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[bookmark: _Toc125467002]Abstract
In this report up to date and relevant scholarly and trusted web sites were used to conduct a literature review to explain the general concepts, drawbacks and benefits of Artificial Intelligence and Machine Learning. Along with this the tools used for the practical exercise were highlighted showing their strengths and weaknesses. The practical exercise was a consultancy exercise to appraise a dataset for the fictional retailer Teronix. This was done using a tool called Knime in which the dataset could be used with Machine Learning techniques. This highlighted the pre-processing steps needed to prepare the data before Machine Learning techniques were used and the outcome of running the data through these algorithms.
[bookmark: _Toc125467003]Introduction
Artificial Intelligence and Machine Learning has become an industry standard in learning about data and what information can be derived from it. This report aims to explore its themes to further increase a general understanding on a complicated and diverse subject. To further this a practical exercise was attempted to get first hand experience with Machine Learning tools to find out the processes needed for them to work and the results they could bring.
[bookmark: _Hlk125452977][bookmark: _Toc125467004]Literature Review
[bookmark: _Toc125467005]What is Artificial Intelligence and Machine Learning?
Artificial Intelligence and Machine Learning is a general title used to cover an area of computing focused on making computers able to mimic the functionality of a human.
Artificial intelligence refers to machines that can perform tasks that normally require human intelligence. AI is usually defined by its capabilities as they are mainly made to do specific tasks. Artificial Intelligence can be made from a handcrafted approach, which is the older way where they run using software written by a human that contains rules that attempts to represent human knowledge.
The other, newer way is Machine Learning which usually gets paired with the Artificial Intelligence term. This way, the program gets fed training data to learn from by itself. It can create its own rules and provide the correct output by learning from the human generated algorithm written to start its learning process. From here on the machine can think for itself to an extent and is guided by humans who monitor it and its output [1] [2].
[bookmark: _Toc125467006]The Uses of Artificial Intelligence and Machine Learning
To use Artificial Intelligence and Machine Learning in the supermarket sector, the supermarket must collect data about its customers. Alternatively, if this is not possible at the start, information can be bought from similar supermarkets to get an idea of what customers do to help focus efforts in the most productive areas.
The data that is collected should be about what customers like to buy, which can show the popularity of items, when people buy them which can show if products have better sales at certain times of the year and so on. For this to work well, the customer would need an account and be signed in when the make purchases in store or online. This will tie their customer ID to their purchases. If not, then the data is hard to tie to a customer and can be saved as general store sales. 
This information can be extracted from the data collected quite easily by a human sorting the data and making graphs from it. The data collected however will be extensive and may contain errors or be incomplete. This is where a human will become inefficient at extracting useful information from the data so an AI program can be used to provide the aforementioned information [3].
The AI may be able to find patterns and trends that a human will miss. It will also do this much faster than a human. However to get accurate results, the AI must be trained on good data along with choosing the best type of machine learning techniques.
The data collected may be incomplete, such as missing some values or labels, inaccurate, biased and noisy. Noisy meaning meaningless. These factors play a big role in which type of machine learning to use and the data pre-processing steps needed.
Data pre-processing can be things like, removing missing data or removing incomplete data in order to get a much better model for a more accurate outcome, but also show the Machine Learning technique needed to be used for noisy data. Some algorithms are good at dealing with missing or noisy data.
The missing labels can be found via supervised learning, as this method looks for information in the data to apply the missing label to the value. This can be good for classification problems like mapping the correct input to the correct output, which can be for grouping customers or sorting products by their material. Supervised learning is also good for regression problems which come with the collection of continuous data. This can be good for predicting future sales [4]. 
Unsupervised learning Is the opposite of supervised. The data is not labelled and is very noisy. The main aim is for the algorithm to explore the data and find underlying patterns and make decisions and predictions that would be impossible for a human to do. The output can be data clustered together based on its similarity to each other and the central point of the cluster. The closer to the centre, the more it fits into that cluster. From this output, a human can decide what the clusters represent and can see how well the data points fit into the cluster and if the algorithm has done well.
