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[bookmark: _Toc60082600]Abstract

This report aims to analyse different supervised data mining processes to find an accurate prediction model for Walmart. Two further analyses are also conducted throughout the report to extrapolate hidden information meaningful to the sales: the first study focuses on the relationship between external factors such as Temperature, Fuel price, Unemployment rate, and Consumer Price index and sales. The second study instead, analyse the impact on the sales of the four special holidays of the year that includes Christmas, Thanksgiving, Labor Day, and Super Bowl.
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[bookmark: _Toc60082602]1 Introduction

Today we are assisting a worldwide smart revolution that is affecting and transforming our world in various fields such as sport, health, homes, love, and business [1]. This revolution has been possible with the introduction of a new concept called “Big data”, created to refer to the vast amount of data that technology-consumers create every day by simply using their devices [2]. 
Indeed, the number of internet users and connected devices around the world is predicted to increase in the next years [3] leading to a significant augment of data generated. According to [4] the global data sphere will grow from around 40 zettabytes in 2020 to over 170 zettabytes in 2025. This unforeseen large quantity of data, combined with cloud computing, the improved network speed, and creative analytics techniques, can produce a huge opportunity for businesses to turn data into value by extrapolating hidden information [1].  Big worldwide retailers such as Amazon, Nike, and Alibaba leverage data mining processes to extract insights from their data to achieve various business results such as predicting sales, forecasting demand, and fulfilling customer’s needs. 
[bookmark: _Toc60082603]2 Literature review 

Predicting sales using data mining techniques has been a topic investigated by many researchers in the past years. This literature review will highlight the most relevant papers in the field.
In [5], the authors used different sales prediction mechanisms to forecast sales with the purpose to analyse and discover the best approach. A dataset containing 80.000 sales records was used for this experiment and after the data was cleaned and explored, two partitions were formed to create a training and testing set for three supervised machine learning models: Generalized Linear Model, Decision Tree and, Gradient Boost Tree. The performance of each algorithm was scored by comparing values such as Root Mean Square Error, Mean Square Error and, Absolute error that determined the Accuracy Rate, Error Rate, Precision, Recall and, Cohen’s Kappa. The final results highlighted the efficacy of the Gradient Boost Tree model with 98% overall accuracy.

Another relevant study was conducted by Gopalakrishnan et al. [6] in an attempt to forecast sales for an online shopping retailer. The authors highlight the importance for companies to be able to effectively analyse data, to increase profits and make their brand more competitive, and how Machine learning can be used specifically for this purpose. The test was performed using a Linear regression model and the results were compared to the actual sales records of that period, determining an accuracy rate of 84%.
The work produced by [7] uses three types of models to perform a statistical and machine learning-based sales prediction. The models have been chosen depending on the different characteristics of the product’s sales data contained in the dataset: the Auto-Regressive Integrated Moving Average (ARIMA) was used to forecast time series data in short term, Long Short Term Memory (LSTM) for long term time series and Artificial Neural Network (ANN) was used when no previous historical sales data existed. The results were analysed comparing the accuracy of each prediction, expressed by the Mean Absolute Percentage Error value (MAPE), that accentuate the performance of the LSTM model with the lowest rate.
In the research conducted by [8], a comprehensive study of sales prediction algorithms is executed using various regression analysis methods such as Linear Regression, K-Neighbors Regressor, XGBoost Regressor and, Random Forest Regressor. According to the authors, Regression analysis can be the most suitable technique to predict sales because it assesses the relationship between the outcome variable, in this case, sales prediction, and the predictor variable represented by the past sales records. This experiment underscored the efficiency of the Random Forest Algorithm with an accuracy of 93.53%.
In [9], the author acknowledges the use of regression tree approaches to solve sales prediction problems since one of the main presumptions of regression models is that the patterns in past data will be reproduced again. The research also highlights the “Stacking of Machine-Learning Model”, a concept that involves combining different predictive models to benefits from the various features, where the output of a predicting model is used as input for the next model.
In [10] an extensive analysis was conducted to test various regression techniques against time-series techniques to predict sales. The regression models tested included Linear Regression, Bayesian Regression, Neural Network Regression, Decision Forest Regression, and, Boosted Decision Tree Regression. The times series models included Seasonal ARIMA, Non-Seasonal ARIMA, Seasonal ETS, Non -Seasonal ETS, Naive Method, Average Method, and Drift Method. 
The analysis was conducted using the Microsoft Azure Machine Learning  Studio Platform that accelerated the training and testing process for each technique, emphasizing the performance of the regression models, in particular of the Gradient Boosted Tree with an accuracy rate of 97%.

