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	Teronix Online have contracted an analyst to produce a report exploring the viability of deploying Artificial Intelligence and Machine Learning techniques, to support Teronix in understanding their data. The analyst has been provided with a dataset previously created by a former consultant, to assist with the appraisal. 
Artificial Intelligence (AI) is the ‘science and engineering of making intelligent machines’ [1]. It tries to train machines to mimic the intelligence of a human brain. This can include learning, reasoning, problem solving and acting upon the environment to achieve goals. 
Machine Learning (ML) is a ‘branch of AI which focuses on the use of data and algorithms’ [2]. ML focuses on the development of systems that will learn from the data. It is about predicting the future based on the past [3]. Therefore, it can serve a significant purpose in the supermarket sector by collecting, understanding, and acting upon the vast amounts of data available, to increase profits and decrease waste. 
This data can be collected in various ways from multiple different sources. The first step to collecting meaningful data is to establish data requirements. What data does the company need and why? For Teronix, this will be focused on sales reports, a customer database, stock reports etc. To understand which customers are buying certain products and whether this is affected by location, seasonality, or other contributing factors. 
This report will first give some context to what AI/ML is and how it is being used in the supermarket sector. It will then discuss the methods and tools used by the consultant to evaluate the data provided. Before presenting the AI/ML model and explaining how this type of analysis could benefit Teronix in the future. 
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[bookmark: _Hlk124837566]The consultant undertook a literature review to understand the extent of work already being explored using AI and ML in the supermarket sector. The use of AI and ML in the supermarket sector has been growing in demand in recent years. Supermarkets have the opportunity to collect vast amounts of data regarding customer spending and trends. It has also become a lot cheaper and more accessible to store larger amounts of data. Companies are now becoming aware of the benefits that this may provide to them if they know how to exploit it properly. 
AI is a ‘widely used emerging technology’ helping businesses use real-time data to gain insights on customer behaviours and operational improvements [4]. 
There are three main uses for AI in businesses:
1. Customer-focused – How businesses understand and interact with customers 
2. Products/Services – To offer more intelligent products and services 
3. Business processes – Automate and improve business processes [4]
In the supermarket sector, this may sometimes be split into just two areas [5]. For this literature review, we will look into these two areas to understand how supermarkets are using AI/ML for:
1. Customer experience 
In the supermarket sector, AI can use the data collected to understand more about customer behaviour and what impacts purchasing decisions. AI can be used to improve customer experience and customer service [5]. 
Market basket analysis 
A popular AI approach used in the supermarket sector is market basket analysis. This is used to understand customer behaviour ‘by identifying relationships between the items that people buy’ [6]. It uses association rule mining to simply build a set of rules describing the trends in the data. 
The most famous use case for this AI tool was ‘Walmart’s infamous beer and diapers association anecdote’ [6]. This study found that men who go into Walmart to buy diapers on a Friday afternoon are also likely to buy beer [7]. 
Analysis techniques can explore patterns within the data that may or may not be expected. 
This data exploration will help Teronix classify different products and customers into clusters, allowing for more informed predictions which will provide the expert assistance required for dealing with increased requests. 
Loyalty Cards 
Many supermarkets offer loyalty cards to its customers as a way of collecting more customer-focused data and providing a more personalised experience for every member. 
An article stated that Tesco uses their Clubcard to collect data, then applies ‘data analytics and clustering methods’ to gain insights from this data [8]. The insights gained from this data are then able to inform stock decisions to ensure the right products are stocked in the right places according to the data predictions. 
Retailers such as Tesco are ‘increasingly using big data, predictive analytics and machine learning to gain insight into customer’ behaviours [9]. Following this would help Teronix understand behaviours and plan ahead for them. 
Chatbots 
Chatbots are a type of Machine Learning application, using Natural Language processing to provide ‘human-like conversations to customers’ [10]. Chatbots have been developed to mimic the role of a customer service assistant, by answering queries, providing resources, and making amendments to customer orders. 
The increased use of chatbots throughout many customer-focused industries has provided many benefits to customers. Increased availability (sometimes 24/7) improves customer engagement and customer satisfaction as it takes away the reliance on human resource [11].
This could add an element of customer service for Teronix to deal with the increased requests. 
Recommendation Engine 
Recommendation engines are a machine learning tool implemented to predict which products or services a customer is likely to be interested in based on previous activity [12]. The recommendations create a more personalised experience for each customer, increasing customer engagement and therefore sales. Recommendation engines use a form of classification algorithm based on customer behaviours and the behaviours of those similar to them. 
It was reported in 2021 that 31% of businesses were using predictive analytics in ways such as recommendation engines to ‘enhance operations’ [12]. This figure will continue to rise as other businesses catch up. One of the most well-known businesses offering this feature to all of its customers is Amazon. Amazon was one of the first to implement content-based filtering, and now the recommendations account for around ‘35% of their total sales’ [12]. 
As an online retailer this could improve customer engagement on the website, promoting certain recommended products. 
Smart Supermarkets
Teronix is an online retailer – but some online retailers have branched out to smart stores. The most well-known is Amazon Go. In 2017, Amazon shared their ideas for an AI powered grocery store [13]. Customers can purchase the items they need without queueing for the tills and paying for their items manually. AI features such as computer vision and the assistance of smart phones are used to create a seamless experience for the customer. ‘Improving the customer experience by creating personal and convenient shopping experiences’ [14]. 
Gartner predicted in 2021 that ‘By 2023, five Tier 1 grocery retailers will have adopted hybrid store models, installing “go-style” smart check-out formats within their larger superstores.’ [15]. Following on from the success of Amazon Go. This may be an option for Teronix in future. 
2. Operating efficiencies 
Business operations should aim to be as efficient as possible to reduce waste and improve sales. AI’s predictive capabilities can be used in the planning, distribution, and delivery functions to offer a more streamlined approach. 
Supply Chain Management (SCP)
Gartner predicted that at least 50% of global companies will be using AI technologies to support their supply chain operations by 2023 [16]. 
The use of AI in SCP helps businesses make informed operational decisions, reduce costs, plan logistics and make use of forecasting. This could include prediction techniques and also robotics for the monitoring of products visually. This would benefit Teronix when planning for their imports and exports in Europe and the Americas. 
Fulfilment Robots 
Just as robotics can be used for SCM, it can also support fulfilment tasks. Mobile robots can work alongside human employees to support the picking and sorting of products [17]. 
This would help Teronix speed up the packing and distribution process, allowing them to process more requests at once. 
‘One thing is very clear, AI is going to change our world forever’ [18]. Analysts are continuing to make predictions on the future of AI in certain industries, and this highlights how fast changing it can be for the supermarket sector keeping up with AI developments [19].
Companies like Teronix will have to keep evolving alongside future AI developments to keep up with the industry. But to begin with, Teronix need to build the foundations for deploying AI and ML techniques to the data available. Once a better understanding of the data is achieved, Teronix can explore what else they can achieve using the data. 
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	The consultant was tasked with analysing the dataset previously created by a former consultant to Teronix. Following on from this, to clearly explain to senior management what insights could be gained from this data.  
Companies can collect various forms of data in various different ways. Customer data can be collected using the POS (Point of Sale) systems in the stores, or through customer accounts or loyalty cards. Stock data can be collected through a POS system or a localised database. 
Emerging data sources describe the potential new data sources companies can use in ‘prediction, forecasting and decision-making using AI’ [20]. These sources include social media where companies can learn a lot about their target demographic by analysing their social media activity using natural language processing. 
From the data provided by the previous consultant, the company has access to various types of data. This data can be split into either categorical or numerical. Categorical data represents characteristics [21].  This could be in the form of a nominal value or an ordinal value, for example age, gender, country. Numerical data can be discrete - where the value is of a certain distinct value such as quantity sold. Or it can be continuous – usually a measurement for something such as height or profit. 
The data provided to the consultant was collated from sales information from 2009 – 2011, describing the quantity of products sold and at what price. The data types found in the Teronix Data are as follows: 
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Figure 1. Teronix Data Types
There are many open-source statistical analysis tools available to analyse this data. Open source tools make code available for use of modification by other users, for free [22].  A business like Teronix could use statistical analysis to discover customer trends and behaviours through their data [23]. Four of these tools are introduced below: 
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Figure 2. Comparison of statistical tools
The consultant decided to use Jamovi for the statistical analysis of Teronix data. This is due to the simple interface, variety of functions, and presentation of results. Jamovi also offers the reusability of analysis, so Teronix can import new data for analysis without any manual analysis setup. 
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Before importing the dataset into Jamovi to run the analyses, the data needed to go through ‘pre-processing’. This involves evaluating the data to ensure it is as accurate and consistent as possible. Data quality and consistency are important considerations when it comes to data analysis. If the data being analysed is not up to standard, then the results of the analysis will not be reliable. The consultant faced some challenges with the data provided, as it was over ten years old, contained large amounts of blank or inconsistent values, and contained adjustments. These factors reduced the quality of the data and therefore the quality of the results. 
Pre-processing
Removing Postage and Test products - Not relevant when analysing sales data
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Figure 3. Pre-processing – Removal of postage data
Removing blank values - Although these blank values could impact the analysis, they provide no context, so not accurate enough to be included in the analysis. 
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Figure 4. Pre-processing – Removal of blank values
Removing inconsistent/inaccurate values - The consultant did not want to remove any other low quality values from the dataset other than question marks, as this would skew the analysis. However, in future the data needs to be complete and follow consistent naming conventions. 
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Figure 5. Pre-processing – Removal of incomplete data
Creating lookup tables – Providing consistent naming conventions within the data for country code and product code [31].
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Figure 6. Pre-processing – Lookup tables
Convert the Excel files into CSV and merge the two datasets together in Notepad ++
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Figure 7. Pre-processing – Notepad ++
Once the dataset had been pre-processed, it was ready to import into Jamovi. 
From an initial evaluation of the data, this snapshot of company activity will be able to give insights into the sales and quantity of products in different locations. We may be able to identify trends and correlations between the products or the locations. However, the snapshot is over ten years old so the value this will have going forward may not be significant. Teronix needs to develop a data capture procedure to collect up-to-date and complete data, which can then be analysed to inform future decisions. 
Jamovi
The consultant completed a set of statistical tests within Jamovi. Please find the results under the appendix. 
The AI/ML Model for Teronix Online should contain classification followed by linear regression. 
Classification can be used to categorise products into clusters to show which products are likely to be purchased together, or which products are more likely to be purchased in different countries. This can inform promotion materials, as well as inform stock decisions. 
Linear regression can take the data produced from the classification and predict future sales for those clusters.
Please see Appendix for examples of linear regression and classification with complete data samples. 

