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[bookmark: _Toc81940692]Chapter 1. Introduction
[bookmark: _Toc81940693]Background to the Study
	The ongoing advancement in information technology (IT) has led to the emergence and fast growth of Big Data. According to [14], advances in information technology have brought forth modern technologies such as the Web 2.0, social networking platforms, the internet of things (IoT), which are being used to collect huge volumes of data per second. For example, the IoT technology has enabled many corporate entities to collect data on their customer’s purchasing behaviors, sales records, financial transactions, inventory stocks. Social networking platforms, on the other hand, are also being increasingly used to generate unstructured data, such as product reviews, sentiments, texts, and documents, etc. As [18] explain, social networks and IoT technologies are considered to be one of the biggest sources of big data, since both collect large volumes of data at a very high velocity. For example, Facebook generates 4 petabytes of data per day, thanks to the billions of registered users who are always uploading pictures, posting new updates, as well as liking and commenting on other people’s posts, every other second IoT, on the other hand, generates more than 500 zettabytes per year in data like users’ locations, habits, interests, temperature, etc. [13]. 
	When big data is generated from these sources and others, it needs to be stored in either a data lake or warehouse. The difference between a data lake and a warehouse is that the former can support numerous types of data, e.g. structured and unstructured data, while the latter is designed to only support structured data and relational databases [10]. As [12]  assert, both data warehousing and big data are fast becoming fundamental data management aspects in many businesses today. Big data has, so far, helped businesses gain better customer insights, improved operations, efficient market intelligence, data-driven innovation, smarter recommendations and targeting, as well as agile supply chain management [15]. With big data, businesses are able to make astute business intelligence decisions and shrewd data analytics, e.g. churn prediction, customer segmentation and clustering, risk assessment, demand prediction, fraud detection, etc. Data warehousing, on the other hand, helps bring all sources of big data into one central platform [9].Therefore, any business or corporate entity that is currently not making use of big data models or data warehouses is not capitalizing on these benefits and, thus, lacks a proper business intelligence structure [6]. 
[bookmark: _Toc81940694]Purpose of the Study
	The purpose of this study is to implement data warehousing and big data models in a mini-supermarket chain known as Pestron Foods. Pestron Foods is a mini-supermarket chain that sells consumer-centric electronic goods to its clients. The chain also grows and sells its own plant-based produce. Recently, the company has been encountering increasing pools of big data due to the fact that its sales and transactions are based on both imports and exports to various markets in the U.S., as well as Europe. The pools of big data that the company is receiving consists of sales customer locations, gender, product type, product unit price, payment methods, sales records, gross margins, gross income, food store locations, and food store phone numbers, just to mention a few. 	In as much as there is an increasing availability of big data, the company is still yet to implement any modern data warehousing or big data models. As [4] assert, incorporation of the modern data warehousing and big data models will greatly benefit the company and enhance its business intelligence structure. Therefore, in order to achieve this, this paper will use the KNIME software application to perform big data analysis and data warehousing. 
[bookmark: _Toc81940695]Chapter 2. Literature Review
[bookmark: _Toc81940696]Definition of Big Data and Data Warehousing
[bookmark: _Hlk81773442]	As earlier stated, big data refers to extremely large sets of data that cannot be possibly analyzed manually or using traditional methods, but rather using modern technologies, such as Apache, Spark, Hadoop, or big-data-as-a-service [20]. As [21] expound, big data can be identified using six V’s, i.e. volume, variety, velocity, veracity, value, and variability. Volume: Volume refers to the incredibly large amounts or sizes of data. It is said that big data is extremely voluminous to the point where traditional data processing software cannot possibly process, analyze, or report this type of data [22].  Variety: Big data is also composed of different varieties of data, varying from structured, unstructured, and semi-structured [10]; [25]; [1]; [2].  Structured data, in this context, would consist of audio and video files, medical records, financial records, instrument measurements, internet search behavior, GPS data, and photos.Unstructured data, on the other hand, comprises of social media data and voice recordings [25]. 
Value: Value refers to the potentiality of drawing substance from big data, e.g. customer insights, fraud detection information, sales forecasts and predictions, market intelligence, which can be used to assist the business reach its goals and even make calculated decisions in the future [25];  [17]; [23]. Velocity: Velocity refers to the increasingly accelerated rates or speed at which big data is generated [17]. Thanks to the advance of IoT, social networks, and other information technologies, new data is being generated and streamed in real-time, i.e. every millisecond. Variability: Big data is also known to possess variability, which, in this case, means the virtue of data constantly changing meaning [19]. Thus, modern big data models strive to understand and interpret the correct meanings of raw data. Veracity: Veracity, on the other hand, refers to the ability of identifying the accuracy and precision of big data and correctly apply it for the relevant purposes [21].