[bookmark: _Toc60082604]3 Research Methodology 

The research is organised in three stages: first data is collected and pre-processed to be analysed, then an exploratory analysis is conducted to understand more about the dataset and finally, some prediction models are applied to test and compare their accuracy.
For this experiment, data analysis will be performed using Knime analytics, an open-source platform for data analytics, integration, and reporting. 
[bookmark: _Toc60082605]3.1 Data collection and Preparation 
The dataset used for this research contains Walmart’s weekly sales records for the period 05/02/2010 – 26/10/2012 for 45 stores, including attributes such as Store Number, Date, Weekly sales amount, Temperature, Consumer Price Index (CPI), Unemployment rate, Fuel Price, and Holiday flag. After the dataset was imported onto Knime, the cleaning processes started. 
Data cleaning is the method used to improve data consistency by eliminating missing values, duplicates, incorrect data types, and other inconsistencies [11]. The dataset contained only a discrepancy, the date’s data type was changed from “String” to “Date&Time” format.
[bookmark: _Toc60082606]3.2 Exploratory Analysis 
After completing the data pre-processing phase, an exploratory analysis was performed to comprehend the nature of the data [12]. The table in Fig. 1, displays the sales for all stores organized in quarters. For quarter 1 of 2010 and quarter 4 of 2012, no complete sales records were available and for this reason, they were omitted in the plot in Fig.2. Figure 3 shows the weekly sales for each year.
[image: ]
[bookmark: _Toc58748218][bookmark: _Toc58824269]Figure 1 Quarter Sales
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[bookmark: _Toc58748219][bookmark: _Toc58824270]Figure 2 Quarter sales plot
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The table in Fig. 4 shows the correlation between the dataset’s variables on a scale of -1 (negative correlation) to +1 (positive correlation).
 
The table in Fig.5 highlights different statistic metrics of the variables.
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[bookmark: _Toc60082607]3.3 Prediction 
To predict future sales, it is necessary to select and apply an appropriate data mining algorithm that can extract insights, learn, and predict. As highlighted by [5][8][9][10], regression tree models have provided more accurate results than other supervised learning algorithms and for this experiment, 5 regression tree algorithms available on Knime, are used to evaluate their performances (Fig. 6).
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[bookmark: _Toc58748223][bookmark: _Toc58824274]Figure 6 Regression algorithms
The following machine learning algorithms have been used:
· Simple Regression tree: it is a decision tree process based on iterations where, at each loop, data is split into smaller and smaller categories to fit a single prediction model [13].
· Random Forest:  it is an algorithm based on a Simple Regression Tree, where each tree depends on a random vector [14].
· Tree Ensemble: it is a regression tree algorithm that combines a set of models with the perception that the next model combined with the previous model can decrease the prediction error rate [15].
· Gradient Boosted tree: It is an algorithm based on the Tree Ensemble algorithm in which the target outcome for each model is chosen based on the gradient of the previous prediction’s error. Moreover, the boosting method iterates each model to improve its performance, transforming weak learners into strong learners [16]. 
· XGBoost Tree Ensemble: it is a scalable and improved version of the Gradient boosted tree [16].
The dataset was divided into two partitions to create a training set (70%) and testing set (30%), and the attributes with negative correlation values related to the “Weekly_Sales” variable, such as Unemployment, CPI, and Temperature were removed to improve the accuracy. 
[bookmark: _Toc60082608]4 Analysis and Results
[bookmark: _Toc60082609]4.1 Predictive model
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[bookmark: _Toc58748224][bookmark: _Toc58824275]Figure 7 Regression tree plot
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[bookmark: _Toc58748225][bookmark: _Toc58824276]Figure 8 Random Forest plot
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[bookmark: _Toc58748226][bookmark: _Toc58824277]Figure 9 Tree Ensemble Plot
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[bookmark: _Toc58748228][bookmark: _Toc58824279]Figure 11 XGBoost Tree Ensemble plot