Results and Discussion 
From analysing the data provided, it is clear that it requires a supervised learning algorithm to uncover the trends within the data, which can lead to informed business decisions [32]. 
Teronix can apply a classification algorithm to the data, to categorise the data items that are not of numeric value. This will attempt to classify the attributes based on their similarities and predict the value of certain outcomes. This could classify Teronix customers by their location, or by their purchasing habits. It will group customers based on what they buy and when for example. This will help to inform marketing decisions and stock decisions. This could be in the form of a decision tree, logistic regression, or naïve bayes. 
Teronix can apply a regression algorithm to the numerical data in order to predict future data based on previous data points. An example of this is linear regression. This could be used to predict sales, or predict the quantity sold.
The consultant recommends that Teronix applies classification algorithms to their data in order to categorise similar data items as a means of understanding the customers. This will allow for a more tailored marketing approach to certain target audiences based on their purchasing behaviours or demographics. From this analysis, the consultant then recommends linear regression to forecast future sales. Both supervised learning techniques used in parallel will provide forecasting abilities, but also with some context. As an international company, this context is needed to inform decisions on stock and distribution. 
From the data analysed, it shows customers are mainly from the UK, Ireland then other European countries such as France and Germany. However, this has probably changed significantly over the last 10 years. The dataset also contains price and quantity which could be analysed to predict sales over time, if only the data was more accurate. Product codes can be classified based on their descriptions or their ‘frequently bought with’ similarities. 
Conclusion 
To conclude, AI and ML can add immense value to Teronix in terms of improving sales and efficiency and reducing waste. However, Teronix will not experience any benefits of AI and ML if they do not collect up-to-date and complete data for the tool to analyse. The world of AI and ML has changed significantly over recent years, so analysing data from over 10 years ago is not relevant in today’s climate. This data can provide a proof of concept to follow but does not ensure the model will still be applicable today. 
From the information above, Teronix should be able to get an idea of what they could achieve with these tools. Companies like Amazon are leading the way and Teronix should follow suit. The consultant would recommend for Teronix to develop a consistent procedure for collecting data, and then analyse this data using classification then linear regression. 
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Appendix A – Jamovi results for Teronix data 
Linear Regression
	Model Fit Measures

	Model
	R
	R²

	1
	
	0.0152
	
	2.32e-4
	

	



	Model Coefficients - Price

	Predictor
	Estimate
	SE
	t
	p

	Intercept ᵃ
	
	3.2741
	
	12.6
	
	0.25996
	
	0.795
	

	CountryCode:
	
	 
	
	 
	
	 
	
	 
	