	Data warehousing, on the other hand, refers to the electronic storage for big data collected from heterogeneous sources [16]. According to [5]  a data warehouse is an amalgamation of different technologies and components that store big data in order to enable a business specifically query and analyze the data, hence further contributing to the firm’s business intelligence system. 
[bookmark: _Toc81940697]Types of Data Collection Processes in Pestron Foods and Role of Big Data Approaches
	Pestron Foods, a mini-supermarket chain, is currently inundated with big data, thanks to the numerous number of transactions that are held on a daily basis. As earlier stated, the chain is very active as it is involved in growing and selling its own plant-based produce as well as consumer-focused electronic goods to its clients. Because of these transactions, the chain has been able to collect large amounts of transactional data from numerous sources, such as Point-of-Sale (POS) data, purchases, invoices, credits, payments, asset sales, contracts, debits, contractual fees, products sold, product unit price, payment methods, sales records, gross margins, gross income, returns, stock inventories, taxations, audits, import customs, and export duties, etc. A large portion of this data is collected through POS terminals, customers’ debit and credit cards, loyalty cards, WiFi internet connections, online stores and apps, national imports and exports units, trade platforms, and IoT devices. The extended use of these devices further leads to increased availability of big data for the firm. Currently, Pestron Foods is inundated with data and seeks to implement effective big data approaches and models in order to analyze and report on the transactional data and also draw valuable insights, for the firm.
[bookmark: _Hlk81772786]	The implementation of big data approaches and models in Pestron Foods is a guarantee to improve the decision making processes of the company as well as enhance its business intelligence structure. Big data analysis, such as classifications, can be used to predict customer behavior or habits; for example, predict the likelihood of a customer partaking in a sales promotion or responding to a company email [21].Regression, on the other hand, can be used to predict the behavior of customers or suppliers based on a given independent variable [21]. For example, how much amount of money is a customer willing to spend on a new fashion trend, or how are the sales of a television set likely to perform given a 20% discount on this product? Will the sales increase or decrease and how will this affect the profits of the mini-supermarket in overall? Clustering and segmentation are also other examples of big data analytics and can be used to group similar cases together; for example, clustering can be used to group together suppliers with the best product qualities yet affordable and on time. Clustering can also be used to group together customers with similar shopping habits and preferences, e.g. customers who like to shop during the weekends versus those who like to shop in the evenings after work hours. Fraud detection may also be used to identify shoplifters, malicious clientele, illegitimate contracts and trade agreements, as well as suspicious product returns, etc. In general, big data approaches are increasingly crucial for any business and if incorporated into Pestron Foods, the chain will definitely notice an improvement in its business intelligence structure. 
[bookmark: _Toc81940698]The Types of Data That Pestron Foods Should Evaluate
	As previously highlighted, Pestron Foods is inundated with various types of data, collected from different transactions. Below is a list that seeks to elaborate the specific types of data that the company should evaluate for their business intelligence system as well as to enable them enhance their decision making processes. 
· Product line: The product line defines the different categories of products that Pestron Foods sells. The company should consider evaluating this category of data in order to determine which product tends to sell more than the others. This can be done using the classification type of big data analysis. Getting to know which product sells more can help the business maximize its sales on that particular product, by taking several actions such as discounts, sales promotions, product vouchers, etc.
· Date: The company should also consider evaluating the dates of purchases in order to establish the time periods which record the most number of sales versus the least number of sales. This can help the business maximize its sales through either providing product offers during special holidays, Christmas, Easter, and New Year’s, etc.
· Payment method: Pestron Foods should also take into account evaluating their payment methods in an effort to determine the most popular payment method that is used by clients. This will come in handy when ensuring that these payment methods are easy to use and customers do not experience any difficulties. 
· Rating: The rating category of data should also be evaluated in order to help the business learn how the customers rate their products. This will assist in maintaining high product quality and also improving the quality of those products that may be low in ratings.
· Gross margin and gross income: Gross margin and gross income should be evaluated in order to make forecasts and predictions of how the future income will be. Forecasts and future predictions of income, sales, profits, etc. are critically important as they help a business plan its budget and expenses and prepare for any unexpected shortcomings.
