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1. [bookmark: _Toc125192679]Introduction
This report will discuss artificial intelligence (AI) and machine learning (ML) techniques and their use in supermarkets. Teronix’s data will be assessed including data type, data dictionary, and an explanation of the set up. ML tools will be outlined and selected to manipulate data into a suitable model.

2. [bookmark: _Toc125192680]Literature Review - AI in Supermarkets
[bookmark: _Toc125192681]Artificial Intelligence (AI)
AI is modelling human thinking in machines [1]. It is the science and engineering of making intelligent programs normally performed by human intelligence [2]. It must be able to make its own rational evaluation (read a sensor) and respond with rational actions (control an agent) to achieve goals and measure performance [1].

[bookmark: _Toc125192682]Machine Learning (ML)
Generally, ML is the science of getting computers to learn, without explicitly being programmed [3].ML is the study of systems that can learn from data and make predictions [4]. Developing of methods that can automatically detect patterns in data to optimise a performance criterion to predict future outcomes [5]. 

a) [bookmark: _Toc125192683]AI in Supermarkets 
[bookmark: _Toc125192684]Seasonal Products
AI is used in stores to predict sales of certain products based on various factors. Predictions can be made using data from previous year’s/months’ sales, loyalty card data, inflation, weather forecasts, advertisement, current discounts, and vouchers, etc. AI can be used to make predictions of sales based on this information and therefore recommendations of how much stock to acquire. 
AI can be used to manage inventory such as noting stock levels and comparing them to sales of the previous year, if stock is below this level, then AI can calculate how much stock to reorder [6]. 
For example, seasonal snacks such as Christmas food/flavours/scents/themed items would only be popular between October and December [6]. Outside of these times, these products will not be as popular, therefore left-over stock will be reduced in price. 
Another example of seasonal predictions is summer products; these are only popular during hot weather [6], therefore supermarkets will stock up on garden items and BBQ food based on weather reports, so to meet demand they should get their summer stock before the heatwaves start.
[bookmark: _Toc125192685]Loyalty Cards
Vouchers are also a powerful advertising tool that can sway shoppers. For example, items reduced for club card members will become more popular while the discount price is on offer. This reduced price for members will also help persuade shoppers to sign up as a member to receive these discounts and therefore promote repeat customers. Loyalty cards then give the supermarket the ability to analyse a member’s shopping habits and offer them vouchers relevant to their shopping habits. 
Personalised emails can be sent out frequently to loyalty card holders offering relevant products to them (based on purchase history) while highlighting the current discounts on offer too [7]. These product offers will consider the buyer's preferences, food allergies, and frequently bought together items [8]; it can even analyse previous purchases and analyse what products the customer is likely to run out of to suggest these items [8]. This personalisation will be appreciated by the customer and offer higher chances the customer may get these products and check these communications again. 
[bookmark: _Toc125192686]Promotion
There are three types of promotions [7]:
1. X% off – a discount on more expensive products is used to tempt shoppers to try out a new product at a lower price. The hope is that the shoppers will enjoy the product and will get it again at the usual price.
2. X products for the price of £Y, or buy X get 1 free/half price – used to encourage buying multiple of a product. This will help a customer commit more to a product and potentially use the product quicker as they have a backlog, therefore buying more items at the same rate as they were buying fewer before.
3. Everyday low price – competitive pricing with other stores to offer regular low prices and gain more regular customers bringing in more revenue.
a. E.g. if the price of nappies is always an everyday low price, many parents may choose to do their entire shop there for all of their discounts [7].
Discounts are good but ML algorithms should be used to see what items are commonly bought together, this data should be used to ensure these commonly bought together items are not all discounted as shoppers are more likely to buy them together without a promotion.
[bookmark: _Toc125192687]Shoplifting
AI with computer vision can use object recognition to identify products that are being put into the pockets of shoplifters, this will help the security team attempt to catch and stop this before the shoplifters leave the shop [6].
[bookmark: _Toc125192688]Sweethearting
Sweethearting is when a cashier fake scanning items at the checkout [8], so the customer gets charged less. This could include scanning a product not facing the barcode, scanning two items stacked, etc [6]. Object recognition would be able to identify what products have been bagged to it can be compared with the receipt. This will reduce the chance of theft and deter employees to sweetheart.
[bookmark: _Toc125192689]Crowd Concerns for Covid Restrictions 
AI can use computer vision to monitor social distancing and highlight available checkouts for convenience when staying safe in this manner [6]. It could be used to identify when a queue for the checkouts is too long and automatically rink for more checkout staff to help speed up the wait time. 
Aldi uses AI with a traffic light system to restrict the number of shoppers in a store. Then the number of shoppers reaches the max, the light shows red, and the door closes until someone leaves, then the light becomes green again and the doors open for the next customer to enter [8].
[bookmark: _Toc125192690]Smart Billing Process
Some stores such as Amazons Go stores that does not have checkouts, instead the items in the basket are monitored by cameras and weight sensors and are able to identify the products the customer walks out with and charge them directly to their amazon account [9].
[bookmark: _Toc125192691]Smart Carts
Smart carts work similarly, the cart knows what items have been placed in it and generates a running total, so when the user is ready to pay, they only have to scan a barcode at the checkout counter [6]. The cart has a location and navigation system to help shoppers find the product they’re looking for [8]; it also shows the current promotions and recommendation for the shopper based on products already in the cart [8].
[bookmark: _Toc125192692]In-store Navigation
AI can be used with video recognition with apps to identify a shopper’s location and direct them to their desired destination or product, this is extremely helpful in shopping centres where hundreds of shops can be difficult to find [8].