	ARE – #N/A
	
	1.7260
	
	13.8
	
	0.12546
	
	0.900
	

	AUS – #N/A
	
	0.6497
	
	12.9
	
	0.05034
	
	0.960
	

	AUT – #N/A
	
	-0.1365
	
	13.2
	
	-0.01031
	
	0.992
	

	BEL – #N/A
	
	0.7837
	
	12.8
	
	0.06125
	
	0.951
	

	BHR – #N/A
	
	0.2140
	
	16.7
	
	0.01280
	
	0.990
	

	BMU – #N/A
	
	-0.7829
	
	24.6
	
	-0.03179
	
	0.975
	

	BRA – #N/A
	
	-0.5474
	
	17.9
	
	-0.03057
	
	0.976
	

	CAN – #N/A
	
	-1.0399
	
	15.0
	
	-0.06922
	
	0.945
	

	CHE – #N/A
	
	-0.3824
	
	12.8
	
	-0.02991
	
	0.976
	

	CYP – #N/A
	
	2.0874
	
	13.1
	
	0.15934
	
	0.873
	

	DEN – #N/A
	
	-0.8070
	
	13.3
	
	-0.06051
	
	0.952
	

	DEU – #N/A
	
	-0.0972
	
	12.6
	
	-0.00770
	
	0.994
	

	ESP – #N/A
	
	1.3218
	
	12.8
	
	0.10361
	
	0.917
	

	FIN – #N/A
	
	0.1055
	
	13.2
	
	0.00800
	
	0.994
	

	FRA – #N/A
	
	0.8844
	
	12.6
	
	0.06998
	
	0.944
	

	GBR – #N/A
	
	1.2596
	
	12.6
	
	0.10000
	
	0.920
	

	GRC – #N/A
	
	0.3061
	
	13.5
	
	0.02270
	
	0.982
	

	HKG – #N/A
	
	54.1344
	
	14.2
	
	3.82126
	
	< .001
	

	IRL – #N/A
	
	3.7386
	
	12.6
	
	0.29604
	
	0.767
	

	ISL – #N/A
	
	-0.7280
	
	14.8
	
	-0.04921
	
	0.961
	

	ISR – #N/A
	
	0.2932
	
	14.1
	
	0.02075
	
	0.983
	

	ITA – #N/A
	
	1.1630
	
	13.0
	
	0.08952
	
	0.929
	

	JPN – #N/A
	
	-1.1115
	
	13.6
	
	-0.08177
	
	0.935
	

	KOR – #N/A
	
	-0.8893
	
	20.0
	
	-0.04445
	
	0.965
	

	LBN – #N/A
	
	2.3214
	
	20.6
	
	0.11250
	
	0.910
	

	LTU – #N/A
	
	-0.6581
	
	15.5
	
	-0.04255
	
	0.966
	

	MLT – #N/A
	
	18.3042
	
	14.5
	
	1.26237
	
	0.207
	

	N/A – #N/A
	
	1.2450
	
	13.4
	
	0.09311
	
	0.926
	

	NGA – #N/A
	
	0.1409
	
	25.2
	
	0.00560
	
	0.996
	

	NLD – #N/A
	
	-0.5304
	
	12.7
	
	-0.04171
	
	0.967
	

	NOR – #N/A
	
	24.4103
	
	13.0
	
	1.87635
	
	0.061
	

	POL – #N/A
	
	-0.0600
	
	13.7
	
	-0.00439
	
	0.997
	

	PRT – #N/A
	
	2.7682
	
	12.8
	
	0.21578
	
	0.829
	

	RSA – #N/A
	
	16.5712
	
	15.8
	
	1.05072
	
	0.293
	

	SGP – #N/A
	
	70.3716
	
	14.2
	
	4.94351
	
	< .001
	

	SWE – #N/A
	
	1.6271
	
	13.0
	
	0.12470
	
	0.901
	

	THA – #N/A
	
	-0.2745
	
	18.9
	
	-0.01449
	
	0.988
	

	USA – #N/A
	
	-0.8072
	
	13.7
	
	-0.05898
	
	0.953
	

	WIN – #N/A
	
	-1.0005
	
	21.0
	
	-0.04766
	
	0.962
	

	ᵃ Represents reference level
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Linear Regression
	Model Fit Measures

	Model
	R
	R²

	1
	
	0.0570
	
	0.00325
	

	


 
	Model Coefficients - Quantity

	Predictor
	Estimate
	SE
	t
	p

	Intercept ᵃ
	
	12.03732
	
	17.29596
	
	0.69596
	
	0.486
	

	Price
	
	-0.00185
	
	0.00133
	
	-1.39081
	
	0.164
	

	CountryCode:
	
	 
	
	 
	
	 
	
	 
	

	ARE – #N/A
	
	1.50314
	
	18.89269
	
	0.07956
	
	0.937
	

	AUS – #N/A
	
	42.23788
	
	17.72507
	
	2.38295
	
	0.017
	

	AUT – #N/A
	
	0.39217
	
	18.19116
	
	0.02156
	
	0.983
	

	BEL – #N/A
	
	-0.35585
	
	17.57280
	
	-0.02025
	
	0.984
	

	BHR – #N/A
	
	-1.91181
	
	22.95809
	
	-0.08327
	
	0.934
	

	BMU – #N/A
	
	70.26142
	
	33.82025
	
	2.07750
	
	0.038
	

	BRA – #N/A
	
	-6.23439
	
	24.58994
	
	-0.25353
	
	0.800
	

	CAN – #N/A
	
	4.07255
	
	20.63160
	
	0.19739
	
	0.844
	

	CHE – #N/A
	
	4.65622
	
	17.55920
	
	0.26517
	
	0.791
	

	CYP – #N/A
	
	-2.91826
	
	17.98980
	
	-0.16222
	
	0.871
	

	DEN – #N/A
	
	284.87129
	
	18.31422
	
	15.55465
	
	< .001
	

	DEU – #N/A
	
	1.08873
	
	17.34484
	
	0.06277
	
	0.950
	

	ESP – #N/A
	
	0.06150
	
	17.51830
	
	0.00351
	
	0.997
	

	FIN – #N/A
	
	2.18395
	
	18.10714
	
	0.12061
	
	0.904
	

	FRA – #N/A
	
	1.24337
	
	17.35586
	
	0.07164
	
	0.943
	

	GBR – #N/A
	
	-3.01386
	
	17.29681
	
	-0.17424
	
	0.862
	

	GRC – #N/A
	
	-0.32855
	
	18.51473
	
	-0.01775
	
	0.986
	

	HKG – #N/A
	
	7.60782
	
	19.45477
	
	0.39105
	
	0.696
	

	IRL – #N/A
	
	6.52267
	
	17.34237
	
	0.37611
	
	0.707
	

	ISL – #N/A
	
	0.95554
	
	20.31408
	
	0.04704
	
	0.962
	

	ISR – #N/A
	
	2.75366
	
	19.40511
	
	0.14190
	
	0.887
	

	ITA – #N/A
	
	-1.88795
	
	17.84013
	
	-0.10583
	
	0.916
	

	JPN – #N/A
	
	42.64366
	
	18.66801
	
	2.28432
	
	0.022
	

	KOR – #N/A
	
	-2.54084
	
	27.47723
	
	-0.09247
	
	0.926
	

	LBN – #N/A
	
	-3.99186
	
	28.33694
	
	-0.14087
	
	0.888
	

	LTU – #N/A
	
	3.61832
	
	21.23910
	
	0.17036
	
	0.865
	

	MLT – #N/A
	
	-3.58713
	
	19.91234
	
	-0.18015
	
	0.857
	

	N/A – #N/A
	
	-3.14534
	
	18.36130
	
	-0.17130
	
	0.864
	

	NGA – #N/A
	
	-10.28099
	
	34.59192
	
	-0.29721
	
	0.766
	

	NLD – #N/A
	
	63.76522
	
	17.46003
	
	3.65207
	
	< .001
	

	NOR – #N/A
	
	6.87734
	
	17.86555
	
	0.38495
	
	0.700
	

	POL – #N/A
	
	-1.38297
	
	18.79995
	
	-0.07356
	
	0.941
	

	PRT – #N/A
	
	-1.15058
	
	17.61690
	
	-0.06531
	
	0.948
	

	RSA – #N/A
	
	-0.34371
	
	21.65830
	
	-0.01587
	
	0.987
	

	SGP – #N/A
	
	8.29290
	
	19.54892
	
	0.42421
	
	0.671
	

	SWE – #N/A
	
	54.98703
	
	17.91850
	
	3.06873
	
	0.002
	

	THA – #N/A
	
	21.54719
	
	26.01969
	
	0.82811
	
	0.408
	

	USA – #N/A
	
	-5.07230
	
	18.79452
	
	-0.26988
	
	0.787
	

	WIN – #N/A
	
	-4.71829
	
	28.82660
	
	-0.16368
	
	0.870
	

	ᵃ Represents reference level

	