· Unit price: Unit price refers to the cost per product. Evaluating the unit price will enable the business to learn their customers’ buying behavior and whether this behavior is dependent upon product prices. For example, are customers attracted to cheaper products and, if yes, should we adjust our product pricing system?
[bookmark: _Toc81940699]The Tools and Technologies Available for Big Data Models and Data Warehousing
	There are many tools and technologies that are designed for big data approaches and data warehousing. The 5 main big data technologies include the Hadoop ecosystem, artificial intelligence (AI), NoSQL database, R programming, and data warehouses/ lakes. The Hadoop ecosystem processes big data using a distributed data processing environment, while AI refers to the machine learning technique that is computers use to identify unique patterns within the big data [5]. The NoSQL database and data lake may seem similar but have technical differences. The NoSQL database refers to the relational database that is designed to store unstructured big data as well as provide means for data acquisition and recovery, horizontal scaling, as well as design integrity; while a data lake is known to store all forms of data, be it structured or unstructured. Finally, the R programming is also a major big data technology as it is the programming language software used for tasks such as statistical computing, data analysis, and visualization of data. As for data warehouses, there are several available platforms, for example Teradata, Amazon Redshift, Xplenty, Oracle 12c, Informatica, IBM Infosphere, Ab Initio Software, ParAccel, Orange, and Cloudera, just to mention a few. For this study, we shall use the KNIМE technology to perform big data analysis and data warehousing.
[bookmark: _Toc81940700]Chapter 3. Methodology
	This section seeks to provide a step-by-step procedure of the big data analysis and data warehousing approaches that were employed for Pestron Food’s transactional big data. This data mostly consists of transactional sales records between the mini-supermarket chain and the clients. Examples of the types of data in these sales records include: sales customer locations, gender, product type, product unit price, payment methods, sales records, gross margins, gross income, food store locations, and food store phone numbers, just to mention a few. 
[bookmark: _Toc81940701]Big Data Analysis with KNIME
	Several big data analyses were conducted using the KNIME Analytics Platform. They included descriptive statistics, linear regression, clustering and segmentation. Before all these were implemented, the first step was to get started with KNIME, i.e. downloading and installing it in the current working machine. Once installed, the data can then be loaded.
[bookmark: _Toc81940702]Loading data into KNIME
	In order to load the data, first create a new KNIME workflow and name it as you see fit, as shown in Figure 1 below.
[bookmark: _Toc81766803]Figure 1: Creating a New KNIME Workflow 
[image: ]
	Then, select ‘CSV reader’ from the node repository pane from the ‘Read’ menu. A separate dialog box will appear, which prompts you to upload the CSV file from your local computer, as shown in Figure 2 below.




[bookmark: _Toc81766804]Figure 2: Dialog Box Prompting to Load Data from Local File System
[image: ]
	Once you select the desired file, click Ok and the following dialog box will appear (see Figure 3 below), showing you that the data has been uploaded. Finally, click Ok again and the data will be presented as an independent node in the grided pane at the center (see Figure 4 below).
[bookmark: _Toc81766805]Figure 3: CSV Reader Confirming Data Upload
[image: ]
[bookmark: _Toc81766806]Figure 4: CSV Reader Node
[image: ]
[bookmark: _Toc81940703]Histogram Frequencies
	The first set of task was to perform histogram frequencies in order to get an overview of some data visualizations. Data visualizations, in this context, refers to the graphical representation of the data at hand. Plotting data visualizations will help to give a clearer and simpler overview of Pestron Foods’ sales records in form of frequencies. The histogram was used as the main tool for visualization in order to represent the frequencies of various variables, such as the number of product lines, customer types, cities, company branches, payment methods, and gender. In order to achieve this, first navigate to the node repository pane on the left-hand side and type ‘histogram’ in the text search field. Then, drag the histogram view from the node repository onto the central working pane, as shown in Figure 5 below.
[bookmark: _Toc81766807]Figure 5: Drag the Histogram View from the Node Repository to the Working Pane
[image: ]
	Next, right-click the histogram node in the central working pane and select the ‘Configure’ option from the list that appears, as shown in Figure 6 below.
[bookmark: _Toc81766808]Figure 6: Select the Configure Option
[image: ]
	Next, a separate dialog box will appear prompting you to set up the variables needed to be included in the histogram, as shown in Figure 7 below.
[bookmark: _Toc81766809]Figure 7: The Histogram Configuration Dialog Box
[image: ] 
	Then, click on the drop-down menu next to the binning column to show the different variables that will be included in the histogram’s x-axis. See Figure 8 below.