 For each prediction result, a scatter plot (Fig. 6,7,8,9,10) and a table containing mathematical coefficients (Fig. 11) have been produced. The plots compare the actual sales (X-axis) with the predicted sales (Y-axis) and the accuracy of the prediction is given by the proximity of the dots to the graph diagonal, represented by the red arrow. It is evident how the XGBoost and Gradient Boosted tree had similar results, but the latter is more aligned to the diagonal.

	The algorithms were also compared measuring the level of accuracy (Root Square), the mean of the values for each prediction error, called Mean Absolute error (MAE), and the percentage errors, called Mean Absolute Percentage Error (MAPE). The table highlights how the gradient Boosted Tree algorithm has the highest level of accuracy and lowest for MAE and MAPE.

	

[bookmark: _Toc58748229][bookmark: _Toc58824280]Figure 12 Mathematical coefficients


[bookmark: _Toc60082610]4.2 External factors
The dataset has also been analysed to extract meaningful information regarding external factors such as Unemployment rate, Consumer Price Index, Fuel price and Temperature, and holidays.
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[bookmark: _Toc58748230][bookmark: _Toc58824281]Figure 13 Unemployment rate shrinking
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[bookmark: _Toc58748231][bookmark: _Toc58824282]Figure 14 Comparison Sales - Unemployment

	The average unemployment rate across all the locations has decreased from February 2010 to October 2012 by more than 1.5% (Fig.13) and most of the sales were performed when the rate was between 7% and 9%. An employment rate lower than 9% could positively affect sales (Fig 14).
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[bookmark: _Toc58748232][bookmark: _Toc58824283]Figure 15 CPI average growth
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[bookmark: _Toc58748233][bookmark: _Toc58824284]Figure 16 Comparison Sales – CPI

	The average Consumer Price Index has increased by 5% in 3 years (Fig. 15) and most of the sales were performed in stores in which the state’s CPI was less than 145 or more than 210, (Fig. 16). Fig. 21 highlights 3 main ranges of CPI, indicating different regions in the country where CPI was different.
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[bookmark: _Toc58748234][bookmark: _Toc58824285]Figure 17 Yearly temperatures
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[bookmark: _Toc58748235][bookmark: _Toc58824286]Figure 18 Comparison sales- temperature

	The average temperature during the year was constant, except for autumn 2011 where temperatures were higher than the previous year (Fig. 17). Most of the sales were performed when the temperature was in the range 50-80 °F (Fig. 18), suggesting an optimal temperature range for sales and promotions.
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[bookmark: _Toc58748236][bookmark: _Toc58824287]Figure 19 Fuel price growth
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[bookmark: _Toc58748237][bookmark: _Toc58824288]Figure 20 Comparison Sales – Fuel Price

	The average fuel price has grown since 2010, reaching twice the highest peak of 4$/lt in the next years and it is expected to grow as the minimum price increased too (Fig. 19). The biggest volume of sales was performed when the price was in the range of 3.5 -3.9 $/lt and the highest sales in the range of 3.0 and 3.4 $/lt.  The increasing price, especially over 4.1, could negatively affect sales.
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[bookmark: _Toc58748238][bookmark: _Toc58824289]Figure 21 CPI evolution.
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[bookmark: _Toc58748239][bookmark: _Toc58824290]Figure 22 Comparison of the total Christmas sales per year.