 
K-means clustering method
Clustering vector
	Sum of squares Table

	 
	Value

	Cluster 1
	
	2.30e0+7
	

	Cluster 2
	
	3.46e+10
	

	Between clusters
	
	1.20e+10
	

	Total
	
	4.67e+10
	

	


 
	Clustering Table

	Cluster No
	Count

	1
	
	2
	

	2
	
	1060651
	

	


 
	Centroids of clusters Table

	 
	Cluster No
	Price
	Quantity

	1
	
	1.00
	
	1.560
	
	77605.000
	

	2
	
	2.00
	
	4.608
	
	9.949
	

	


 
Plot of means across clusters
[image: A picture containing chart

Description automatically generated]
General Linear Model
Analysis plot
[image: Chart, line chart

Description automatically generated]
	Estimates and effect sizes for categorical predictors

	
	95% Confidence Interval

	Variable
	Level
	Estimate
	Lower
	Upper

	Factors (Estimates reported are means)
	
	 
	
	 
	
	 
	
	 
	

	Country
	
	United Kingdom
	
	9.01
	
	8.67
	
	9.35
	

	 
	
	France
	
	13.27
	
	10.45
	
	16.1
	

	 
	
	Australia
	
	54.27
	
	46.67
	
	61.87
	

	 
	
	EIRE
	
	18.55
	
	16.06
	
	21.03
	

	 
	
	Germany
	
	13.12
	
	10.57
	
	15.67
	

	 
	
	Portugal
	
	10.88
	
	4.31
	
	17.44
	

	 
	
	Japan
	
	54.68
	
	40.91
	
	68.44
	

	 
	
	Denmark
	
	296.9
	
	285.1
	
	308.71
	

	 
	
	Nigeria
	
	1.75
	
	-56.97
	
	60.47
	

	 
	
	Netherlands
	
	75.8
	
	71.12
	
	80.48
	

	 
	
	Poland
	
	10.65
	
	-3.79
	
	25.09
	

	 
	
	Spain
	
	12.09
	
	6.64
	
	17.54
	

	 
	
	Channel Islands
	
	12.3
	
	4.16
	
	20.45
	

	 
	
	Italy
	
	10.14
	
	1.57
	
	18.71
	

	 
	
	Cyprus
	
	9.11
	
	-0.59
	
	18.81
	

	 
	
	Belgium
	
	11.67
	
	5.58
	
	17.76
	

	 
	
	Greece
	
	11.7
	
	-1.25
	
	24.65
	

	 
	
	Norway
	
	18.86
	
	10.09
	
	27.63
	

	 
	
	Austria
	
	12.42
	
	1.38
	
	23.47
	

	 
	
	Sweden
	
	67.02
	
	57.84
	
	76.19
	

	 
	
	United Arab Emirates
	
	13.53
	
	-1.37
	
	28.43
	

	 
	
	Finland
	
	14.22
	
	3.71
	
	24.72
	

	 
	
	Switzerland
	
	16.69
	
	10.75
	
	22.63
	

	 
	
	USA
	
	6.96
	
	-7.45
	
	21.37
	

	 
	
	Unspecified
	
	8.88
	
	-3.2
	
	20.96
	

	 
	
	Malta
	
	8.41
	
	-10.93
	
	27.75
	

	 
	
	Bahrain
	
	10.12
	
	-19.47
	
	39.71
	

	 
	
	RSA
	
	11.66
	
	-13.89
	
	37.21
	

	 
	
	Bermuda
	
	82.29
	
	25.33
	
	139.26
	

	 
	
	Hong Kong
	
	19.54
	
	2.08
	
	37
	

	 
	
	Singapore
	
	20.19
	
	2.34
	
	38.05
	

	 
	
	Thailand
	
	33.58
	
	-4.52
	
	71.68
	

	 
	
	Israel
	
	14.78
	
	-2.46
	
	32.03
	

	 
	
	Lithuania
	
	15.65
	
	-8.51
	
	39.81
	

	 
	
	West Indies
	
	7.31
	
	-37.88
	
	52.51
	

	 
	
	Lebanon
	
	8.04
	
	-35.96
	
	52.03
	

	 
	
	Korea
	
	9.49
	
	-32.35
	
	51.34
	

	 
	
	Brazil
	
	5.8
	
	-28.46
	
	40.06
	

	 
	
	Canada
	
	16.11
	
	-5.94
	
	38.15
	

	 
	
	Iceland
	
	12.99
	
	-7.89
	
	33.87
	

	 
	
	Saudi Arabia
	
	7.5
	
	-97.53
	
	112.53
	

	 
	
	Czech Republic
	
	21.14
	
	-41.63
	
	83.91
	

	 
	
	European Community
	
	8.41
	
	-35.2
	
	52.03
	

	


 
	Difference between factor levels for categorical predictors

	
	95% Confidence Interval
	

	Variable
	Comparison
	Difference
	Lower
	Upper
	Cohen's d

	Country
	
	France-United Kingdom
	
	4.2600
	
	-33.680
	
	42.20
	
	0.0300
	

	 
	
	Australia-United Kingdom
	
	45.2600
	
	-41.190
	
	131.71
	
	0.2700
	

	 
	
	EIRE-United Kingdom
	
	9.5400
	
	-18.020
	
	37.09
	
	0.0600
	

	 
	
	Germany-United Kingdom
	
	4.1100
	
	-158.510
	
	166.73
	
	0.0200
	

	 
	
	Portugal-United Kingdom
	
	1.8700
	
	-97.430
	
	101.17
	
	0.0100
	

	 
	
	Japan-United Kingdom
	
	45.6700
	
	-20.320
	
	111.65
	
	0.2700
	

	 
	
	Denmark-United Kingdom
	
	287.8900
	
	256.380
	
	319.41
	
	1.7000
	

	 
	
	Nigeria-United Kingdom
	
	-7.2600
	
	-42.120
	
	27.60
	
	-0.0400
	

	 
	
	Netherlands-United Kingdom
	
	66.7900
	
	-112.140
	
	245.71
	
	0.3900
	

	 
	
	Poland-United Kingdom
	
	1.6400
	
	-38.080
	
	41.36
	
	0.0100
	

	 
	
	Spain-United Kingdom
	
	3.0800
	
	-19.540
	
	25.70
	
	0.0200
	

	 
	
	Channel Islands-United Kingdom
	
	3.2900
	
	-121.980
	
	128.57
	
	0.0200
	

	 
	
	Italy-United Kingdom
	
	1.1300
	
	-35.550
	
	37.82
	
	0.0100
	

	 
	
	Cyprus-United Kingdom
	
	0.1000
	
	-22.840
	
	23.04
	
	0.0000
	

	 
	
	Belgium-United Kingdom
	
	2.6600
	
	-20.020
	
	25.34
	
	0.0200
	

	 
	