[bookmark: _Toc81766810]Figure 8: Click on the Drop-Down Menu
[image: ]
	For this study, five nominal variables were selected at each instance, i.e. branch, city, customer type, gender, and payment methods. Afterwards, select any other numerical variable that you would like to be included along the histogram’s y-axis. These numerical variables are listed in the aggregation column section of the dialog box. Click Ok. Then, right-click on the histogram node again and select the ‘Execute’ option from the list that appears, as shown in Figure 9 below. 
[bookmark: _Toc81766811]Figure 9: Select the Execute Option
[image: ]
	Finally, in order to see the histogram charts results, right-click on the histogram node, once again, then select the ‘View: Histogram View’ from the list that appears, as shown in Figure 10 below.
[bookmark: _Toc81766812]Figure 10: View Histogram Chart Results
[image: ]
[bookmark: _Toc81940704]Linear Regression Analysis
	The second task that was carried out was the linear regression analysis. Linear regression was performed in order to understand the impact of independent variables on the target variable, in the current dataset. The independent variables, in this case, consist of quantity and rating; while the target variable is the gross income. Performing a linear regression analysis will help us understand how these four independent variables affect the gross income value and even answer questions like: In order to perform the linear regression analysis in KNIME, first navigate to the node repository pane on the left-hand side and type ‘Partitioning’ in the text search field. Then, select the partitioning option and drag it to the central working pane, as shown in Figure 11 below. 
[bookmark: _Toc81766813]Figure 11: The Partitioning Node  
[image: ]
	Partitioning is important for any machine learning process, including the linear regression analysis, as it splits the given dataset into two subsets, i.e. training and testing sets. For this study, we shall split the dataset into 80% training set and 20% testing set. To do this, right-click the partitioning node and select the configure option. Then set the relative percentage as 80, as shown in Figure 12 below. After that, click Ok to close the dialog box, then select execute to run this node. 
[bookmark: _Toc81766814]Figure 12: Set Relative Percentage as 80 to Split the Data into 80/20
[image: ]
	After that, type ‘regression’ in the text search field in the node repository. Select the ‘Linear Regression Learner’ option from the pane and drag it to the central working pane, as shown in Figure 13 below.
[bookmark: _Toc81766815]Figure 13: Linear Regression Learner Node
[image: ]
	Next, right-click the linear regression learner node and click configure. In the dialog box that appears, select the correct independent and target variables as shown in Figure 14 below. As previously highlighted, the independent variables that were selected consisted of unit price, quantity, tax, and total sales; while the target variable was the gross income. 
[bookmark: _Toc81766816]Figure 14: Configure the Independent and Target Variables for the Linear Regression Node
[image: ]
Once the variables are configured, right-click the linear regression node once again and choose the option for ‘Execute’ to run this command. Then, once again, type ‘regression’ in the node repository pane and select the ‘Regression Predictor’ option, then drag it to the central working pane, as shown in Figure 15 below.
[bookmark: _Toc81766817]Figure 15: The Regression Predictor Node
[image: ]
Next, right-click the regression predictor node and select configure. In the dialog box that appears, check to ensure that the prediction or target variable is correct, or set as desired. For this case, the desired prediction variable was ‘gross income’ (see Figure 16 below). If everything is set correctly, click Ok to close the dialog box and then right-click the regression predictor node to run this command. 

[bookmark: _Toc81766818]Figure 16: The Regression Predictor Dialog Box
[image: ]
Next, type ‘scorer’ in the node repository pane and, from the options that appear, click ‘Numeric Scorer’ and drag it to the central working pane, as shown in Figure 17 below.
[bookmark: _Toc81766819]Figure 17: The Numeric Scorer Node
[image: ]
Right-click this numeric scorer node and select the configure option. In the dialog box that appears, set the correct or desired reference (independent) variable as well as the predicted (target) variable, as shown in Figure 18 below.
[bookmark: _Toc81766820]Figure 18: Select the Correct Reference and Predicted Variables/ Columns for the Scorer
[image: ]
Once completed, click Ok to close the dialog box. Then, right-click the numeric scorer node and select ‘Execute’. Wait for the command to be executed, before right-clicking the node again and choosing the ‘View: Statistics View’ option to see the results (see Figure 19 below).