3. [bookmark: _Toc125192693]Methods
a) [bookmark: _Toc125192694]Data Collection
Teronix’s data is over 12 years old, this could mean it is not as relevant to shoppers as more recent data, especially since covid and Brexit, in combination with inflation, shoppers are buying differently, and buying more thoughtfully to save money as things cost more now. Therefore this data is probably not relevant anymore.
In terms of the stated columns, all could be relevant; although, it would be better to consider a relational database structure to eliminate repetitive or inconsistent data.
There are also missing values that are not ideal, all of the columns present in the Teronix data set should be required so that the business can make better analysis of the data. Data such as customer ID and description are definitely always needed. Data cleaning could be conducted to replace the empty fields with a default value; however, this would still not be beneficial to mining the data, so a decision should be made whether to exclude these records, or use the default values generated.
Potentially, the invoice date could be split into date and time columns so that the time could be analyse separately to the date if that is something Teronix would find useful knowledge.
In order to format and analyse the data in the analytics tools, the two data sheets could be merged into one in order to analyse the data as a whole. To do this, as the sheets are too big to merge in Excel, so they would need to be exported to Comma-separated Values (CSV) files and combined into one file. 

[bookmark: _Toc125192695]Examples of Bad Data
Whilst analysing the data, it was fair to say there were some confusing or potential outliers in the data; this bad data needs to be removed from the set so that the results from the analysis are not skewed by outliers. Here are some found examples of found bad data or potential outliers, this data could be correct, but it is confusing and therefore is unclear what it refers to so could be errors. Recommendations to resolve these matters will be made later in this document.

Prices less than 0.01
Price: 0.001. this small price indicates it is an error, so perhaps this should be free or maybe it an error and should have a price.
	494914
	PADS
	PADS TO MATCH ALL CUSHIONS
	1
	19/01/2010 17:04
	0.001
	16705
	United Kingdom

	496222
	PADS
	PADS TO MATCH ALL CUSHIONS
	1
	29/01/2010 13:53
	0.001
	13583
	United Kingdom

	496473
	PADS
	PADS TO MATCH ALL CUSHIONS
	1
	01/02/2010 15:38
	0.001
	17350
	United Kingdom





A potential refund for more than the cost of the sale
One row with the same description seems to be an error as it indicates that 1 of these customers returned this item 4 months later for 36.6 refund. This suggests that the product should cost 36.6, and an error was made pricing the products.
	499399
	PADS
	PADS TO MATCH ALL CUSHIONS
	1
	26/02/2010 13:26
	0.001
	14459
	United Kingdom