Reinforced learning is where an algorithm has agents that can perceive and interact with their environments. They work on a trial and error system and get rewarded when they do well, and penalised when they don’t. Over time they learn how to maximise their reward. This type of technology can be used to analyse the inventory of Teronix. It can react to the supply and demand of products resulting in accurate outputs of when to stock items. Knowing when to replenish products and by how many at certain times of the year will result in less wasted product as the majority of it should sell and the targeted customers will be happy [5] [6]. 
A good technique that Teronix should consider is time series forecasting. It is a method of using historical time stamped data to build models. From the model they are analysed and can be used to make observations and aid in strategic decision making. This is arguably the most commonly used machine learning algorithm to train AI in businesses [7].
Time series forecasting is a very accurate and trusted way of forecasting sales data stated in this literature [8] .
This algorithm can predict future demand for products based on the historic sales of Teronix and if available, other similar supermarkets. It can be used as a whole or for product categories. Reducing it to categories can yield more accurate results which can be furthered by also being able to find correlation across multiple time series. The prediction results can accurately reflect the demand of products in the supermarkets.
[bookmark: _Toc125467007]Evaluating the Data
There are various forms of data the Teronix may need to evaluate. From exploring the dataset prior to starting Machine Learning techniques, to the cleansing of the data in the pre-processing stage to make it useable, to the output of the algorithms. The models these algorithms work on can be altered over time, along with being updated and guided in the best performing direction to make it better and enhance the results. The performance of the model can be checked against training data. This is where the answer has already been produced and the algorithm is checked to see if it produces the same result. The error value here can be an indicator of the accuracy to help the human learn and guide the AI in the right direction [9]. This can then be applied to real world data, giving the user more confidence in the outcomes.
[bookmark: _Toc125467008]Benefits and Drawbacks
What are the benefits and drawbacks of using Artificial Intelligence and Machine Learning in the supermarket sector? Artificial Intelligence decisions are based on facts and unaltered by emotion that humans may inadvertently apply. 
The speed at which these algorithms can work is very fast, much faster than a human could ever do it. It can also process very large amounts of data, which, if a human was processing would be inefficient and probably make mistakes causing errors, leading to inaccurate results. It can reduce the stress and workload on humans and has a high success ratio. It has the ability to reveal undiscovered patterns and can provide long term and short term strategies via decision making to aid with complex situations and is available around the clock.
Onto the downsides. Using AI could lead to loss of jobs as it could replace humans due to so many of its positives for the business in terms of its potential returns. However this may lead to employee backlash and negative press from the media.
Other factors are that it can be very expensive to implement, get up and running and maintain. In addition to this, it needs to be set up and coded properly to produce a good outcome and there needs to be good data for it to use. If bad data goes in, biased or inaccurate data will come out, which can lead to bad decisions and wasted time.
It can be hard to trust the AI at times too. It can be difficult to understand exactly how the algorithm is making its decisions leading to a weak interpretability of the results being determined. With AI being used to make business decisions and possibly decisions about customers, it is very important to know the ins and outs of how it is being used to be able to thoroughly and meaningfully explain how it is working.
This expands upon some views found in [10] [11].
[bookmark: _Hlk125456814][bookmark: _Toc125467009]Processes Required for a Better Understanding of Data
There are processes required to better understand the dataset held by Teronix. Data exploration is the first step. By looking through the dataset to be analysed, you can spot things that need to be addressed, such as missing values. This will help identify the pre-processing steps required before Machine Learning algorithms are introduced. Visualisation tools are very good for exploring the data initially [12]. Plugging the data straight into graphs like histograms or checking statistics can reveal a lot about the data very quickly, speeding up the exploration task and giving the user an idea of what the data holds and what techniques they can use to get more information out of it.
Next machine learning algorithms need to be decided upon which can do things like targeting product recommendations or ads to customers based on what they have previously bought or viewed. The output of these algorithms can be inspected using techniques that measure error frequency and how it has performed against the training data. This can provide data on how successful the Machine Learning has been.