[bookmark: _Toc81766821]Figure 19: Select the View Statistics Option
[image: ]

[bookmark: _Toc81940705]Chapter 4. Results and Findings
	This is the fourth chapter of this paper and it seeks to present the final results and findings that were obtained from the linear regression analysis and data visualization approaches, which were conducted in the previous chapter. 
[bookmark: _Toc81940706]4.1 Results from Data Visualization and Frequency Histograms
	As earlier stated, five histograms were plotted in order to show the frequencies of five nominal variables against various aggregation variables, such as gross income, quantity, rating, and total sales. Figures 15-19 below demonstrate each of these five histograms.
[bookmark: _Toc81940707]4.1.1 City
	Figure 15 below shows a histogram of cities and the frequencies of gross incomes per each city.
[bookmark: _Toc81766822]Figure 20: Histogram View of Cities and Gross Income
[image: ]
	The histogram above illustrates the distribution frequency of the amount of gross income that each city generated. As can be seen above, Naypyitaw recorded the highest amount of gross income of $16.052 million, followed by Mandalay, and finally Yangon. 
[bookmark: _Toc81940708]4.1.2 Branches
	Figure 16 below shows a histogram of branches and the frequencies of gross incomes per branch.
[bookmark: _Toc81766823]Figure 21: Histogram View of Branches and Gross Income
[image: ]
	The histogram above illustrates the distribution frequency of the amount of gross income that each company branch generated. As can be seen above, Branch C generated the highest amount of gross income of $16.052 million, followed by Branch B, then A. 
[bookmark: _Toc81940709]4.1.3 Customer Type
Figure 17 below shows a histogram of the customer types and the frequencies of gross incomes per each type.
[bookmark: _Toc81766824]Figure 22: Histogram View of Customer Type and Gross Income
[image: ]
The histogram above illustrates the distribution frequency of the amount of gross income that was generated from the purchases made by each customer type. As can be seen above, the members made more purchases than the normal customers, hence the reason why they generated a higher gross income than the latter. 
[bookmark: _Toc81940710]4.1.4 Gender
Figure 18 below shows a histogram of the gender category and the frequencies of gross incomes per each gender.

[bookmark: _Toc81766825]Figure 23: Histogram View of Gender and Gross Income
[image: ]
The histogram above illustrates the distribution frequency of the amount of gross income that was generated from the purchases made by each gender. As can be seen above, the females made more purchases than the male customers, hence the reason why they generated a higher gross income than the latter.
[bookmark: _Toc81940711]4.1.5 Product Line
Figure 19 below shows a histogram of the product lines category and the frequencies of gross incomes per each line.


[bookmark: _Toc81766826]Figure 24: Histogram View of Product Line and Gross Income
[image: ]
The histogram above illustrates the distribution frequency of the amount of gross income that was generated from the sales of each of the company’s product lines. As can be seen above, the home and lifestyle product line generated the highest gross income for the company, followed by sports and travel, then food and beverages, health and beauty, electronic accessories, and finally fashion accessories. 
[bookmark: _Toc81940712]4.1.6 Payment method
Figure 20 below shows a histogram of the payment methods and the frequencies of total sales per each method.

[bookmark: _Toc81766827]Figure 25: Histogram View of Payment Methods and Total Sales
[image: ]
The histogram above illustrates the distribution frequency of the amount of total sales that were transacted using each of the three payment methods. As can be seen above, the clients seemed to prefer both the cash and e-wallet payment methods and used those most frequently to pay for their purchases and conduct all other transactions. The credit card, on the other hand, was used less frequently than the other two methods. 
[bookmark: _Toc81940713]4.2 Results from Linear Regression Analysis
	This second section shows the linear regression coefficients, for the target variable – gross income – and the independent variables – quantity and rating.
[bookmark: _Toc81940714]4.2.1 Quantity and Gross Income
Figure 17 below shows the linear regression coefficient for quantity of products purchased and the company’s gross income. 
[bookmark: _Toc81766828]Figure 26: Regression between Gross Income and Quantity of Products Purchased
[image: ]
	As can be seen above, the coefficient value is -12.862. This value can be interpreted to mean that for every unit decrease in the quantity of products purchased, then the gross income is likely to decrease by 12.862%.
[bookmark: _Toc81940715]4.2.2 Rating and Gross Income 
Figure 17 below shows the linear regression coefficient for the company’s products and the company’s gross income. 

[bookmark: _Toc81766829]Figure 27: Regression between Gross Income and Rating of Products 
[image: ]
	As can be seen above, the coefficient value is -26.769. This value can be interpreted to mean that for every unit decrease in the products sold, then the gross income is likely to decrease by 26.769%.

