


Table of Contents
1/ Abstract	2
2/ Introduction	2
3/ Literature Review	2
3.1/ AI/ML	2
3.2/ Benefits	2
3.3/ Real-Life Examples	2
3.4/ Natural Language Processing (NLP)	3
4/ Methods	3
4.1/ Data Types to Evaluate	3
4.2/ Tool Comparison	4
4.3/ Technique	5
5/ Results	5
5.1/ Data pre-processing	5
5.2/ Data post-processing	8
5.3/ Building model	8
5.4/ Evaluation	12
6/ Conclusion	12
References	12















[bookmark: _Toc125470563]1/ Abstract 
This report will discuss potential Artificial Intelligence (AI) and Machine Learning (ML) techniques that can be applied by Teronix Online (TO) to improve the success of the company. It will research other implemented AI/ML techniques, an evaluate tools to create a successful AI/ML model. 
[bookmark: _Toc125470564]2/ Introduction 
TO imports and exports electronic and general commodities across Europe and North and South America. It’s apparent that TO require expert knowledge to access the impact of introducing an AI/ML model to improve their services. 
[bookmark: _Toc125470565]3/ Literature Review 
[bookmark: _Toc125470566]3.1/ AI/ML
Definitions for AI vary across two dimensions: thought processes and behaviour. Thought processes include thinking like a human and thinking rationally, whereas behaviour includes acting like a human and acting rationally [1]. Commonly, all approaches are followed however human-centred techniques will include hypothesis and experimental confirmation whereas a rationalist approach will include mathematics incorporated with engineering [1]. ML is a sub-field of AI which gives computers the capability to learn without being programmed. ML algorithms learns from past data or training data and can determine relationships between the data and the given problem without any human intervention [2]. ML can significantly enhance decision-making processes driving industries to adopt ML techniques, especially the retail sector [2]. 
[bookmark: _Toc125470567]3.2/ Benefits
AI can fuel profitability, personalisation, and precision within retail [3]. Personalisation drives relevant consumer interactions in turn creating a new growth path. AI can identify loyal customers, offering personalised messaging and marketing. Accenture leads on to tell us AI not only predicts what customers will buy, but also when, where, and how they will purchase [3]. Accenture quote that “81% of all companies identified as AI leaders experienced more than 10% growth in the past year compared to 36% laggards” [3]. 
[bookmark: _Toc125470568]3.3/ Real-Life Examples
AI adoption is rapidly increasing, with a major driver being the Covid-19 pandemic however, retailers have been implementing AI solutions to support growth long before 2020 [4]. Amazon is one of the largest pioneers for AI and it’s been adopted across their company from warehouse robots and drones delivering goods, to ‘check-out free’ shops [4]. Amazon’s anticipatory shipping is a clear example of how AI is consistently developing. Anticipatory shipping would deliver products to customers without placing an initial order by using ML algorithms to predict what the shopper needs or wants [4]. Another example of AI within retail are smart fridges, such as Samsung, that can monitor the contents of your fridge, and automatically order goods from grocery stores. IoT (Internet of Things) devices such as a Smart fridge however have come under fire, with raising concerns over security breaches [5].
[bookmark: _Toc125470569]3.4/ Natural Language Processing (NLP)
NLP is another sub-field of AI which allows computers to understand human languages by implementing machine learning technology. NLP runs through textual data and can recognise patterns automatically [6]. This can introduce an abundance of benefits to the supermarket sector to both consumers and retailers. S. Panda [7] explains that increased adoption of NLP within the retail sector has driven the capability of machine learning in turn creating new avenues for growth and improving customer experience. NLP can be used for speech recognition, with the latest being over 90% of that of a human, and creates more effortless data capture for customers, when compared with complex data input screens [7]. NLP can also be used for multilingual live interpretation, improving both employee and consumer experience [7]. NLP has also been introduced to other retailers to predict products that a consumer may be interested in based on their previous searches.  A recommendation system not only helps the consumer find their desired product but can also benefit companies financially with the consumer being 35% more likely to purchase a product [8]. 
Chatbots are a common example of NLP use within the retail sector with Juniper Research suggesting they can save companies $11 billion annually by 2023 [9].  Chatbots are a computer program which imitates human language and rely on NLP such as text and semantic analyses, to gather answers from databases [10]. D. Tran et al. [11] suggests that customers prefer online chatbots to human interactions, which could be related to the speed and convenience of the service provided. However, chatbots can improve resolution times by 99%, influencing consumers expectations, and potentially causing frustration during human interactions [11].