	C513477
	PADS
	PADS TO MATCH ALL CUSHIONS
	-1
	24/06/2010 16:56
	36.6
	14459
	United Kingdom



Varying prices on the same product
Price: varies on the same product. There is no clear reason why this product was 8p more expensive from 3/12/2009 - 11/1/2010. This could be an error.
	489519
	90168
	2 DAISIES HAIR COMB
	6
	01/12/2009 11:37
	2.95
	17700
	United Kingdom

	490074
	90168
	2 DAISIES HAIR COMB
	2
	03/12/2009 14:39
	3.03
	
	United Kingdom

	492783
	90168
	2 DAISIES HAIR COMB
	1
	18/12/2009 17:15
	3.03
	
	United Kingdom

	494012
	90168
	2 DAISIES HAIR COMB
	1
	11/01/2010 09:31
	3.03
	
	United Kingdom

	495406
	90168
	2 DAISIES HAIR COMB
	1
	25/01/2010 09:54
	2.96
	
	United Kingdom

	495574
	90168
	2 DAISIES HAIR COMB
	1
	25/01/2010 17:36
	2.96
	
	United Kingdom



Another example of varying prices is this item was sold at 8.5 and 1.95, the only identified pattern is that 8 or more is under the cheap price, where 3 or less is far more expensive. Should this be a multi buy discount, they should still be documented as the same, and the discount applied on the purchase.
	490152
	84932C
	SMALL ORIENTAL BLUE FOLDING STOOL
	3
	04/12/2009 10:00
	8.5
	12714
	France

	492074
	84932C
	SMALL ORIENTAL BLUE FOLDING STOOL
	8
	15/12/2009 13:12
	1.95
	12941
	United Kingdom

	495300
	84932C
	SMALL ORIENTAL BLUE FOLDING STOOL
	8
	22/01/2010 13:39
	1.95
	12510
	Spain

	496518
	84932C
	SMALL ORIENTAL BLUE FOLDING STOOL
	16
	02/02/2010 12:03
	1.95
	13854
	United Kingdom

	496911
	84932C
	SMALL ORIENTAL BLUE FOLDING STOOL
	8
	04/02/2010 15:05
	1.95
	12500
	Germany

	497201
	84932C
	SMALL ORIENTAL BLUE FOLDING STOOL
	8
	07/02/2010 11:37
	1.95
	12681
	France

	497360
	84932C
	SMALL ORIENTAL BLUE FOLDING STOOL
	8
	09/02/2010 09:17
	1.95
	12437
	France

	497680
	84932C
	SMALL ORIENTAL BLUE FOLDING STOOL
	1
	11/02/2010 14:48
	8.5
	15244
	United Kingdom





Another example shows varying prices with no clear pattern.
	503823
	84762C
	GREEN PICNIC BARBECUE BUCKET
	1
	07/04/2010 14:59
	8.47
	
	United Kingdom

	504328
	84762C
	GREEN PICNIC BARBECUE BUCKET
	1
	12/04/2010 15:59
	10.75
	16987
	United Kingdom

	504550
	84762C
	GREEN PICNIC BARBECUE BUCKET
	8
	14/04/2010 12:56
	5.95
	17039
	United Kingdom

	504848
	84762C
	GREEN PICNIC BARBECUE BUCKET
	1
	16/04/2010 17:12
	10.75
	14623
	United Kingdom

	504861
	84762C
	GREEN PICNIC BARBECUE BUCKET
	1
	18/04/2010 12:05
	10.75
	14702
	United Kingdom

	504916
	84762C
	GREEN PICNIC BARBECUE BUCKET
	1
	19/04/2010 10:28
	8.47
	
	United Kingdom

	504925
	84762C
	GREEN PICNIC BARBECUE BUCKET
	1
	19/04/2010 10:53
	8.47
	
	United Kingdom



Finally, this example has varying price but also has missing description and some negative quantities but is unclear if these are refund or purchases as only some have customer IDs.
	490692
	10138
	ASSORTED COLOUR JUMBO PEN
	12
	07/12/2009 13:57
	0.42
	16018
	United Kingdom

