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I. Abstract: 
This case study represents a full review of using big data for Pestron Foods, a mini-supermarket chain that produce and sells electronic. The purpose of this report is to find and implement a suitable Big Data solution for Preston Foods. It will be taken in consideration the data type that Pestron Food holds and create a Big Data Model in Knime. Based on this model, the company will be able to evaluate the current sales situation and predict future company’s trends. 
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II. Introduction:
Big data is the news and the fastest way to analyze and extract information from a database. Sometime the data sets are too large and complex, and the traditional data-processing databases are working slow. This technology is defining a new way of processing data, like a NO-SQL programming language that works much faster than a regular Structured Query Language.
Big data analysis is being used to storage, capture, search, share, transfer, analyze, visualize, transfer, query and update data. Big data was associated with three key words: volume, variety, and velocity.
Pestron Food is a small company that provides food supplies through its stores. Due to a high volume of orders, they implemented Big Data services in Knime because they needed to find out which is the most selling products line in distinct cities. All the steps of the development are being present in this report.
III. RESEARCH METHODOLOGY
The research methodology would be mixture: quality and quantity.
For the purpose on finding a solution to the described problem, the following question has been formulated: ‘How can we design a reliable Big Data solution for Pestron Food?’  This question will be replied on this case study that will provide information and justification for using Big Data on a small company. The new Big Data model and warehouse will centralize and optimize Pestron Food data. 
Another question that arises in our research is ‘Which tool and Big Data Technology should be used?’ This question has been answered by using a Knime because it’s easy to understand and flexible.
IV. Task 1: Literature Review
A. Role of Big Data in small firms
The opportunities provided by Big Data for small business can be the same as for big corporations having a good impact in their business. The small business generates less data than big companies like Google or Yahoo but that doesn’t mean big data is restricted. Big data has better impact on small business as they can act faster on data driven insights.
1) Understanding what makes Pestron Food tick
Using a big data in a small business can add value on the customer behavior, what they consume, and what they prefer to buy, predict future buying’s and what factors made them recommend Pestron Food products. By using a big data model, the data can analyze the customer feedback and predict the needs of improvement of the products and service. 
2) Identifying trends
Companies can try to predict where things are going by spotting and monitoring behaviors and trends, as well as how demand for Pestron products and services will change over time and what will cause that. Until recently, trend research and forecasting relied heavily on "gut instinct". Recently big data has improved by reducing the guesswork from the process. 
Pestron Food will appear on Facebook and Twitter, making it easier than ever to figure out what people want. Trend data is collected and used by services like Trendera and Trend Hunter to answer inquiries for organizations. Online and offline customer behavior in retail may be tracked down to the smallest detail, including how someone walks about the real and online store. 
3) Checking the competition
Big data is also being used more and more to improve corporate processes and day-to-day operations. You can leverage data generated by any business process (ex: costumer engagement, consumer ordering systems, manufacturing) to improve and generate efficiencies. The technology called ‘Smart’ appeared and lead to interconnect multiple technologies and to offer data via reporting their status made by efficient and visible data analysis in real time.
Retailers may improve their supply management by using predictions derived from social media data, weather forecasts, and web search trends. This helps retailers to stock up on the most popular things, guaranteeing that they don't miss out on sales while also lowering the amount of unsold inventory. Another business function that benefits greatly from big data analytics is supply chain or delivery route optimization. GPS and sensors are used to track goods or delivery vehicles, as well as to optimize routes by incorporating real-time traffic data.
4) Recruiting and managing talent
Finding successful employees will become easer as well. A HR-related data in the future will provide information about productivity, personal development, and staff satisfaction. This will lead to a better understanding of the needs of the employees. It will be really useful when other branches will require more staff as well. 
5) Tweaking the business model
Data is part of Pestron business model what is generating revenue. The volume of data will increase in the future and is important to invest in useful technologies. Big data will make the data available to the business. There are efficient ways for small companies to monetize the data generated to provide value to the services or selling data. There can be implemented inbuild sensors that can adjust the maintenance cycles depending on how much a product is being used by the customers. Using big data analytics can start by using the current volume of the data in order to identify the opportunities. [1]
B. Forms of data that the company needs to evaluate
According to Credit Suisse investor analysts, a lot has changed since the 1950s, when the average age of a publicly traded business listed on the S&P 500 dropped from 60 years to less than 20 years. Companies that embrace new technology, automation, Big Data, Machine Learning, and innovation are gaining market share and displacing older legacy industries that have been reluctant to adapt to digital developments. The research done by market cap valuation, 5 of the 6 biggest enterprises (Facebook, Amazon, Alphabet, Microsoft, Apple) are data technology businesses. Companies who recognize the full worth of their data and use advanced analytics technology to utilize it are enjoying continuous success. Howard Baldwin, a Forbes contributor, presents the following contrast to demonstrate the usefulness of data. These pioneers utilize Big Data technologies to gain a competitive advantage by lowering operational costs, increasing revenue, forecasting behavior, and improving cash flows. They incorporate data into every aspect of the business. Data is being utilized to not just predict and drive revolutionary disruptive changes at breakneck speed, but also to record what has happened. 
1) Forms of data
1.1 Data as Strategic Asset
Some companies who are seeking for a strategy to capitalize or monetize their data assets will begin by analyzing the worth of their consumer data. This is not a new concept; it has been happening in retail businesses for decades with the use of loyalty cards to its clients. Customer data can yield significant value (if bought, sold, or traded) or incidentally such as when a new product or service is produced by utilizing customer data, but the data is not actually sold, with Google and Facebook as good examples. Organizations can combine private and publicly available data to produce usable data sets that can be purchased or accessed as a service. The Nielsen Company is an example for this.