	Greece-United Kingdom
	
	2.6900
	
	-39.790
	
	45.18
	
	0.0200
	

	 
	
	Norway-United Kingdom
	
	9.8500
	
	-44.020
	
	63.73
	
	0.0600
	

	 
	
	Austria-United Kingdom
	
	3.4100
	
	-59.470
	
	66.30
	
	0.0200
	

	 
	
	Sweden-United Kingdom
	
	58.0100
	
	4.680
	
	111.33
	
	0.3400
	

	 
	
	United Arab Emirates-United Kingdom
	
	4.5200
	
	-27.890
	
	36.93
	
	0.0300
	

	 
	
	Finland-United Kingdom
	
	5.2100
	
	-39.290
	
	49.71
	
	0.0300
	

	 
	
	Switzerland-United Kingdom
	
	7.6800
	
	-112.680
	
	128.03
	
	0.0500
	

	 
	
	USA-United Kingdom
	
	-2.0500
	
	-128.390
	
	124.29
	
	-0.0100
	

	 
	
	Unspecified-United Kingdom
	
	-0.1300
	
	-71.800
	
	71.54
	
	0.0000
	

	 
	
	Malta-United Kingdom
	
	-0.6000
	
	-59.400
	
	58.20
	
	0.0000
	

	 
	
	Bahrain-United Kingdom
	
	1.1100
	
	-24.140
	
	26.36
	
	0.0100
	

	 
	
	RSA-United Kingdom
	
	2.6500
	
	-164.890
	
	170.19
	
	0.0200
	

	 
	
	Bermuda-United Kingdom
	
	73.2800
	
	40.450
	
	106.12
	
	0.4300
	

	 
	
	Hong Kong-United Kingdom
	
	10.5300
	
	-35.650
	
	56.71
	
	0.0600
	

	 
	
	Singapore-United Kingdom
	
	11.1800
	
	-17.220
	
	39.59
	
	0.0700
	

	 
	
	Thailand-United Kingdom
	
	24.5700
	
	-50.860
	
	100.00
	
	0.1400
	

	 
	
	Israel-United Kingdom
	
	5.7700
	
	-292.230
	
	303.78
	
	0.0300
	

	 
	
	Lithuania-United Kingdom
	
	6.6400
	
	-48.270
	
	61.56
	
	0.0400
	

	 
	
	West Indies-United Kingdom
	
	-1.6900
	
	-28.160
	
	24.77
	
	-0.0100
	

	 
	
	Lebanon-United Kingdom
	
	-0.9700
	
	-34.690
	
	32.74
	
	-0.0100
	

	 
	
	Korea-United Kingdom
	
	0.4800
	
	-26.800
	
	27.77
	
	0.0000
	

	 
	
	Brazil-United Kingdom
	
	-3.2100
	
	-113.150
	
	106.73
	
	-0.0200
	

	 
	
	Canada-United Kingdom
	
	7.1000
	
	-39.010
	
	53.20
	
	0.0400
	

	 
	
	Iceland-United Kingdom
	
	3.9800
	
	-43.350
	
	51.31
	
	0.0200
	

	 
	
	Saudi Arabia-United Kingdom
	
	-1.5100
	
	-23.030
	
	20.01
	
	-0.0100
	

	 
	
	Czech Republic-United Kingdom
	
	12.1300
	
	-28.250
	
	52.52
	
	0.0700
	

	 
	
	European Community-United Kingdom
	
	-0.6000
	
	-130.300
	
	129.10
	
	0.0000
	



	R² and semi-partial R² estimates

	Source
	Estimate

	model
	
	0.00330
	

	Country
	
	0.00325
	

	


 
Descriptives
	Descriptives

	 
	Country
	N
	Missing
	Mean
	Median
	SD
	Minimum
	Maximum

	Price
	
	Australia
	
	1911
	
	0
	
	3.92
	
	1.85
	
	24.99
	
	0.0000
	
	662.25
	

	 
	
	Austria
	
	904
	
	0
	
	3.14
	
	1.65
	
	7.83
	
	0.1200
	
	130.00
	

	 
	
	Bahrain
	
	126
	
	0
	
	3.49
	
	2.95
	
	2.82
	
	0.4200
	
	14.95
	

	 
	
	Belgium
	
	2975
	
	0
	
	4.06
	
	1.95
	
	39.18
	
	0.0000
	
	1508.65
	

	 
	
	Bermuda
	
	34
	
	0
	
	2.49
	
	1.95
	
	2.59
	
	0.2100
	
	12.75
	

	 
	
	Brazil
	
	94
	
	0
	
	2.73
	
	1.95
	
	2.32
	
	0.2100
	
	10.95
	

	 
	
	Canada
	
	227
	
	0
	
	2.23
	
	1.65
	
	2.24
	
	0.1000
	
	12.75
	

	 
	
	Channel Islands
	
	1664
	
	0
	
	5.44
	
	2.10
	
	25.81
	
	0.1900
	
	934.66
	

	 
	
	Cyprus
	
	1173
	
	0
	
	5.36
	
	2.95
	
	16.88
	
	0.1200
	
	320.69
	

	 
	
	Czech Republic
	
	28
	
	0
	
	1.58
	
	1.45
	
	1.14
	
	0.2900
	
	4.95
	

	 
	
	Denmark
	
	792
	
	0
	
	2.47
	
	1.65
	
	2.60
	
	0.0600
	
	16.95
	

	 
	
	EIRE
	
	17865
	
	0
	
	7.01
	
	2.10
	
	64.90
	
	0.0000
	
	2736.16
	

	 
	
	European Community
	
	58
	
	0
	
	4.24
	
	2.95
	
	3.62
	
	0.5500
	
	14.95
	

	 
	
	Finland
	
	1000
	
	0
	
	3.38
	
	1.95
	
	9.79
	
	0.1200
	
	275.60
	

	 
	
	France
	
	13836
	
	0
	
	4.16
	
	1.65
	
	71.09
	
	0.0000
	
	4161.06
	

	 
	
	Germany
	
	16961
	
	0
	
	3.18
	
	1.69
	
	14.70
	
	0.0000
	
	715.02
	

	 
	
	Greece
	
	658
	
	0
	
	3.58
	
	2.55
	
	3.68
	
	0.1200
	
	39.95
	

	 
	
	Hong Kong
	
	362
	
	0
	
	57.41
	
	1.95
	
	353.26
	
	0.2100
	
	2653.95
	

	 
	
	Iceland
	
	253
	
	0
	
	2.55
	
	1.95
	
	2.16
	
	0.2500
	
	12.75
	

	 
	
	Israel
	
	371
	
	0
	
	3.57
	
	1.95
	
	7.83
	
	0.0600
	
	125.00
	

	 
	
	Italy
	
	1502
	
	0
	
	4.44
	
	2.17
	
	20.34
	
	0.1200
	
	660.86
	

	 
	
	Japan
	
	582
	
	0
	
	2.16
	
	1.65
	
	2.61
	
	0.2100
	
	45.57
	

	 
	
	Korea
	
	63
	
	0
	
	2.38
	
	2.10
	
	1.49
	
	0.1200
	
	5.95
	

	 
	
	Lebanon
	
	57
	
	0
	
	5.60
	
	3.75
	
	5.99
	
	0.5500
	
	39.95
	

	 
	