	C490807
	10138
	ASSORTED COLOUR JUMBO PEN
	-96
	08/12/2009 12:25
	0.42
	13091
	United Kingdom

	C490946
	10138
	ASSORTED COLOUR JUMBO PEN
	-96
	08/12/2009 14:28
	0.42
	13091
	United Kingdom

	491617
	10138
	ASSORTED COLOUR JUMBO PEN
	7
	11/12/2009 14:01
	0.42
	
	United Kingdom

	492002
	10138
	
	-36
	15/12/2009 11:23
	0
	
	United Kingdom

	492226
	10138
	ASSORTED COLOUR JUMBO PEN
	1
	15/12/2009 18:33
	0.83
	
	United Kingdom

	492425
	10138
	ASSORTED COLOUR JUMBO PEN
	1
	16/12/2009 17:58
	0.83
	
	United Kingdom

	494144
	10138
	ASSORTED COLOUR JUMBO PEN
	2
	11/01/2010 14:35
	0.81
	
	United Kingdom

	C494444
	10138
	ASSORTED COLOUR JUMBO PEN
	-1
	14/01/2010 13:09
	0.84
	12921
	United Kingdom



No description
Description: NULL. Lack of description is confusing and does not indicate what the data is about and has no customer ID.
	496939
	72140D
	
	-6
	04/02/2010 17:20
	0
	
	United Kingdom

	496940
	90060C
	
	-4
	04/02/2010 17:21
	0
	
	United Kingdom

	496942
	84425A
	
	9
	04/02/2010 17:22
	0
	
	United Kingdom

	496941
	84427B
	
	-6
	04/02/2010 17:22
	0
	
	United Kingdom



Unclear description with high cost
Description: Adjust bad debt. This data needs more information and has no customer ID.
	A506401
	B
	Adjust bad debt
	1
	29/04/2010 13:36
	-53594.36
	
	United Kingdom

	A516228
	B
	Adjust bad debt
	1
	19/07/2010 11:24
	-44031.79
	
	United Kingdom


Varying formats of description or lack of information
Description: nonspecific. The descriptions are unclear, and these records are not clear what it’s about or what is happening, such as was a refund issued or is that not applicable in the scenario. Many of these records have inconsistencies in the description in spelling or wording making it hard to filter through. They also have 0 in the price, so we are not aware if these are sales or purchases. None have a customer id. Some of these records have a stock code for a product but an unrelated description. The following key indicates how these descriptions could be categorised: damaged, lost, mis sold, found, etc. Uncategorised data is confusing and needs more explanation. These rows can then have a comments column for more information regarding these categories 
	489467
	85123A
	21733 mixed
	-192
	01/12/2009 10:53
	0
	
