Robert Iwan Jamieson
The University of Wales Trinity Saint David
School of Applied Computing
Wales Institute of Science and Art






Search and ML Clustering












AI and Machine Learning (ACCA6011)
Robert Iwan Jamieson (2004728)
Date of submission: 04.02.2023
Note: This submission was submitted late due to approved extenuating circumstances and so should not be penalized for being submitted at this date.
Abstract
This report first focuses on demonstrating the viability of artificial intelligence and machine learning to the fictional company Teronix Foods. The company has provided its old datasets. These datasets are evaluated for inconsistencies and are modified as appropriate to ensure that they are more reliable before the analysis of them. 
The best suited data-analytic program and the best algorithm for analysing the dataset are discussed and recommended. After this, a step-by-step list of how the analysis takes place and the creation of the decision tree algorithm is included. The key predicted results of the algorithm are then discussed. Finally, the conclusion is made that the results are not useful for the company due to the dataset’s relevance – however may demonstrate the accuracy of the algorithm and give the company confidence to use it in the future.
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[bookmark: _Toc126423901]Chapter 1 Introduction
This report will appraise the fictional company Teronix Foods, regarding the viability of artificial intelligence and machine learning to better understand their datasets. Teronix Foods is an online-based electronics and household items retailer and have provided 2 of their datasets dating from 2009-2011.
Firstly, the columns and records of the dataset will be judged to see if the data is relevant, formatted well and if the data is useful, or not. If needed, the datasets will be modified slightly so that they are of more use for analysing in a data-analytics program – the steps taken here will be listed.
It is important that Teronix Foods understands the data-analytics programs available to them, for future use. The most suitable program to the company will be recommended. The datasets will be analysed using this program, with the best suited algorithm model and algorithm. Furthermore, the findings of the algorithm will be explained, with appropriate screenshots.
Finally, the report will conclude and summarize the analysis of the dataset, key aspects of the process undertaken will be mentioned and the viability of using artificial intelligence and machine learning for Teronix Foods will be determined.
















[bookmark: _Toc126423902]Chapter 2 Artificial Intelligence and Machine Learning in the supermarket sector
Artificial intelligence is the ability for computer programs to think intelligently [1], aiming to be as intelligent as a human would be in a given scenario [1]. By doing so (to a degree), they can form decisions of their own and perform difficult tasks [1] with expertise. Artificial intelligence has many sub-fields, including computer vision [2], natural language processing [3] and machine learning [1].
Artificial intelligence, including computer vision can be used in the supermarket sector to help visually impaired customers identify products [4]. It can go even further by identifying text on products [5] and informing the person of information such as its best by date. A survey paper also suggested that supermarkets will use computer vision themselves, in order to automatically identify the stock of items on shelves [6]. By doing so, staff can refill the appropriate shelves efficiently whenever needed. This is crucial because a study has shown that “31% of shoppers move to other stores” [6] when products are out of stock [6].
Machine learning is the way that “a computer system develops its intelligence” [7] and represents many different algorithms that learn and improve themselves. They automatically recognize patterns in data [8] and produce predictions based on what they’ve learned so far [8]. Machine learning algorithms re-train themselves [8] after trial and error and the bigger the dataset, the more likely they will be accurate with their predictions [8].
Machine learning can be used in supermarkets for “highly accurate” [9] sale predictions [9], identifying consumer purchase habits [10] or automatically identifying the “correlations between one item to another item” [11]. 
Decision trees [9], gradient boosting [9] and support vector machines [12] are just some of the forms of data collection processes (algorithms) that can be used for sale predictions, allowing for supermarkets to better plan for the future [12]. This is important because food items can quickly go out of date [12]. Thus, an algorithm allowing for accurate sale predictions would save costs [12], increase profitability [12] and should allow for enough stock for all customers.
These same algorithms, including decision trees and more can be used for the purposes of analysing the datasets provided by Teronix Foods. However, the datasets themselves must be organized and include appropriate and accurate data in order to be useful. This will be determined in the following chapter.