	Lithuania
	
	189
	
	0
	
	2.62
	
	2.10
	
	1.63
	
	0.1400
	
	8.50
	

	 
	
	Malta
	
	295
	
	0
	
	21.58
	
	2.55
	
	166.91
	
	0.1900
	
	1868.56
	

	 
	
	Netherlands
	
	5036
	
	0
	
	2.74
	
	1.45
	
	15.32
	
	0.0000
	
	947.08
	

	 
	
	Nigeria
	
	32
	
	0
	
	3.42
	
	1.80
	
	5.04
	
	0.4200
	
	27.82
	

	 
	
	Norway
	
	1434
	
	0
	
	27.68
	
	1.65
	
	397.76
	
	0.0000
	
	6958.17
	

	 
	
	Poland
	
	529
	
	0
	
	3.21
	
	1.65
	
	3.49
	
	0.1900
	
	39.95
	

	 
	
	Portugal
	
	2563
	
	0
	
	6.04
	
	1.95
	
	55.04
	
	0.1200
	
	1241.98
	

	 
	
	RSA
	
	169
	
	0
	
	19.85
	
	1.69
	
	155.38
	
	0.0000
	
	1435.29
	

	 
	
	Saudi Arabia
	
	10
	
	0
	
	2.41
	
	2.30
	
	1.39
	
	0.4200
	
	5.49
	

	 
	
	Singapore
	
	346
	
	0
	
	73.65
	
	2.10
	
	421.92
	
	0.1900
	
	3949.32
	

	 
	
	Spain
	
	3710
	
	0
	
	4.60
	
	1.95
	
	40.38
	
	0.0000
	
	1715.85
	

	 
	
	Sweden
	
	1310
	
	0
	
	4.90
	
	1.45
	
	47.91
	
	0.0900
	
	874.84
	

	 
	
	Switzerland
	
	3130
	
	0
	
	2.89
	
	1.69
	
	3.07
	
	0.0000
	
	39.95
	

	 
	
	Thailand
	
	76
	
	0
	
	3.00
	
	2.10
	
	2.81
	
	0.4200
	
	12.75
	

	 
	
	USA
	
	531
	
	0
	
	2.47
	
	1.65
	
	2.47
	
	0.4200
	
	16.95
	

	 
	
	United Arab Emirates
	
	497
	
	0
	
	5.00
	
	1.65
	
	33.91
	
	0.1400
	
	503.90
	

	 
	
	United Kingdom
	
	976490
	
	0
	
	4.53
	
	2.10
	
	126.51
	
	-53594.3600
	
	38970.00
	

	 
	
	Unspecified
	
	756
	
	0
	
	4.52
	
	1.95
	
	43.29
	
	0.1200
	
	1189.94
	

	 
	
	West Indies
	
	54
	
	0
	
	2.27
	
	1.25
	
	2.25
	
	0.1900
	
	7.95
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Appendix B – Linear regression with house price data
[image: Graphical user interface, text, application

Description automatically generated]

Appendix C – Decision tree classification with Jamovi sample data
[image: Diagram

Description automatically generated with medium confidence]

Appendix D – Linear Regression graph
[image: Linear Regression model sample illustration | Download Scientific Diagram]
Linear Regression model sample illustration | Download Scientific Diagram (researchgate.net)
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Variable Data Type Measure Type Example
Invoice Nominal (Categorical) ID 489435
Stock Code Nominal (Categorical) ID S0008
Description Categorical ID Cat Bowl
Quantity Discrete (Numerical) Continuous 12

Invoice Date Time-series Nominal with text 01/12/2009
Price Continuous (Numerical) | Continuous 2.550
Customer ID Nominal (Categorical) ID 13085

Country

Nominal (Categorical)

Nominal with text

United Kingdom

Country Code

Nominal (Categorical)

Nominal with text

GBR
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Tool Description Pros Cons
Jamovi | Jamovi is open-source statistical software ‘for Simple interface Doesn’t support date/time data
the desktop and cloud’ [24]. This tool is built Journal style output
using the R programming language. It performs | No programming skills required
a wide range of statistical tests and provides Offers a large set of functions
optimised analysis [25]. Available on all operating systems
Offers reusability of analysis [26]
JASP Jasp is ‘an open-source project supported by Emphasis on Bayesian analysis Limited capabilities using R
the University of Amsterdam’ [27]. It offers Available on all operating systems | Modules are not saved into the
standard analysis procedures with an intuitive Easy to learn [28] software
interface, for both classical and Bayesian No data editor
analyses. Jasp was developed as an ‘alternative Doesn’t support date/time data
to SPSS’ [25]. No dan.x transformation
capabilities
Knime | Knime is an open-source analytics platform Ability to transform and merge Complex user interface
providing an intuitive interface and the ability to | large datasets Requires technical skills to use
perform analyses of any complexity level. Users
can analyse and visualise their data without the
use of coding. Knime also offers automation and
integration capabilities which can pull the data
together automatically, ready for analysis.
Orange | Orange is an open-source machine learning and | Ease of use for beginners Complex user interface

data visualisation tool “for novice and expert’
[29]. It provides the tools to be able to perform
interactive data analysis on the data the user
imports.

Online resources available [30]

Use of Python rather than R
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1 Invoice- StockCode

Description

ﬂQuantity- InvoiceDate

-Customer IDﬂ Country

27960 491725 TEST001 This is a test product. 10 14/12/2009 08:34 4.5 12346 United Kingdom
28205 491738 POST POSTAGE 5 14/12/2009 10:49 18 12472 Germany

28217 491742 TEST001 This is a test product. 5) 14/12/2009 11:00 4.5 12346 United Kingdom
28220 491744 TEST001 This is a test product. 5 14/12/2009 11:02 4.5 12346 United Kingdom
28505 491784 POST POSTAGE 7 14/12/2009 12:48 18 12471 Germany

28770, 491805 POST POSTAGE 7 14/12/2009 13:10 18 12613 Germany

29854 491958 POST POSTAGE 1 14/12/2009 16:10 5) 13577 United Kingdom
32171 491988 POST POSTAGE 4 15/12/2009 10:02 18 13902 Denmark
32172/C491989 POST POSTAGE -2 15/12/2009 10:04 18 13902 Denmark

32430 C492013 POST POSTAGE -1 15/12/2009 11:55 5 13577 United Kingdom
34264 492248 POST POSTAGE 6 16/12/2009 10:28 15 14646 Netherlands
37599 492446 POST POSTAGE 3 17/12/2009 11:11 40 13520 Switzerland
37971| 492531 POST POSTAGE 17/12/2009 12:54 BI85 United Kingdom
38926/ C492653 POST POSTAGE -1 17/12/2009 17:47 22 13834 United Kingdom
39354 492716 POST POSTAGE 1 18/12/2009 10:25 18 12708 Germany

39364 492718 TEST001 This is a test product. 5 18/12/2009 10:47 4.5 12346 United Kingdom
39377 492722 TEST002 This is a test product. 1 18/12/2009 10:55 1 12346 United Kingdom
11803 492816 POST POSTAGE 2 20/12/2009 13:30 18 12609 Germany