	United Kingdom

	489660
	35956
	lost
	-1043
	01/12/2009 17:43
	0
	
	United Kingdom

	489663
	35605A
	damages
	-117
	01/12/2009 18:02
	0
	
	United Kingdom

	489820
	21133
	invcd as 84879?
	-720
	02/12/2009 13:23
	0
	
	United Kingdom

	489899
	79323GR
	sold as gold
	-954
	03/12/2009 09:41
	0
	
	United Kingdom

	490766
	51008
	wet
	-200
	08/12/2009 11:06
	0
	
	United Kingdom

	491065
	84855
	MIA
	-108
	09/12/2009 11:59
	0
	
	United Kingdom

	491732
	79030A
	smashed
	-350
	14/12/2009 10:00
	0
	
	United Kingdom

	491972
	21100
	bad quality
	-76
	14/12/2009 18:43
	0
	
	United Kingdom

	492788
	72739B
	discoloured
	-70
	18/12/2009 17:45
	0
	
	United Kingdom

	493821
	17129D
	missing (wrongly coded?)
	-2127
	07/01/2010 12:43
	0
	
	United Kingdom

	497275
	22058
	damaged?
	-191
	08/02/2010 13:57
	0
	
	United Kingdom

	498144
	21701
	No Stock
	-82
	17/02/2010 10:04
	0
	
	United Kingdom

	498394
	22433
	my error - connor
	-4200
	18/02/2010 15:10
	0
	
	United Kingdom

	498888
	15056N
	wedding co returns?
	-700
	23/02/2010 13:08
	0
	
	United Kingdom

	499371
	84782B
	damages, lost bits etc
	-46
	26/02/2010 11:51
	0
	
	United Kingdom

	500248
	17109B
	found
	72
	05/03/2010 12:43
	0
	
	United Kingdom

	500258
	21752
	lost in space
	-53
	05/03/2010 13:36
	0
	
	United Kingdom

	500321
	84016
	ebay sales
	-3300
	07/03/2010 12:03
	0
	
	United Kingdom

	500815
	17027A
	MISSING
	-370
	10/03/2010 11:03
	0
	
	United Kingdom

	501021
	22359
	temp
	100
	11/03/2010 16:23
	0
	
	United Kingdom

	501615
	47587A
	12'S SOLD AS 1?
	-1060
	18/03/2010 11:06
	0
	
	United Kingdom

	503992
	35821B
	gone
	-21
	09/04/2010 11:02
	0
	
	United Kingdom

	505285
	85221
	?
	-1120
	21/04/2010 11:48
	0
	
	United Kingdom

	506101
	21858
	dirty
	-1
	27/04/2010 13:12
	0
	
	United Kingdom

	506280
	47505
	Damp and rusty
	-420
	28/04/2010 16:01
	0
	
	United Kingdom

	506648
	84016
	invoice 506647
	-299
	30/04/2010 16:24
	0
	
	United Kingdom

	507004
	21092
	phil said so
	-20
	05/05/2010 14:19
	0
	
	United Kingdom

	507154
	84858A
	wet and rotting
	-100
	06/05/2010 13:32
	0
	
	United Kingdom

	507155
	84858B
	wet & rotting
	-200
	06/05/2010 13:32
	0
	
	United Kingdom

	507174
	84807
	display
	-180
	06/05/2010 14:57
	0
	
	United Kingdom

	507192
	85017A
	wrong ctn size
	-626
	06/05/2010 16:18
	0
	
	United Kingdom

	507913
	10120
	Zebra invcing error
	-9000
	11/05/2010 17:16
	0
	
	United Kingdom

	512442
	71477
	Wet, rusty-thrown away
	-312
	15/06/2010 16:43
	0
	
	United Kingdom

	512443
	22236
	Rust fixed
	850
	15/06/2010 16:46
	0
	
	United Kingdom

	514100
	22470
	crushed
	-4
	30/06/2010 12:30
	0
	
	United Kingdom


[bookmark: _Toc125192696]b) Data Types
When evaluating the data, Teronix does not need to combine both 2009-10 and 2010-11; they may choose to analyse just 1 year, or they may also find use in identifying patterns between the years, such as X product is bought in November both years. The data set has been combined for this project so that a full analysis can take place of all the available data.

A data dictionary is a table that holds the fields and data types for reference by the developer. The following data dictionary has been created based on the data provided for Teronix:
	Field Name
	Required
	Data Type
	Examples

	Invoice
	Yes
	String/varchar
	489434
C489449

	Stock Code
	Yes
	String/varchar
	22083
84970S
POST
B

	Description 
	No
	String
	SOLDIERS EGG CUP 
POSTAGE

	Quantity
	Yes
	Integer
	6
-52

	Invoice Date
	Yes
	Date Time
	01/12/2009 07:45

	Price
	Yes
	Decimal up to 3 places (unclear what currency)
	2.1
822.94

	Customer ID
	No
	Integer
	13554

	Country
	Yes
	String
	France
USA


Table 1: Data dictionary base don Teronix data.
It would be suggested that all these fields be required in order to prevent missing data.