[bookmark: _Toc126423903]Chapter 3 The forms of data Teronix Foods needs to evaluate
The datasets provided, namely: “Year 2009-2010” and “Year 2010-2011” datasets have been assessed. The data columns, records and the relevance and formatting of the data have been regarded. Thus, before revealing the forms of data Teronix Foods should focus on and evaluate, it’s important to understand the flaws and formatting of the datasets provided so that the same mistakes are not made in the future.
Both datasets provided contain the same columns, although contain data from different years – thus will be assessed the same. One key aspect that immediately raises concerns is that all the data provided is over a decade old. This is extremely concerning because if the data is irrelevant [13] to the current operations of Teronix Foods, then even when analysed by an algorithm, the results would be “functionally useless” [13]. Going forward in this report, it is assumed that the categories of data provided, such as the items sold are still relevant to the operations of Teronix Foods’ today.
[image: ]The data provided has many inconsistencies. The records in the “Description” column for example vary in their description, even for seemingly the same item. Furthermore, many of the records have not been added with due diligence and seem unprofessional. For example, the description of records 138572-138574 and many more are blank, as seen in figure 1.
[bookmark: _Toc126415490]Figure 1: Reveals that empty records are in the description column.
As these are blank, it’s impossible to know what items were sold and thus this data is redundant.
[image: ]Furthermore, the description field is being used not only to describe the product, but to also list whether it is damaged, broken, smashed, crushed etc. By replacing the details of the product, with details of the products condition – the details of the product are no longer known. Thus, records similar to the example as seen in figure 2 below are redundant.
[bookmark: _Toc126415491]Figure 2: Reveals that inappropriate data is used in the description column.
These should have instead been in a separate column named “ItemCondition”, for instance. This would have resolved this issue and better organized the dataset.
Basic information, including what currency the items have been sold at is not included in the datasets. This information is therefore unclear, as seen in figure 3.
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[bookmark: _Toc126415492]Figure 3: Reveals that the currency is unlabelled.
The data in the “InvoiceDate” field not only has the date, but also the time, as see in figure 4. It would have been better to create two columns, separating both the date and the time of the invoices.
[image: ]


[bookmark: _Toc126415493]Figure 4: Reveals too much data in one column.
Unfortunately, it would take an impractical amount of time to sort out all of the inconsistencies and faults in the records as mentioned. However, some modifications have been made to the data.
[bookmark: _Toc126423904]3.1 Modifications made to the datasets to better analyse them with an algorithm
The faults and errors from the records in both datasets will likely make the result of an algorithm used to predict future results less accurate. This is because “The quality demands of machine learning are steep” [14]. However, as some changes to the data has now been made as described below, this will help mitigate this somewhat.
Firstly, the data found in the column named “InvoiceDate” has been separated into two separate columns so that the data is clearer and more readable. The “InvoiceDate” column now only contains the date of the invoice, whilst the new column “InvoiceTime” contains only the time of the invoice.
Both datasets provided have been combined into one, meaning that there is now one large dataset containing over 1 million records – dating from 2009-2011. This has been done because analysing one larger set of data instead of 2 individually allows for “More Detailed Results” [15].
Teronix Foods should therefore focus on the most reliable data from the dataset – the countries of their clients, the quantities sold and the pricing of their products. By analysing this data in more depth, revelations including where the most likely customers will come from in the future will be revealed as well as insightful pricing practises. 
Ultimately, the flaws found in both datasets will make the datasets less reliable and thus less useful [14]. However, after modifying the datasets slightly by combining them and separating columns and due to the sheer number of records, the dataset may still be somewhat useful to analyse.
[bookmark: _Toc126423905]Chapter 4 The data-analytics programs available to Teronix Foods and implementation recommendations
A data-analytics program can be used to utilize machine learning in order to analyse [16] Teronix Foods’ dataset and predict future results. Data-analytic programs, including KNIME [17] and Orange [18] offer many algorithms, including decision trees [19] [20], clustering [21] [22], naïve bayes [23] [24] and more. Note that the free version of KNIME is being discussed here [25].
However, it’s important for Teronix Foods to understand the differences between KNIME and Orange, including their advantages and disadvantages. These differences between KNIME and Orange will provide the answer as to which one is the most suitable to be used for the machine learning implementation regarding the dataset.
Both Orange and KNIME are open-source [26] and can therefore be trusted to analyse Teronix Foods’ data. As mentioned, both data-analytic programs contain numerous algorithms that can be used, including classification algorithms [27] [28]. Both of these data-analytic tools also have a friendly user interface that users can quickly become familiar to [29]. Users simply “drag and drop” [30] algorithms, graphs and other features that they want to use and connect them together to produce a result.
[image: ]One key advantage of KNIME is that classification algorithms are more accurate when compared to Orange [26], according to a study’s [26] statistics as seen in figure 5 below:






[bookmark: _Toc126415494]Figure 5: Study reveals that KNIME is more accurate than Orange at predicting results for numerous classification algorithms. Source: [26].
All classification algorithms used in the study were more accurate when performed in KNIME, compared to Orange [26]. One particularly impressive result was that the decision tree algorithm was almost 30% more accurate in KNIME than Orange [26] – a huge margin. KNIME also outperformed all other data-analytic programs in terms of accuracy for 2 out of 3 of the classification algorithms tested [26].
Another study [31] also used multiple classification algorithms to test the accuracy of data-analytics tools, including KNIME and Orange [31]. It found that KNIME had an overall better accuracy at predicting future data results than Orange did (via their dataset) [31], as seen in figure 6 below:
[image: ]


[bookmark: _Toc126415495]Figure 6: Table reveals that KNIME has better average accuracy than Orange for predicting data results, regarding classification algorithms. Source: [31].
These studies come to show that KNIME’s results can be relied upon more than Orange, as it is more accurate with its predictions [26] [31].
One important aspect of choosing a data-analytics tool is the community support behind it. KNIME has a huge amount of community support [32] and supports the use of community made add-ons [32], which boosts the functionality of KNIME [32]. This could be useful if Teronix Foods ever wants to expand their data-analytics efforts.
As Teronix Foods has massive amounts of data to analyse, it’s very important that the data-analytics tool can handle this data. A study done by Shumaa Saeed Alzahrani [33] used both KNIME and Orange to identify key words relating to cyberbullying on Instagram [33]. In his evaluation and conclusion, he stated that Orange “outperformed the KNIME tool” [33], although had many inconveniences [33] with its process of doing so. However, more importantly, the study mentioned that KNIME could “deal with an extensive dataset” [33], yet suggested that Orange could not [33].
As KNIME is easy to use [29] and has excellent accuracy [26] [31] (especially when using the decision tree algorithm) – it is recommended that Teronix Foods use the KNIME data-analytics tool from now on to analysis their data.
[bookmark: _Toc126423906]4.1 The algorithms available to Teronix Foods
Prediction is an algorithm model that represents many algorithms [34]. Prediction model algorithms are suited for algorithms that have pre-existing datasets [34] to learn trends from. The datasets do not have to include labelled data [34], although can. Prediction algorithms analyse new data to then learn from and predict future data results [34].
Classification is another algorithm model that represents many algorithms, including decision trees [31], artificial neural networks [31], naïve bayes [26] and more. Classification algorithms use labelled pre-existing data to find trends, patterns and similarities between the data [34]. As new data is presented, they are classified into certain categories based on the training the model has received [31] from its pre-existing dataset.
Classification is the algorithm model that is therefore recommended because it is more suitable for Teronix Foods, due to their large pre-existing, labelled dataset. Specifically, the classification algorithm: decision tree is recommended for Teronix Foods. This is because as seen in figure 5 above, the decision tree algorithm is far more accurate than other classification algorithms used in KNIME [26]. Furthermore, the results that decision trees reveal are easy to understand [35].
[bookmark: _Toc126423907]Chapter 5 The creation of a suitable machine learning algorithm based on the dataset
KNIME and the classification model algorithm decision tree will be used to analyse the dataset, due to the benefits discussed in chapter 4.
[bookmark: _Toc126423908]5.1 Steps taken to analyse the dataset as well as the creation of the machine learning decision tree algorithm
Firstly, both datasets were combined into one as explained in chapter 3.1. There is now only one, larger dataset – now containing a total of 1,048,576 records – which is Excel’s record limit in a singular sheet [36]. Due to this, 71,182 records were lost. To avoid this issue for future datasets, Teronix Foods should store data of this magnitude in a database instead of a spreadsheet software.
After this, modifications were made to the excel sheet, as explained in chapter 3.1. The dataset was then exported into KNIME via the Excel Reader node. 
The following nodes were used in KNIME:
· Excel Reader node.
· Partitioning node ensured that the data is trained and tested [37]. 
· Column Filter node excluded the description class, for reasons mentioned in chapter 3: including because its data was inconsistent.
· Color Manager node simply coloured classes to distinguish them from each other.
· Decision Tree Learner node was used as it is “important for the guidance of a decision tree model” [38] – the country column was chosen as the class column as that was the class with reliable data that could reveal useful predictions. From this node it was ensured that all data records would be taken into account for the results.
· Decision Tree Predictor node was used to reveal the predicted results of the decision tree [39].
[image: ]The finished KNIME workflow can be seen in figure 7:







[bookmark: _Toc126415496]Figure 7: Screenshot reveals the finished KNIME workflow, with all the nodes used to allow the analysis and prediction of future trends for the company Teronix Foods. Note: This KNIME workflow was inspired from the report from source [38].
[bookmark: _Toc126423909]5.2 Discoveries of the decision tree’s predictions
As seen in figure 8, the algorithm has predicted that 91.9% of future purchases will be from customers residing in the United Kingdom. Whilst Ireland (EIRE), Germany and France are where most of the remaining purchases are predicted to come from. 
As all of these countries are geographically close, Teronix Foods could focus marketing in these areas to retain these customers. The company could also expand their marketing presence in more countries such as Japan, where it is predicted that only 0.1% of purchases will come from.
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[bookmark: _Toc126415497]Figure 8: Screenshot of decision tree result reveals predicted statistics regarding the purchases of items from varying countries.
In figure 9 below are the predicted quantities of sales from customers from different countries. It predicts that the customers from the United Kingdom are by far the most valuable. However, customers from France, Ireland and Germany are predicted to purchase greater than 5.5 quantities of goods than they are to purchase 5.5 or lesser quantities of goods. This prediction therefore suggests that customers from these countries will purchase more products in bulk and are therefore important to Teronix Foods.
[image: ]






[bookmark: _Toc126415498]Figure 9: Screenshot of decision tree result predicts that certain countries are expected to purchase many quantities of items, rather than just 1, for example - with each transaction.


[bookmark: _Toc126423910]Chapter 6 Conclusion
The viability of artificial intelligence and machine learning for Teronix Foods has been appraised. It was found that they would be beneficial for Teronix Foods – particularly the classification model algorithm and decision tree due to their benefits and simplicity. Those algorithms as well as the KNIME data-analytic program were found to be most suitable for Teronix Foods and are therefore recommended for future analysis of Teronix Foods datasets.
Teronix Foods presented two datasets – these were combined into one larger dataset, which unfortunately despite its benefits caused the loss of some data. Many inconsistencies within the dataset provided were discovered, primarily regarding the description records. The “InvoiceDate” column was split into 2 columns, for a better representation of the data.
The steps taken to analyse the dataset and the creation of the decision tree algorithm in KNIME have been clearly listed. The key predictions of the decision tree were highlighted, particularly focusing on the reliable data within the dataset – the country and quantity classes.
Unfortunately, as the dataset is over a decade old, the predictions found are not much use for the company. However, the company can compare the predictions discovered to their more up to date datasets to see if they were indeed accurate. If so, Teronix Foods can proceed with confidence when using KNIME as well as the decision tree algorithm for predicting future trends with their datasets.
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