Whilst a successful AI/ML model is powerful within the retail sector, it is important to consider the limitations. AI techniques can be expensive to implement however companies such as Oracle have developed AIaaS (Artificial Intelligence as a Software) which strive to help the adoption of AI within retail specifically [3]. Ethical considerations are also imperative when introducing AI/ML into any sector. The 2022 Artificial Intelligence Index Report explains that there is still a limited effort within industry to address ethical concerns, with 29% and 41% recognising the risks, but only 19% and 27% taking steps to mitigate them [12].  Retail companies must be transparent and provide data security and privacy to retain confidence with the consumer [3]. The machine learning model must be fair, easy to interpret, transparent about the level of information provided, take accountability, and retain a strong focus on data privacy [4]. 
Considering both benefits and drawbacks, it’s apparent that the introduction of AI has transformed the retail sector and is a powerful tool to drive growth and profitability. The sector must continue to consider ethical implications and implement tools which will ensure data is collections in a safe and ethical manner, retaining consumer confidence.  
[bookmark: _Toc125470570]4/ Methods
[bookmark: _Toc125470571]4.1/ Data Types to Evaluate 
TO dataset contains both numerical and categorical data. The numerical data includes quantity and price whereas stock code and country are categorical data. The categorical data, such as country, can be evaluated to predict sales within a specific country, which can answer questions such as which country requires most stock or which countries require more marketing. Whilst there are no missing values within the country data, there is just under 1000 records, across both sheets, which have ‘Unspecified’ location. This would need to be considered if using this column for our machine learning model. It’s also been noted that for Saudi Arabia, there are only 10 records, which could be due to an incomplete dataset from that country. The stock code could identify popular items, which could be filtered further to popular items within specific countries. This information would be useful for stock planning purposes. The TO dataset only includes customer ID, however if further demographic information was available, such as age, this could be useful for marketing purposes, by identifying popular products per age group for example, and adjusting marketing appropriately. Whilst this is useful information, TO dataset does include a huge number of unique stock codes, therefore classification on stock code becomes complex. If the stock codes were grouped into categories, such as, ‘Lunch Boxes’, ‘Jewellery’, then this may have been more desirable. 
The numerical data such as quantity and price can be used to forecast future sales, or quantities required, and is particularly useful when used alongside the continuous date field. The date field allows us to identify seasonal trends within the data, which is often apparent within retail data such as a busy Christmas season. TO can then review this and predict busy periods for future years. It is important to discuss that the dataset is over 10 years old, becoming outdated and therefore a machine learning model based off this data may not be ideally accurate. If the dataset included more recent data, or more years were included, it would provide a more accurate ML model, thus more accurate forecasting and predictions. 
[bookmark: _Toc125470572]4.2/ Tool Comparison
There is a plethora of tools available to TO which can assist in analysing and creating a suitable and successful AI/ML model. Traditionality real-world use of ML is dominated by coding scripts, however the benefits that software such as KNIME provide, have meant that there is a growing demand for these platforms [13].
Figure 1 shows a comparison matrix of important characteristics required to carry out this analysis. 
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Figure 1. Comparison matrix 
Using the comparison matrix above, it is apparent that KNIME is the most suitable tool. It’s a free open-source predictive analytics software that allows data analysis and data processing on an abundance of data formats from simple excel spreadsheets to relational databases [14] . It requires no coding, reducing the time it takes to create a model, and making the software easy to use [13]. Whilst it doesn’t require code, it does allow anyone to create their own extensions and KNIME supports integration with a range of environments such as Python and R [13]. These extensions, however, are not validated and therefore it’s important to consider this if an extension is used within a model. KNIME also offers strong visualisation tools, allowing users to have a better understanding of the data they’re using at different steps of the machine learning model [14]. Not only useful to understand the data, but it can also assist problem solving. One of the main driving factors is the active community. Whilst Python also has a good support network, there are a huge number of examples of KNIME workflows available online, which assist when building the most suitable AI/ML model. It’s also easy to use, allows export to excel and reports, and offers easy drag-and-drop functionality.
KNIME however does struggle with larger datasets, especially when combined with a complex model such as clustering, experienced by the author.  This does become an issue for larger companies, such as TO, with large datasets however KNIME offers extensions which can provide further support if dealing with these datasets.
[bookmark: _Toc125470573]4.3/ Technique 
Three techniques were considered: forecasting, prediction, and classification. Classification is used when the output required is categorical data. TO could use classification to identify which items of stock generate the most revenue or are popular and could be categorised further to identify stock popular by country. This would be helpful to TO when considering which items to stock, and where. Classification can also be very useful when considering marketing but TO dataset would require further customer data for this to be truly beneficial. Other techniques to consider would be forecasting and predictive modelling. Predictive modelling is based on probability whereas forecasting is predicting future events based on analysis of past and present data trends [15]. It creates an algorithm which has been trained on a historical dataset to create likely values for unknown variables and attempts to fit a shape as closely to the data as possible to help organisations forecast the future [16]. Whilst classification could have been considered, the categorical data is limited, and the numerical data in price and quantity pose interesting, therefore the author has decided to create a forecasting model by analysing the historical price and quantity data and predict future trends.   