[bookmark: _Toc81940716]Chapter 5. Discussion of Results
[bookmark: _Toc81940717]5.1 Introduction to Chapter
	This is the fifth chapter of this paper and it seeks to give detailed explanations and discussions of the results that were just outlined in the previous chapter. The discussions shall be split into two subsections, i.e. the data visualizations/ frequencies and the linear regression analysis.
[bookmark: _Toc81940718]5.2 Discussion of Histogram Frequencies 
	The results from the histogram frequencies indicate how the company’s gross income is affected by nominal variables, such as the city in which the clients reside, the company’s branches, the different customer types, gender of the customers, and the product lines. Each of these variables is discussed in further detail below:
[bookmark: _Toc81940719]5.2.1 Cities
	As is seen from the results, the cities where the clients reside clearly has an impact on the company’s gross income. From the results, we can see that the city of Naypyitaw recorded the highest amount of gross income of $16.052 million, followed by Mandalay, and finally Yangon. The reason for this could be that the clients from Naypyitaw have a higher income per capita, hence have a higher purchasing power than those from Mandalay and Yangon. The company can utilize this information well by prioritizing the clients from Naypyitaw, through various strategies such as targeted marketing and getting more stores or branches in Naypyitaw.
[bookmark: _Toc81940720]5.2.2 Branches
	As for the branches, Branch C generated the highest amount of gross income of $16.052 million, followed by Branch B, then A. This clearly indicates that the sales and marketing personnel from Branch C have winning promotional strategies, compared to those in Branch B and A. The company can utilize this information well by giving employee perks and benefits to the personnel from Branch A, in an effort to further encourage their work. On the other hand, the company can also encourage teamwork between the employees of all the branches and even coach sessions or training in order to ensure increased sales and higher income.
[bookmark: _Toc81940721] 5.2.3 Customer Type
	As for the customer type, the results indicate that members made more purchases than the normal customers, hence the reason why they generated a higher gross income than the latter. From this information, the company should consider giving special discounts, offers, bonuses, and loyalty benefits to their members, in order for them to shop more and stay loyal to Pestron Foods. 
[bookmark: _Toc81940722]5.2.4 Gender
	As for the gender category, the results show that the female customers make more purchases than the male customers, hence the reason why they generated a higher gross income than the latter. This may be so because, as Donkersley (2018) explains, women tend to drive about 70-8-% purchasing decisions in any household. Using this information, Pestron Foods should endeavor to attract more women as their customers through tactics such as making stocking goods which have an emotional sell and tasteful humor, as women tend to connect with products that they trust and can speak about to their friends and colleagues.
[bookmark: _Toc81940723]5.2.5 Product line
	As demonstrated by the results, the product line also affects the company’s gross income and overall revenue. Different products, e.g. home and lifestyle, generate higher revenue than others. In order to ensure that more revenue is realized from every product line possible, Pestron Foods should strive to enhance the quality, delivery, and life-cycle of each product line, by improving the relationships with its suppliers.
[bookmark: _Toc81940724]5.3 Discussion of Linear Regression Results
	The results from the linear regression analysis generally denote the influence the predictor/ independent variables have on the target variable, i.e. quantity, rating, and gross income, respectively. 
[bookmark: _Toc81940725]5.3.1 Quantity of products and gross income
The regression coefficient for the quantity of products and gross income was -12.862; which means that for every unit decrease in the quantity of products purchased, then the gross income is likely to decrease by 12.862%. Therefore, to ensure that there is a continuity of high and stable gross income, the company should strive to have as many sales as possible. This can be achieved through several tactics, such as increased marketing activities, strategic product pricing, increased sales channels, expansion of new domestic markets, improved customer service and relationships, robust business intelligence systems, increased corporate social responsibility (CSR) activities, and thorough market research.
[bookmark: _Toc81940726]5.3.2 Rating and gross income
	On the other hand, the regression coefficient value for the rating of the products and the gross income was -26.769; which can also be interpreted to mean that for every unit decrease in the products sold, then the gross income is likely to decrease by 26.769%. These results also confirm that there is also a statistically significant relationship between the products’ ratings and the company’s gross income. Therefore, in order to ensure that the rating remains high, several things need to be done, for example ensuring that the safety, delivery, timeliness, and presentation of products is not compromised. Also, maintaining good relationships with the company’s suppliers is necessary to ensure that the suppliers deliver the correct products, without violating the contracts.
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