4. [bookmark: _Toc125192697]Results
[bookmark: _Toc125192698]c) Tools 
[bookmark: _Toc125192699]Data Analysis Tools
Various tools and applications are available for the use of data mining, some include:
Knime 
Knime is an accessible program used to prepare and analyse data [10], it low-code platform with a drag-and-drop interface which means very little code is needed in the process making the application easier for everyone to use [11]. It is a powerful free open-source application with access to all features required to make a workflow of any level of complexity. Analytics models can be created and deployed within the organisation too [10].
Despite Knime’s intuitive design and
“Even though you do not have to learn a programming language in order to work with KNIME and everything looks really intuitive from the far, the learning curve for KNIME is not necessarily as narrow as you'd expect it to be” [12]
[image: Graphical user interface, text, application, Word

Description automatically generated]
Figure 1: Knime Interface.



Orange
Orange is a machine learning and data visualisation platform offering a diverse toolbox to enable building of visual workflows [12]. Data analysis made simple to make visual charts and graphs to identify patterns and distribution, or more complex diagrams such as decision trees, hierarchy, etc [12]. The use of graphic user interfaces (GUIs) to analyse data without needing to code anything [12] or have deep mathematical knowledge [13]. Orange is suitable for everyone for all uses by hiding complex underlying mechanisms [13].
[image: Graphical user interface, application

Description automatically generated]
Figure 2:Orange interface.

Jamovi
Jamovi is a new piece of software that is simple and easy to use free open-source software for statistical analysis [14]. It is user friendly and intuitive built on the R statistical language [15].

Recommendation
The writer of this report has used both Knime and Orange and found that Knime handled large quantities of data better than Orange. When using large file sizes in Orange, the file must be reloaded into the document upon opening Orange files. The writer of this report found that Orange crashed several times when attempting to analyse Teronix data whereas Knime crashed far less. 
Orange was simpler and easy to use but also seemed to have less available features than Knime in their standard packages. Orange offered more visual graphs when analysing the data so gave more insights of what the data showed.
Knime has more options and flexibility but therefore also has a steeper learning curve than Orange due to these additional steps to learn.
For Teronix, either tool would be appropriate, however the data is flawed and until that is resolved analysing it may not give clear and accurate result.


[bookmark: _Toc125192700]d) AI Model
[bookmark: _Toc125192701]Knime
Data from Excel was exported into CSV files and combined. Data was imported into Knime with the CSV file importer. Data was then manipulated in different ways to look for patterns.
[image: Timeline

Description automatically generated]
Figure 3: Knime analytics of Teronix data.

A pie chart was constructed to identify where stock was being delivered. The results showed the majority of stock was for the UK.
[image: Chart, pie chart

Description automatically generated]
Figure 4: Country distribution of stock purchases.

The data was filtered to show description, quantity, and country. The data was then filtered to only show positive quantity to show sales and remove blank descriptions for clarity. The data then was sorted from larges to smallest quantity to analyse the most popular products. The Results show “PAPER CRAFT, LITTLE BIRDIE” was ordered in the largest quantity, closely followed by “MEDIUM CERAMIC TOP STORAGE JAR”, these values are of around 80,000, much larger than the next highest quantity; due to this there is potential these could be errors, but when looking into the data, these orders were later returned or refunded. The remaining largest quantity order is then “BLACK AND WHITE PAISLEY FLOWER MUG”.
All orders of this large quantity we must assume are sold to other organisations to sell to their own customers.
[image: Table

Description automatically generated]
Figure 5: Largest purchases from Teronix.



The data was then attempted to analyse the orders of one customer, whilst filtering out “postage2 from the description. The data was sorted into a decision tree to look for patterns in the buyers’ purchases, no patterns were identified.
[image: Graphical user interface, text

Description automatically generated]
Figure 6: Snipping of Customer 12682’s purchase history as a decision tree.

Similarly, data from 13/01/2010 was analysed with the removal of blank customer IDs and negative quantities. This data was also formatted into a decision tree; no pattern was identified.
[image: Graphical user interface, text

Description automatically generated]
Figure 7: Snipping 13/01/2010 purchases as a decision tree.