Linear regression has been chosen as it’s a simple, yet affective method for prediction. The predictor is trained using a training set of historic data. It then uses that model to predict future results and attempts to get as close as possible prediction for the remaining test data. The downside of linear regression however is that if the data is nonlinear then a line which potentially doesn’t fit the data very well will be found [17]. Seasonality will therefore be considered to minimise this issue. 

[bookmark: _Toc125470574]5/ Results 
[bookmark: _Toc125470575]5.1/ Data pre-processing
The data was reviewed within MS Excel and all columns were formatted into the desired format. Three new columns were added: unique_id (invoice+stock code), DateOnly, and TotalPrice (multiplication of quantity and price). Unique_Id was introduced to deal with duplicate records, and total price provides the total price of each row, which is useful when trying to review and predict trends of high revenue. As the dataset is so large, further data cleansing would take place in KNIME. Both 2009-2010 and 2010-2011 spreadsheets were loaded into KNIME, and the duplicate node filter was used to remove records which had a duplicate unique_id and unique_ID was then used as the row_id using row_ID node. Following this, the two spreadsheets were merged using the concatenate filter, and further duplicated were removed across the two spreadsheets due to the unique_ID column. 
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Figure 2
Once the spreadsheets were concatenated, further data pre-processing was carried out using the rule-based row filter node to remove missing values. Rows where total price were equal to 0 were removed, along with any minus figures. These values may have been considered if we were reviewing total profit, however this analysis was interested in total sales so these figures were removed. Invoices that began with C are discount/returns therefore any invoice that began with C and had a quantity of greater or equal to 0 were treated as outliers and removed as were invoices that were numeric, and quantity was less than or equal to 0. As the outcome is to predict sales, the only columns required are InvoiceDate and TotalPrice, therefore the rest of the columns have been filtered out using column filter node. Using the KNIME Hub, the aggregation granularity node has been identified which will aggregate the total price column by timestamp [18]. Three aggregation granularity nodes have been included and will be used to visualise the data in days, weeks, and months. 
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Figure 3.
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Figure 4. Aggregation by day 
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Figure 5. Aggregation by month
The aggregation by day shows that there are trends however it’s difficult to identify any patterns. Aggregating by month visualisation allows a clearer view, showing a clear peak in sales during the end of the year, with events such as Christmas could be a contributing factor. 
[bookmark: _Toc125470576]5.2/ Data post-processing
Now that the visualisation process and data cleansing is complete, the model can be built. There are missing days within the dataset and as linear regression is being used, this needs to be addressed. A new spreadsheet has been created with a date column, and a total price column. All dates have been included with a corresponding 0 for total price. The spreadsheet has then been loaded into KNIME and concatenated with the TO dataset. The date column has become the rowID so any duplicate rowIDs are not uploaded and they have then been sorted in rowID ascending. 
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Figure 5.
[bookmark: _Toc125470577]5.3/ Building model
The dataset has then been partitioned into training set and test dataset. To do this the partition node has been used with a 90% split. The training set will be used to train the linear regression learner and the test set will be used to test how accurate the results are. 
This ACF plot shows the degree of similarity between the dataset and the lagged version of itself over successive intervals, which identifies the seasonality. A lag of 7 has been identified using the inspect seasonality node as shown below. 
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Figure 6
This will be removed using the remove seasonality node from both test and training set. The training set is input into the linear regression trainer node to build the prediction model, and then both the training and test data is fed into the regression predictor to create the prediction. 
The prediction has been visualised in a line graph below. 
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Figure 7. Prediction without seasonality
The prediction is OK but not great, therefore we will introduce the seasonality on both prediction and total price to create a more accurate prediction, as shown below. 
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Figure 8. Prediction with seasonality reintroduced
The final prediction, whilst not entirely accurate, most definitely follows the same trend, especially with the spike in November 2011. 
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Figure 9. KNIME 

[bookmark: _Toc125470578]5.4/ Evaluation
This AI/ML model will allow TO to make predictions for the sales data in the future. However, it’s important to consider that this data is outdated, and variables could have changes since. With a suitable model now proposed, TO can use with more recent datasets, creating a more accurate prediction. Whilst the prediction is OK, it’s only based on two years of data and therefore more data would create a more accurate model. This prediction will prove useful however, not everything can be predicted, which has proven itself in recent events such as the Covid-19 pandemic. 
[bookmark: _Toc125470579]6/ Conclusion 
Whilst AI/ML can introduce ethical concerns, it’s apparent that the cost savings are in abundance. The AI/ML model which has been created will offer TO the ability to predict future trends, which can help with planning staff and stock. Whilst this outcome is positive, it’s important to consider the data provided could have been more up to date, and the more data provided, the more accurate the prediction becomes. 
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