11914 492830 POST POSTAGE 5) 20/12/2009 15:38 18 12683 France

12237 492944 POST POSTAGE 1 21/12/2009 13:18 18 12682 France

12312) 492950 POST POSTAGE 5) 21/12/2009 14:52 18 12471 Germany

13639 493183 POST POSTAGE 2 22/12/2009 12:03 40 12440 Austria

14580 493294 TEST002 1 22/12/2009 15:15 0 United Kingdom
15194 493410 TEST001 This is a test product. 5 04/01/2010 09:24 4.5 12346 United Kingdom
15196 493412 TEST001 This is a test product. 5) 04/01/2010 09:53 4.5 12346 United Kingdom
15782/C493538 POST POSTAGE -1 04/01/2010 15:35 50 17949 United Kingdom
17181 493806 POST POSTAGE 1 07/01/2010 11:31 18 17404 Sweden

17850 C493853 POST POSTAGE -1 07/01/2010 15:54 7.06 16325 United Kingdom
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469
3110
3157
3726
4291
4561
6373
6549
6570
6575
7198
7199
7553
8547
9241
9659
10228
10498
11959
12223
12285
14463
14486
15470
15864
15889
15933
16164
16165

Invoice- StockCode - Description

y- InvoiceDate

- Price

-Customer ID- Country

489521 21646 -50 01/12/2009 11:44 0 United Kingdom
489655 20683 -44 01/12/2009 17:26 0 United Kingdom
489659 21350 230 01/12/2009 17:39 0 United Kingdom
489781 84292 17 02/12/2009 11:45 0 United Kingdom
489806 18010 -770 02/12/2009 12:42 0 United Kingdom
489821 85049G -240 02/12/2009 13:25 0 United Kingdom
489882 35751C 12 02/12/2009 16:22 0 United Kingdom
489898 79323G 954 03/12/2009 09:40 0 United Kingdom
489901 21098 -200 03/12/2009 09:47 0 United Kingdom
489903 21166 48 03/12/2009 09:57 0 United Kingdom
490015 21982 467 03/12/2009 12:29 0 United Kingdom
490016 21982 1012 03/12/2009 12:30 0 United Kingdom
490055 20620 =25 03/12/2009 13:22 0 United Kingdom
490084 85064 -89 03/12/2009 15:37 0 United Kingdom
490123 84508B 184 03/12/2009 18:08 0 United Kingdom
490146 21558 -169 04/12/2009 09:29 0 United Kingdom
490150 84347 80 04/12/2009 09:44 0 United Kingdom
490165 21493 -106 04/12/2009 11:32 0 United Kingdom
490354 21489 =23 04/12/2009 16:39 0 United Kingdom
490379 21490 -44 05/12/2009 13:26 0 United Kingdom
490384 84721 -42 05/12/2009 14:00 0 United Kingdom
490540 37446 -725 07/12/2009 09:24 0 United Kingdom
490543 37446 222 07/12/2009 09:45 0 United Kingdom
490688 21133 270 07/12/2009 13:50 0 United Kingdom
490713 84347 -20 07/12/2009 15:26 0 United Kingdom
490715 22158 -30 07/12/2009 15:27 0 United Kingdom
490716 22158 6 07/12/2009 15:28 0 United Kingdom
490735 35976B -60 07/12/2009 17:12 0 United Kingdom
490736 35983 -200 0 United Kingdom

07/12/2009 17:13





image7.png
1 ejpd StockCode M Description

M Customer IDRg Country

63351 5027 21314 ? 1146 20/01/2010 13:48 United Kingdom
002723887 20679 ? -330 23/02/2010 13:04 United Kingdom
675565285 852217 -1120 21/04/2010 11:48 United Kingdom
709285638 21929 ? -420 23/04/2010 13:41 United Kingdom

84270 ? -3000 04/05/2010 15:20 United Kingdom

936527856 72225D

?

11/05/2010 14:53

United Kingdom

!
!
L
833595866
i
i
i

936677871 216717 -144 11/05/2010 14:59 United Kingdom
936737876 47420 ? -1000 11/05/2010 15:01 United Kingdom
277041470 85142 ??7??? -98 08/06/2010 13:19 United Kingdom
379712438 47566 ? -700 15/06/2010 16:23 United Kingdom
379992440 47566 ? -150 15/06/2010 16:32 United Kingdom
418032801 213307 -207 18/06/2010 10:57 United Kingdom
486163471 82583 ? -626 24/06/2010 16:48 United Kingdom

486193474 84968D

?

24/06/2010 16:52

United Kingdom

558504125 84932C ? =23 30/06/2010 12:59 United Kingdom
619424713 21155 ? -81 05/07/2010 15:29 United Kingdom
719145829 20692 ? -64 15/07/2010 11:08 United Kingdom
720005849 22499 ? -106 15/07/2010 11:23 United Kingdom
720155872 84971S ? -504 15/07/2010 11:29 United Kingdom
720165876 21154 ? -220 15/07/2010 11:30 United Kingdom
030563984 85150 ? -160 12/08/2010 17:01 United Kingdom
031083986 82597 ? -410 12/08/2010 17:02 United Kingdom
065979373 21900 ? 1520 16/08/2010 13:28 United Kingdom
066019377 47568 ? -300 16/08/2010 13:30 United Kingdom
093122608 48188 ? 106 18/08/2010 16:25 United Kingdom
197670583 226217 -190 27/08/2010 10:39 United Kingdom

305841694 85162A

?

08/09/2010 09:56

United Kingdom

309291778

82552 ?

08/09/2010 12:40

United Kingdom

ACQT77)158

QAQqnN ?

12/00/7°010 10-40

> O O OO0 OO0 0000000000 O0O0OO0O0 Oo0Oo0OOoOOo oo oo
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A B C D E F

