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[bookmark: _Toc60948413]Abstract
The technological progress that is thriving in recent days is providing opportunities like never before. Internet of Things (IoT), Cloud Computing, Big Data are some of the many current trends in the IT industry. This paper is concerned with a small part of Big Data Science and that is, predictive analytics. More specifically sales prediction of an enterprise, in particular – Walmart. KNIME Analytics Platform is used for building several machine learning models. A demonstration is made on how the prediction models work, and the difference in the accuracy of their prediction.



1. [bookmark: _Toc60948414]Introduction
The ever-increasing number of devices connected to the Internet and constantly transmitting and uploading data with every click or tap, has opened a niche in the data technologies, which has become an inevitable part of the way businesses are managed. Data flow is moving forward so quickly, that there is an urgent need of a curb, to capture the data and harness the information that it carries. This is done with the help of technologies like big data analytics, which are used to manipulate and analyse amounts of data so large, that they cannot fit into the computational capacity of conventional devices [1]. Such is KNIME Analytics Platform. 
As mentioned before, Walmart – a leading retail chain in the USA is one of many enterprises to flood the web space with a constant flow of data. For the purposes of this study, a part of their past sales data is used, which contains information from 45 of their stores, about the amounts of sales made between 2010 and 2012, accompanied by other factors, such as special annual events, local temperature, unemployment index, fuel price and CPI. Unfortunately, Walmart management is not happy with their predictive analytics processes at the moment and would like to outsource the task to a more competent party, in order to reduce the unforeseen demands and out-of-stock situations they are dealing with at the moment, to minimum.
[bookmark: _Toc60948415]Literature Review
Many studies exist on data analytics. It is an emerging technology that will become a bigger and more important part of Business Intelligence with time. As [1] said, we are living in an informational society, but in order to turn this information into knowledge, we need to curb the rapidly increasing amounts of complex data, which is represented by its volume, variety and velocity. This means that the way we analyse data needs to evolve as well [1]. And this is what Big Data Analytics is concerned with – collecting, processing and analysing the data, in order to find patterns and provide better solutions in business strategies. There are four main types of big data analytics – Descriptive, diagnostic, predictive and prescriptive analytics. This paper concerns itself mainly with predictive analytics – forecasting [1]. 
The following rows present some vivid examples for the application of Predictive analytics methodologies.
The first example is the paper of [2], who use forecasting methodologies, such as Linear Regression, Time-Series, Fuzzy Technique and Artificial Neural Network, to predict load demand of energy  for a typical Mauritian household. This analysis would help the more precise planning of energy consumption. As a result, they chose Fuzzy Time Series and Probabilistic Neural Network for the most suitable model for the studied context.
The process of extracting meaning and patterns from a large pool of data is called data mining [3]. Data mining techniques like classification, clustering and regression are all part of the big data predictive analytics.
Classification for example is used in studies and predictions of the potential customers of a company. It is a part of supervised learning algorithms. In a similar study, [3] uses a bank marketing data set to train and test different predictive models and measure their performance. This was done in four different platforms, including KNIME. The results from their study show that regardless of the software used, the decision tree method they used is the most accurate and best in performance.
In the following example [4], clustering algorithms are used to predict customer churn. Clustering, as a part of unsupervised learning methods, which gathers object by similar characteristics and analyses their state and behaviour, in order to provide patterns and knowledge of the objects in question. Several clustering algorithms were used in KNIME for the purpose of their study, like K-Means, K-Medois, Fuzzy C-Means and Hierarchical clustering and their result showed that each of the methods has different characteristics and it is a matter of choice, which one to be used for a desired purpose.
Another comparative paper [5] uses regression techniques to forecast most accurately, variations on house prices. Algorithms like Multiple Linear Regression, Naïve Bayes, Gradient Boosting, LASSO, Ridge Regression and more were compared in performance, using KNIME platform. Their results showed that, regarding house prices, the Gradient Boosting algorithm gives the most accurate predictions.
Lastly, the paper of [6] is presented, as a comparative study of different analytics tools, such as KNIME. It describes features and technical characteristics of each tool and gives an evaluation of their performance based on different parameters. For the test purposes, they used the following phases:
· Identifying the problem 
· Designing the requirements for the data to be used
· Pre-processing the data
· Performing analytics
· Visualisation.
Their conclusion [6] points out that KNIME Analytics Platform is a robust and easy to use tool. It has many built-in features and additional functionalities, that can be unlocked with the installation of external libraries. They recommend KNIME for beginner data analysts.
Taking these examples under consideration, this study was built upon the conclusion that KNIME is the best tool to perform the given task and compare some of the above proposed algorithms for predicting sales.
[bookmark: _Toc60948416]Data Manipulation
In order to meet the customer’s requirements, different regression techniques were used to create the most accurate predictive model, and the related factors that would have an impact on the sales amounts, were also taken into consideration. The regression is a type of supervised machine learning (ML), where the output is represented by a real  numbered value [7], as in this case – amounts of sales, in other words – dollars. The other type of supervised ML is classification [8], where the output variable is a whole category (a colour, a class etc.).
The predictive algorithms in KNIME are represented as workflows. Before starting the work on the actual models, the data set needed to be configured. Small changes were made, as shown in the figure below.