[bookmark: _Toc125192702]Orange
Data from Excel was exported into CSV files and combined. Data was imported into Orange with the CSV file importer. Data was then manipulated in different ways to look for patterns.
[image: Diagram

Description automatically generated]
Figure 8: Orange analytics of Teronix data.

Firstly, Orange analysed the data automatically with feature statistics. The data shows the mean quantity of the total data is 9.94, mean price is 4.65, and the post common country being the UK by quite a lot.
Another interesting result from this data is that 23% of customer IDs are missing.
[image: Calendar

Description automatically generated]
Figure 9: Orange feature statistics results.
[image: Graphical user interface

Description automatically generated]
Figure 10: another breakdown of the price range as a box plot.

A sample of the data was taken to plot on a bar graph to look at quantity purchased of products. The data came out unclear without labels, and unreadable with labels.
[image: Chart, histogram

Description automatically generated]
Figure 11: Quantity of product purchased without labels.
[image: A picture containing graphical user interface

Description automatically generated]
Figure 12: Quantity of product purchased with labels.

A decision tree was attempted to be constructed with no success. The graph asked for one column to be selected for analytics, however none of the columns would produce a successful decision tree.
[image: Icon

Description automatically generated]
Figure 13: Failed decision tree.



Finally, predicted sales were created. When roughly comparing this to the existing data, the predictions do look similar to the existing data so therefore could have some degree of accuracy.
[image: Graphical user interface, application, table, Excel

Description automatically generated]
Figure 14: Predicted data.



[bookmark: _Toc125192703]Analysis of Data
Firstly, the given data is over 12 years old. Old data isn’t a current reflection on habits, it would be more beneficial for Teronix to analyse more relevant data.

Overall, this data is very poorly formatted making it extremely difficult to filter, analyse and understand. The writer’s recommendation moving forward is that the table should be multiple tables with the use of foreign keys. For example:
[image: Diagram

Description automatically generated]
Figure 15: Example of snowflake schema, relational database set up for Teronix.
[image: Diagram

Description automatically generated]
Figure 16: Example of star schema, relational database set up for Teronix.
By setting up a database as such, repetition is eliminated as data is relocated to its relevant table. While star scheme may see a small amount of repetition, it is known to have the fastest relationships due to all table’s relation to one central table.
It will also mean product data is located in one convenient place and is not repeated from year to year. This table could also be expanded to hold the remaining stock level and set up an automatic notification system when stock is below the reorder level. This table would also serve as a list of products with their fixed prices and set currency which would resolve the varying price problem.
Furthermore, this would then make it easier to analyse order data as Stock Code and Quantity are the only data saved in the order table without the repetition of the other data. 
Additionally, as we assume Teronix is a solely online-based chain, it would be appropriate with this format to enforce users to register for an account, therefore preventing missing customer ID data from the table and saving delivery information in a more secure table. 
Another option for data editing would be the option to split the invoice date into date and time, that way data can also be analysed by date, such as is more alcohol bought in the evenings. However, due to global ordering, times will vary from country to country due to varying time zones, this can make analysing via the time more complicated.
Finally, by having the country (or one would assume delivery address too) combined with he orders and product details, there is concerns with privacy of user’s data when staff are analysing sales data. This is another reason why the data must be split into multiple relational databases. Personal data must be secure and only accessed by authorised individuals only when necessary else this risks a breach of data that could end in a fine. 

It has been identified that Stock Codes are mostly numerical, however some contain letters. To improve these, the writer would also recommend that Stock code and other record IDs should be a string that reflects the data. For example, the following stock code could be used regarding these products:
	Description
	Example Stock Code

	SAVE THE PLANET MUG
	STP MUG

	FANCY FONT HOME SWEET HOME DOORMAT
	HSH DOORMAT

	CLASSIC WHITE FRAME
	W FRAME

	LUNCH BAG RED SPOTTY
	RS LUNCH BAG


Table 2: Example Stock Codes for Teronix products.
This way, then reviewing data, it is clearer what the foreign key refers to without the need to investigate manually.
Furthermore, it would be necessary that product description was a mandatory field as this causes great confusion when no description is present.

