the end goal of the organisation and how it wants to utilise the insights provided. In the case of Ternoix who is focused on the sales of electronic and household goods online the reporting requirements are focused on identifying which goods are sold more often in which regions so that additional stock or variety of those items can be focused in that area to boost sales. Additionally there is a requirement for the business to be able to report on the sales by customer type so that more effective marketing materials can be generated for those sectors of the market, although a personalised marketing email would be more effective as it allows Ternoix to boost revenue more effectively by users only seeing items relevant to them and therefore feel more valued as customers.
			A final reporting requirement during the machine learning exercise is to be able to provide predictive knowledge on which items are likely to be sold to which regions in the coming months so that stock levels can be managed accordingly, in order to achieve this the model provided needs to provide a high level of accuracy when predicting sales so that confidence is high when making purchasing decisions based on this model.
4.0 Data Set Review
	When reviewing the data set provided by Ternoix it shows a large amount of data is collected for each transaction but little groupings are made to show which category each item belongs to. This type of information is typical in organisations that have not used machine learning techniques in the past or leverage a large amount of business intelligence tools as this type of data results in hard to interpret reports. This type of information is a very good candidate for machine learning benefits to be realised as it can add categorical data to add a level of order to the data and provide greater insights for the company to leverage.
	4.1 Type of Machine Learning required
		When reviewing the provided data and considering the reporting requirements of the organisation it would be beneficial to undertake a classification analysis on the supplied data to understand if there are groups of items that are more likely to sell in a specific region and also for that category data to be applied to a prediction algorithm to aid future product inclusion. For this classification a number of different algorithms could be used such as K-nearest neighbour, naïve bayes and decision trees. Deciding which of these algorithms to use is often dictated by the supplied data and if there is purely numeric data or a mix of data types.
		Another type of learning that could be leveraged by Teronix is the use of a clustering algorithm to see how similar its customers are across regions and if there are parallels between customers and their purchasing habits, for this type of analysis again there are various options such as K-means and DBSCAN.
	4.2 Tools Available for ML Method
		There are various tools that allow you to undertake this type of machine learning, below is some examples of these tools:
			KNIME [10]
			Orange [11]
			Weka [12]
			Jamovi [13]
		Each of the listed tools has it advantages with many being open source and free to use. Weka is often the favoured open source tool to use as its supported by the University of Waikito as an educational data science tool, the open source nature of this product makes it a common choice to small and independent businesses as it allows for the analysis to be undertaken at no cost and a large community has formed around this software because of this.
		Jamovi is similar to Weka in that the software is open source and free, this again makes it a popular choice for users. It does have a number of algorithms built into its default library which makes it more approachable for new users to machine learning software.
5.0 Machine Learning Model
[image: ]	As part of the machine learning model applied in this instance the use of linear regression is used to show what impact one variable has over another, this will allow the model to predict the likelihood of one value influencing another. Below is a model built to show how “Price” paid is directly linked to the customer number and their location. 
	What this regression table tells us is that the correlation between price and customer is strongly linked and that in order to better boost profit margins it is likely that a targeted advertisement at those individual customers would produce positive results. This linear regression does not however take into account if there is a correlation between the number of items purchase and the overall profit made.
[image: ]	Below is a linear regression model that looks at the number of units sold when compared to the price paid. This is an attempt to show if the most profit is made when a large volume of products is sold or if the high cost items that are sold in lower quantities are more beneficial to the company.
	Given the above values it is clear that with a null hypothesis being that there is no link between number of units sold and the overall value we can reject this and suggest that the most beneficial items for Ternoix are low cost items that sell a large number. This model fits with most agreed business logic that while higher valued items often allow for greater margin individually it does not support a productive business model on its own.
[image: ]	The final model to be observed using linear regression is with price being the dependant factor and both customer ID and quantity being the covariant. This shows again that as it pertains to profit the individual customer is more important than the individual items that are being sold.
	










5.1 Additional Statistics
While these machine learning exercises are useful it is also pertinent to look at other basic statistics available using the data provided by Teronix, below is a highlight of these descriptive statistics:
2009-2010
[image: ]
Standard Deviation between country: 348,262.5853
	Range between country: 2,207,369.11
	Standard Deviation for UK over months: 80,887.23806
	Range for UK between Months: 266,564.82







2010-2011
[image: ]
Standard Deviation between country: 363,389.7231
	Range between country: 2,245,691.364
	Standard Deviation for UK over months: 79,183.36566
	Range for UK between Months: 273,348.299
	The above statistics show there is a high variability in the amount of income generated from the various countries in which Ternoix conducts business, this type of variance allows the business to understand where to focus its marketing resource in order to generate additional revenue. It also shows that for the UK which is the highest grossing area for Teronix there is still a very high standard deviation when comparing the months across each provided year. This variance shows there are times where the company is more able to entice shoppers to spend more and these centre around holidays with December being the best in both years, the recommendation would be to target other months where consumer spending is lower to try and shrink the standard deviation between months to allow for more consistent cash flow.
6.0 Conclusion
	In conclusion Teronix would benefit highly from targeting consumer in the UK who are buying a large volume of lower valued items as these appear to be the most profitable for the company and allows for the most diverse product portfolio. To further increase revenue for Teronix a targeted marketing campaign could be used which looks to entice additional spending during holiday periods or during current times of lower spend such as January. While the machine learning model employed in this example did expose a number of patterns and showed how the various elements interact with one another the use of additional statistics allow the author to provide recommendations. Further work could be undertaken to employ a classification model for further grouping and additional business insights.
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