	
   
[bookmark: _Toc58748240][bookmark: _Toc58824291]Figure 23  Comparison of the total Super Bowl sales per year.

	

[bookmark: _Toc58748241][bookmark: _Toc58824292]Figure 24 Comparison of the total Labor day sales per year
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[bookmark: _Toc58748242][bookmark: _Toc58824293]Figure 25 Comparison of the total Thanksgiving sales per year.

	The plots in Fig. 22,23,24 and 25 highlights the total sales for each holiday across the 45 stores. The sales performed in the most recent years, in most of the cases, were higher than the previous years indicating an increase or equal performance, especially during the Christmas week. 




	




The analysis of the total holiday sales for 2010 and 2011 suggests that Thanksgiving is the holiday that has the biggest impact on sales on the vast majority of stores (Fig. 26). Data for 2012 was excluded because of incompleteness.

In the rank of the most profitable holidays for 2011, Thanksgiving is followed by Super Bowl, Labor Day, and Christmas (Fig.27).
Moreover, the 10% sales increase recorded in a single year for the Christmas holiday, highlights a possible  surmount of the Labor Day and Super Bowl sales in the next years. 
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[bookmark: _Toc58748243][bookmark: _Toc58824294]Figure 26 Total holiday sales for each store
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[bookmark: _Toc60082612]5 Conclusion
In this work, a comparative analysis of different data mining algorithms was conducted to find the most accurate model. The metric chosen for comparison were Root Square, Mean absolute error, and Mean Absolute Percentage Error that underlined the performance of the Gradient Boosted Tree algorithm.
Other analyses were also conducted on the economic factors and holidays that affect sales. The first study highlighted some relevant information such as an ideal temperature range for sales and promotions, the positive effect of the Unemployment rate’s diminishment, and a possible increase in the fuel price and CPI that could negatively affect the sales.
In the second study, Thanksgiving was determined to be the best-selling holiday, succeeded by Super Bowl, Labor Day, and the Christmas holiday that, despite the small initial volume of sales, recorded a very quick growth in a short time.   
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[bookmark: _Toc60082614]6.1 Predicting future sale for a store
In this experiment, a single store was chosen to predict its sales for the next 52 weeks using Knime. 
In Phase 1, two tables are created to generate a list of 52 weeks, from 02/11/2012 to 25/10/2013, and to associate the respective holiday flags. The tables are joined and then, in Phase 2, they are combined with the maximum values of Unemployment, CPI, Fuel price, and Temperature, calculated using the previous years’ store’s data for the corresponding week number. 
Sales for the past 52 weeks are also extracted for future comparison with the prediction.
In Phase 3, a Gradient Boosted Tree is trained on the full dataset and in Phase 4 a trained predictor node receives the table containing the new 52 weeks and the average external factors values. The prediction is joined with the past 52 weeks sales and compared on a plot.
[image: ]
[bookmark: _Toc58824296]Figure 28 Predictive workflow.
[image: ]
[bookmark: _Toc58824297]Figure 29 Comparison prediction vs last year’s sales
Selecting a single store, allowed to use its past data to generate appropriate values that otherwise could have been generalized as each store has unique characteristics. In a future study, the implementation of loops and variables could be used to apply the same workflow to each store.
[bookmark: _Toc60082615]6.2 Predicting future sales using Tableau
Another attempt to predict sales has been performed using Tableau, an interactive data visualization tool for business intelligence. Tableau uses a technique known as exponential smoothing, in which the algorithm seeks to find regular patterns that can be extended in the future. 
The prediction covers a period of 5 quarters from 2012 to 2013, highlighting a range in which the values can vary, expressed graphically by a bar. By comparing the estimates with the previous year, it is possible to notice similar sales performances for both Q4 of 2012 and 2013, a decrease of sales in Q1 and higher sales in Q2 and Q3.
[image: ]
[bookmark: _Toc58824298]Figure 30 Sales prediction with Tableau
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