Another suggestion for re-formatting data would be to consider separating purchases from sales. For example, in the table, there is data such as:
	Invoice
	StockCode
	Description
	Quantity
	InvoiceDate
	Price
	Customer ID
	Country

	489806
	18010
	
	-770
	02/12/2009 12:42
	0
	
	United Kingdom


Table 3: example record.
There are problems understanding data like this, firstly, as there is no description, we do not know what this record is about. 
Secondly, due to the large negative quantity and lack of customer ID, we could assume that this is a purchase rather than a sale. As this makes the matter quite confusing, purchases such as this one should have a separate table from sales so that when analysing purchases, it is not confused with refunds and vice versa. This could use a foreign key of Supplier ID from a supplier table in place of customer ID to further clarify that it is a purchase. 


By splitting sales and purchases, purchases could be further clarified especially when a problem arises. If an order is damaged in any way (damaged, wet, rusty, smash, crushed, etc) they should still contain the product description. This table requires a column such as “condition” with a drop down of sold, purchased, damaged, lost, refunded, found, etc and an additional column of “comments” where more detail can be added by hand. This will help sort data effectively without missing data due to human error such as cap sensitivity or spelling.

The data given was rather unformatted, but also has many records, over 1m. This big data is difficult to work with as when analysing data, graphs often find they cannot generate if too many rows are present. For this reason, when using Knime to generate graphics, this data had to be filtered to only show one day so not to overwhelm the software. Unfortunately, this does not give us the ‘big picture’ view. 
During this filtering process, it was found that on the test day (13/01/2010) approximately 2/3 records show a lack of customer ID. This is not recommended as this creates a lack of data we can analyse such what items are frequently bought together. As mentioned previously, customer ID should be required to give more insight into the data.


5. [bookmark: _Toc125192704]e) Conclusion
For the purpose of this practical investigation, the two data sheets were combined for analytics. This was possibly not the best idea as the data was so large that both the analytics tools used crashed a lot.
The writer of this report has expressed many issues with this data set including its age, missing data, unclear data, inconsistent data, data repetition; these factors make analytics much harder, and should be rectified in order to gain a more accurate and useful analysis. The general consensus of the data was as follows:
· The data is over 12 years old which means it does not reflect current buying habits of users. This means the results form the analytics of this data is no longer relevant and is unlikely to help Teronix. More recent data is required to give a more relevant insight.
· The missing data restricted the use of the dataset in that less analysis could be made. All fields present in Teronix data should be made required.
· Unclear descriptions meant the records were harder to analyse as it was unclear what the record actually detailed. More columns could be added such as record category with a drop down to select from to aid filtering of data. Input masks and check constraints should be used to validate entered values and only allow acceptable inputs.
· Unclear IDs made it harder to understand the data. Stock Codes should reflect the product for ease of data analysis.
· Inconsistent data was found in the cost of products which was unclear why. Creating a separate product table using relational databases would ensure prices stay consistent.
· There was also inconsistent data in descriptions which made it hard to filter for specific records. Such as records described with “lost” was found formatted in at least 4 different ways meaning they will not all be found when looking for this data. This could be selected from a drop down of options so that the format remains consistent.
· Data repetition in the content of an order meant the customer id, invoice date, invoice order, and country were repeated for each product ordered. This could cause errors in the input of records but also causes a skew when analysing the data. This data should be formatted in a relational database to eliminate this repetition.
Both Knime and Orange are useful tools for analytics but require a clean data set and training for staff to adjust to the learning curve quickly. The writer of this report found that Orange was easier to use and was able to construct more visual analytics but overall found Knime and Orange both struggled with the data set. Overall, both tools could be helpful to the organisation and Teronix should select which one they prefer based on their staff skill and needs; however, Orange is the most suitable to a wider range of skill sets.
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