1
2 United Kingdom GBR 85048 S0001
3 France FRA 79323P S0002
4 Australia AUS 79323W S0003
5 EIRE IRL 22041 S0004
6 Germany DEU 21232 S0005
7 Portugal PRT 22064 S0006
8 Japan JPN 21871 S0007
9 |Denmark DEN 21523 S0008
10 Nigeria NGA 22350 S0009
11 Netherlands NLD 22349 S0010
12 Poland POL 22195 S0011
13 Spain ESP 22353 S0012
14 Channel Islands GBR 48173C S0013
15 Italy ITA 21755 S0014
16 Cyprus CYP 21754 S0015
17 Belgium BEL 84879 S0016
18 Greece GRC 22119 S0017
19 Norway NOR 22142 S0018
20 Austria AUT 22296 S0019
21 Sweden SWE 22295 S0020
22 United Arab Emirates ARE 22109 S0021
23 Finland FIN 22107 S0022
24 Switzerland CHE 22194 S0023
25 USA USA 35004B 50024
26 Unspecified N/A 82582 S0025
27 Malta MLT 21181 S0026
28 Bahrain BHR 21756 S0027
29 RSA RSA 21333 S0028
30 Bermuda BMU 84596F S0029
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1 Invoice, StockCodeNew, StockCode, Description,Quantity, InvoiceDate, Price, Customer ID,CountryCode,Country
2 489434,50397,85048,15CM CHRISTMAS GLASS BALL 20 LIGHTS,12,01/12/2009 07:45,6.95,13085,GBR, United Kingdom
3 489434,50001,79323P, PINK CHERRY LIGHTS,12,01/12/2009 07:45,6.75,13085,GBR, United Kingdom
4 489434,50002,79323W, WHITE CHERRY LIGHTS,12,01/12/2009 07:45,6.75,13085,GBR, United Kingdom
5 489434,50003,22041, "RECORD FRAME 7"" SINGLE SIZE ", 48,01/12/2009 07:45,2.1,13085,GBR,United Kingdom
6 489434,50004,21232, STRAWBERRY CERAMIC TRINKET BOX,24,01/12/2009 07:45,1.25,13085,GBR, United Kingdom
7 489434,50005,22064, PINK DOUGHNUT TRINKET POT ,24,01/12/2009 07:45,1.65,13085,GBR, United Kingdom
8 489434,50006,21871, SAVE THE PLANET MUG,24,01/12/2009 07:45,1.25,13085,GBR, United Kingdom
9 489434,50007,21523, FANCY FONT HOME SWEET HOME DOORMAT,10,01/12/2009 07:45,5.95,13085,GBR, United Kingdom
10 489435, 50008,22350, CAT BOWL ,12,01/12/2009 07:46,2.55,13085,GBR, United Kingdom
11 489435,50009,22349, "DOG BOWL , CHASING BALL DESIGN",12,01/12/2009 07:46,3.75,13085,GBR, United Kingdom
12 489435,50010,22195, HEART MEASURING SPOONS LARGE,24,01/12/2009 07:46,1.65,13085,GBR, United Kingdom
13 489435,50011,22353, LUNCHBOX WITH CUTLERY FAIRY CAKES ,12,01/12/2009 07:46,2.55,13085,GBR, United Kingdom
14 489436, 50012,48173C, DOOR MAT BLACK FLOCK ,10,01/12/2009 09:06,5.95,13078,GBR, United Kingdom
15 489436, 50013,21755, LOVE BUILDING BLOCK WORD,18,01/12/2009 09:06,5.45,13078,GBR, United Kingdom
16 489436,50014,21754, HOME BUILDING BLOCK WORD, 3,01/12/2009 09:06,5.95,13078,GBR, United Kingdom
17 489436, 50015,84879, ASSORTED COLOUR BIRD ORNAMENT,16,01/12/2009 09:06,1.69,13078,GBR, United Kingdom
18 489436,50016,22119, PEACE WOODEN BLOCK LETTERS,3,01/12/2009 09:06,6.95,13078,GBR, United Kingdom
19 489436,50017,22142, CHRISTMAS CRAFT WHITE FAIRY ,12,01/12/2009 09:06,1.45,13078,GBR, United Kingdom
20 489436, 50018,22296, HEART IVORY TRELLIS LARGE,12,01/12/2009 09:06,1.65,13078,GBR, United Kingdom
21 489436, 50019,22295, HEART FILIGREE DOVE LARGE,12,01/12/2009 09:06,1.65,13078,GBR, United Kingdom
22 489436,50020,22109, FULL ENGLISH BREAKFAST PLATE,16,01/12/2009 09:06,3.39,13078,GBR, United Kingdom
23 489436,50021,22107, PIZZA PLATE IN BOX,4,01/12/2009 09:06,3.75,13078,GBR, United Kingdom
24 489436,50022,22194, BLACK DINER WALL CLOCK,2,01/12/2009 09:06,8.5,13078,GBR, United Kingdom
25 489436, 50023,35004B, SET OF 3 BLACK FLYING DUCKS,12,01/12/2009 09:06,4.65,13078,GBR, United Kingdom
26 489436,50024,82582, AREA PATROLLED METAL SIGN,12,01/12/2009 09:06,2.1,13078,GBR, United Kingdom
27 489436,50025,21181, PLEASE ONE PERSON METAL SIGN,12,01/12/2009 09:06,2.1,13078,GBR, United Kingdom
28 489436, 50026,21756, BATH BUILDING BLOCK WORD, 3,01/12/2009 09:06,5.95,13078,GBR, United Kingdom
29 489436,50027,21333, CLASSIC WHITE FRAME,6,01/12/2009 09:06,2.95,13078,GBR, United Kingdom
30 489436, 50028, 84596F, SMALL MARSHMALLOWS PINK BOWL,8,01/12/2009 09:06,1.25,13078,GBR, United Kingdom
31 489436, 50029, 84596L, BISCUITS SMALL BOWL LIGHT BLUE,8,01/12/2009 09:06,1.25,13078,GBR, United Kingdom
32 489436, 50030,22111, SCOTTIE DOG HOT WATER BOTTLE,24,01/12/2009 09:06,4.25,13078,GBR, United Kingdom
33 489437,50031,22143, CHRISTMAS CRAFT HEART DECORATIONS,6,01/12/2009 09:08,2.1,15362,GBR, United Kingdom
34 489437,50032,22145, CHRISTMAS CRAFT HEART STOCKING ,6,01/12/2009 09:08,2.1,15362,GBR, United Kingdom
35 489437,50033,22130, PARTY CONE CHRISTMAS DECORATION ,12,01/12/2009 09:08,0.85,15362,GBR, United Kingdom
36 489437,50034,21364, PEACE SMALL WOOD LETTERS,2,01/12/2009 09:08,6.75,15362,GBR, United Kingdom
37 489437, 50035,21360, J0Y LARGE WOOD LETTERS,1,01/12/2009 09:08,9.95,15362,GBR, United Kingdom
38 489437,50036,21351, CINAMMON & ORANGE WREATH,2,01/12/2009 09:08,6.75,15362,GBR, United Kingdom
39 489437,50037,21352, EUCALYPTUS & PINECONE WREATH,2,01/12/2009 09:08,6.75,15362,GBR, United Kingdom
40 489437, 50038,35400, WOODEN BOX ADVENT CALENDAR ,2,01/12/2009 09:08,8.95,15362,GBR, United Kingdom
41 489437,50039,20695, FLORAL BLUE MONSTER,3,01/12/2009 09:08,4.25,15362,GBR, United Kingdom
42 489437, 50040,37370, RETRO COFFEE MUGS ASSORTED,12,01/12/2009 09:08,1.25,15362,GBR, United Kingdom
43 489437,50041,10002, INFLATABLE POLITICAL GLOBE ,12,01/12/2009 09:08,0.85,15362,GBR, United Kingdom
44 489437,50042,84507B, STRIPES DESIGN MONKEY DOLL, 6,01/12/2009 09:08,2.55,15362,GBR, United Kingdom
45 489437,50043,20703, BLUE PADDED SOFT MOBILE,3,01/12/2009 09:08,4.25,15362,GBR, United Kingdom
16 489437,50044,21987, PACK OF 6 SKULL PAPER CUPS,12,01/12/2009 09:08,0.65,15362,GBR, United Kingdom
47 489437,50045,21989, PACK OF 20 SKULL PAPER NAPKINS,12,01/12/2009 09:08,0.85,15362,GBR, United Kingdom
48 489437, 50046,84970S, HANGING HEART ZINC T-LIGHT HOLDER,12,01/12/2009 09:08,0.85,15362,GBR, United Kingdom
49 489437,50047,20971, PINK BLUE FELT CRAFT TRINKET BOX,12,01/12/2009 09:08,1.25,15362,GBR,United Kingdom
50 489437,50048,22271, FELTCRAFT DOLL ROSIE,6,01/12/2009 09:08,2.95,15362,GBR, United Kingdom
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