[image: ]
[bookmark: _Toc60948290]Figure 3.1. Data configuration workflow
The steps that were covered from left to right are as follows:
· Loading the Walmart data set from a “.csv” file.
· Converting the Temperature attribute from Fahrenheit to Celsius.
· In order to convert the data type of the Date attribute – the value format needed to be changed from dd/mm/yyyy to dd.mm.yyyy.
· Converting the Date column type from string to date.
· Rounding the double type Temperature attribute to 0 signs after the decimal point (could be done with type conversion – double to integer ).
· Removing the column containing the old Fahrenheit values.
· Saving the configured data set onto a new “.csv” file.
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[bookmark: _Toc60948291]Figure 3.2. Data set visualisation before the configuration
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[bookmark: _Toc60948292]Figure 3.3. Data set visualisation after the configuration
As per the business’s processes, several main promotional campaigns are held every year and the common things between them are that they are 1 week in duration and every time, they are held at the same week of the year. This has been noted in the workflow in Figure 4.1, by extracting the week number of the Date attribute in the data set to use it as an independent variable. 
Another workflow was created, to manipulate the data in such way, that the annual sales for 2010, 2011 and 2012 are represented on a line plot, according to the week number.
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[bookmark: _Toc60948293]Figure 3.4. Sales for each year, represented per week
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[bookmark: _Toc60948294]Figure 3.5. Visualisation of the weekly sales by year
From this diagram, it is visible that there are a few peaks in the sales, which correspond to the promotion campaign weeks, and a spike in demand in week 47 and 51.
After this manipulation, the data set was separated in two partitions (80% and 20%), by randomly selecting records from it. Each of the next steps was completed in the same manner for every one of the tested models. 
[bookmark: _Toc60948417]Machine Learning Methods
The newly created file was used in the main workflow for training and testing the predictive models and measuring their accuracy. Supported by the literature review and the available resources on the KNIME platform, the most suitable algorithms were chosen to be tested for the purposes of the given task: Simple Linear Regression, Gradient Boosting, Random Forest and Linear Regression. 
Linear regressions are types of supervised learning algorithms that use independent variables (one or more), to build the forecasting target value (dependent). In the case of this study, the target value for all the models is the Weekly_Sales column of the data set. 
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[bookmark: _Ref60888976][bookmark: _Toc60948295]Figure 4.1. Training different predictive models and measuring their accuracy
1) Simple regression – this is a linear regression which uses one single independent variable [8].
2) Gradient Boosting – this is a regression method, as well as a classification one. The principal of boosting is helping to transform a weak learner into a strong one, by taking the weak learner’s accurate observations and using other weak learners for the rest of the observations [9].
3) Random Forest – similar to the gradient boosting, this method can also perform both classification and regression with the help of multiple decisiоn trееs. Here, each decision tree is being trained on a different data set sample and the results are combined together, instead of just using one single decision tree.
4) Linear regression – this method performs a multivariate linear regression [10] – uses multiple independent variables.
The first partition of the data set (80%) was used to train the predictive model by applying the respective learner node to it. Then, the model is fed to the predictor node, in order to be applied on the testing data set (the 20% partition). The next steps are performed to measure the model’s accuracy, using the Numeric Scorer node and visualise the results on a Scatter plot. The following figures illustrate the measurements and visualisation of the models’ accuracy.
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[bookmark: _Toc60948296]Figure 4.2. Simple Regression Tree - accuracy measurement
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[bookmark: _Toc60948297]Figure 4.3. Simple Regression Tree - scatter plot
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[bookmark: _Toc60948298]Figure 4.4. Simple Regression Tree - line plot (sales per week)
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[bookmark: _Toc60948299]Figure 4.5. Gradient Boosted Trees - accuracy measurements
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[bookmark: _Toc60948300]Figure 4.6. Gradient Boosted Trees - scatter plot
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[bookmark: _Toc60948301]Figure 4.7. Gradient Boosted Trees - line plot (sales per week)
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[bookmark: _Toc60948302]Figure 4.8. Random Forest (Regression) - accuracy measurement
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[bookmark: _Toc60948303]Figure 4.9. Random Forest (Regression) - scatter plot
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[bookmark: _Toc60948304]Figure 4.10. Random Forest (Regression) - line plot (sales per week)
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[bookmark: _Toc60948305]Figure 4.11. Linear Regression - accuracy measurement
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[bookmark: _Toc60948306]Figure 4.12. Linear Regression - scatter plot
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[bookmark: _Toc60948307]Figure 4.13. Linear Regression - line plot (sales per week)

[bookmark: _Toc60948418]Conclusion
After considering the multiple variables in the provided data set, such as, store number, CPI, Unemployment etc., four predictive models were built to be tested and three of them gave really good results. They proved to be highly accurate and could be used for future predictions. 
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[bookmark: _Toc60948308]Figure 5.1. Final comparative table
The value of R2 is indicative of which model is the most accurate – the closer the value is to 1, the more accurate the model is.
This paper is one of many to show how Big Data analytics has become a key part of business intelligence and management decision making processes and KNIME Analytics platform is a powerful tool to be used for the purpose.
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