[bookmark: _Hlk125457016][bookmark: _Toc125467010]Appraisal of Tools
Code free solutions like Knime and Orange are fantastic data analytic tools. Knime is a free tool, even for business use which makes it a great place to get started. It has the most diverse set of built in Machine Learning algorithms which can be expanded by downloading extensions. It also seems to be the most powerful as it can deal with large sets of data better than its counterparts. It can also deal with data cleansing in the tool like handling missing values, something which Orange requires you do before using the software. [13] [14]
Once this is outgrown, more advanced options, like using the programming language Python and its libraries is probably a better and more powerful solution. This is because it gives the user more control over the data and they do not have to use pre-defined nodes to process and output data. You have more ways to visualise the output, through Python libraries or using third party tools like Qlik [15].
[bookmark: _Toc125467011]Methods and Results
The dataset for Teronix is very noisy. A lot of the data in it should ideally be in its own table, or have it’s own column. For example the dataset is about the products customers have bought and returned, but before this can be analysed, things like damages, postage and non-meaningful things have to be removed, shown in Figure 1
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[bookmark: _Ref125394144]Figure 1
Furthermore there are a lot of missing values that need to be removed before any machine learning can be done to optimise the results.
For Teronix to improve their data collection, separate, specialised tables should be used. It has been interpreted that the negative quantities, shown in Figure 1 are returns. Ideally a new table holding only this data would be created. As it stands now, in order to clean the data more, like for time series forecasting, something would have to be done to find sales that were returned so they can be removed from the data set.
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Once the dataset has been cleansed as best as possible, over 200,000 rows have been removed as they contain missing values. The difference can be seen in Figure 2 and Figure 3.
Attempts were made at creating a model to possibly predict these missing values by learning from the complete data with a decision tree, but a result could not be reached.
An attempt at using Natural Language Processing was used. It seems as though organisation isn’t Teronix’s strong point so an attempt was made at classifying the data in the description column which contains the products names. The attempt was to just start by grouping the Christmas products together as that seemed the easiest.
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[bookmark: _Ref125458682]Figure 4
There was a lot of pre-processing needed for this in order to get the most important words for the algorithm to understand. As seen in Figure 4, Missing values, duplicate rows and conversion to document type for other nodes to work was necessary. Then the text was then stripped of punctuation, numbers and converted to lower case. From this a bag of words was created which is all of the words the pre-processing steps has recognised.
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Figure 5 shows the bag of words and then the term frequency in Figure 6 shows how often they appear in the dataset. Then a decision tree was used to try and decide if the description showed that it was a Christmas product or not. No reasonable output was reached as getting the data into the decision tree proved to be difficult, showing many undefined values.
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Figure 7 shows the undefined values that were created from the word vector in an attempt to get it into a format usable for the decision tree.
Next data forecasting was attempted. Data forecasting is the most popular in businesses that sell products. An attempt was used to do a time series forecast on the first sheet of the Teronix dataset that has sales data from the years 2009 and 10.
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[bookmark: _Ref125459673]Figure 8
Figure 8 shows the full flow of the time series analysis.
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Figure 9 shows the totals for the sales by day.
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Figure 10 and Figure 11 show these sales combined to from daily to weekly averages. This was then used in a time series forecasting algorithm to try and predict the sales for the following year. If this worked correctly it may have been possible to see something similar to the second sheet in the Teronix dataset which would have shown the forecast working as intended.
Finally exploration of the dataset can reveal things like highest paying or frequent customers.
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As seen in Figure 12 totals can be made to show how much a customer is paying. This can help Teronix to target this customer with deals and discounts to make them feel valued in order to retain the customers loyalty.
[bookmark: _Hlk125459766][bookmark: _Toc125467012]Conclusion
There are lots of benefits to Artificial Intelligence and Machine Learning, but there is a steep learning curve. It has been found during the literature review that knowledge of this field has to be built up over a long period of time as all of the core concepts must be learned, followed by a deep dive into how different Machine Learning algorithms work. This is required as it is needed to know how each algorithm works to properly implement it to get the best from it.
On the practical side of things, the free tools out there are powerful and probably simpler than using a programming language like Python, but you need to spend a lot of time understanding Machine Learning techniques and the data preparation needed for it, as well as the software in which they are implemented in as it isn’t easy. They are very useful however as they can possibly turn around a poorly kept dataset into something more useable and extract meaning from it.
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