1.2 The Usage Value of Data 
Tangible assets like equipment, buildings can go down in value or depreciate over time. On the real estate the value can go higher, but for data is increasing it’s valued the more it gets used. Data is non-depletable, durable and strategic. If a company is using it’s data like reviews, forecasting scenarios the more valuable it becomes.
1.3 The Expected Future Value of Data  
Digital assets are the data types that have no standardized definition regarding on how it should be registered in a company’s balance sheet. This type of data usually is combined with other types that are intangible, in order to be quantified. As an example, would be copyrights and trademarks. In order to place to quantify this intangible assets companies try to put a value on them, based on similar digital assets. Another way to put value on digital assets is to look on the cash flow or income it is being produce for the company. [2]
“Raguseo, E. (2018). Big data technologies: An empirical investigation on their adoption, benefits, and risks for companies. International Journal of Information Management, 38(1), 187-195”. [3]
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2) Types of Analytics 
There are 4 different types of analytics that Pestron Food should take in consideration. The simplest types are descriptive analytics, diagnostic analytics, predictive analytics, prescriptive analytics. 
a. Descriptive analytics
Descriptive analytics are being used to find what happened in the system. Using descriptive analytics, the company can identify the monthly revenue and income per product group and the total quantity of product is being needed. These analyses can respond to the question ‘what happened’ and get a decision on what categories it should focus. Descriptive analytics can provide a valuable information about the past and can identify if something is wrong or right. Data consultants don’t recommend using only this type of analytics, they rather advice to combine it with other types of analytics.  
b.  Diagnostic analytics
Diagnostic analytics storge historical data and can provide information about sales and gross profit to product categories. The company can identify what they missed in the net profit target. This type of analytic can offer a view to particular problems and have detail information to company about revenue issues.
c. Predictive analytics
Predictive analytics is using the information provided by descriptive and diagnostics analytics to identify the exception and predict the future. It’s a valuable tool for forecasting.  It’s an advanced analytic type and has multiple advantages. Pestron Food will be able to predict an estimate future trend and need of a product stock and sale. The accuracy of the information depends on the stability of the company data. This type of analytics will need continuous optimization 
d. Prescriptive analytics
The goal of prescriptive analytics is to tell exactly what to do to avoid a future problem or capitalize on a promising trend. An example of prescriptive: Based on consumer analytics and sales history, a Pestron Food company will be able to discover chances for repeated purchases.
Prescriptive analytics is complicated to create and manage because it employs advanced tools and technology such as machine learning, business rules, and algorithms. Furthermore, due to the nature of the algorithms used, this cutting-edge sort of data analytics necessitates not only historical internal data but also external data. As a result, it is strongly advised to assess the required efforts against the projected added value before selecting to implement prescriptive analytics. [4]
C. Technologies available to the company then offer valid recommendations for implementation
1) Big Data Technologies:
a. Artificial Intelligence
Artificial intelligence is a broad field of computer science that deals with creating smart machines that can do a variety of jobs that would normally require human intelligence. 
AI is a domain that is fast evolving from Cortana to cars that are self-driving. As a multidisciplinary area of research, it incorporates several methodologies such as augmented machine learning and deep learning to create a significant shift in practically every digital industry.
The ability of AI to think and make judgments that have a reasonable chance of reaching a certain objective is one of its best features. AI is always expanding to provide benefits in a variety of industries. AI can be used for healing patients, drug treatments and conduct surgery in OT.
b. NoSQL Database
 NoSQL Database has multiple broad ranges with separate technologies. It’s storing unstructured data and offers faster data processing and flexibility. Examples of NoSQL databases are MongoDB, Cassandra and Redis.
It’s using a horizontal scaling to process the data sets faster. Companies like Facebook, Google and Twitter that store terabytes of data are Using NoSQL Database technology 
c. Predictive Analytics
It is a subset of big data analytics that attempts to predict future behavior using historical data. It forecasts future occurrences utilizing machine learning technology, data mining, statistical modelling, and some mathematical models.
Predictive analytics is a science that generates future conclusions with a high degree of accuracy. Any company can use predictive analytics tools and models to find trends and behaviors that might occur at a specific moment by combining old and new data. 
To investigate the correlations between various trending metrics, for example. Such models are intended to evaluate the promise or risk posed by a particular collection of options. 
d. Apache Spark
 Apache spark is an open-source big data Technology. It’s a distributed processing system that is being used to optimize query’s execution on any data size. It has built-in features for streaming, machine learning and SQL. It supports multiple languages like R, Java, Scala, Python. Spark is being used as part of Hadoop Technology for storge and processing and is much faster than Map Reduce.
e. Hadoop Ecosystem
Hadoop Ecosystem is a platform that can assist to find a resolution to a complex problem. It has multiple components and services for storing, analyzing, maintaining, ingesting data. Hadoop comprises Apache and other well-known open-source tools: Spark, Pig, Hive, Sqoop, etc. Hadoop has a variety of components which includes Common, YARN, HDFS and MapReduce.
2) Challenges
Over the last period of time, multiple corporations are implementing the data-driven technology to point more targeted services and improve performance. They are using data analytics programs to manage and store data to analyze large volume of datasets in order to get decision making estimates. As an example, financial companies include the stock prices and currency trades, unstructured texts and news and costumer success information. Analyzing large amount of data would help the company to measure systematic risks and the firm ricks. This development and maintenance require personnel that are familiar with the statistical techniques and risk management.
a. Conventional vector autoregressive 
Analyzing a large volume of data is challenging. As an example, if the conventional vector autoregressive (VAR) model has more than 10 variables will impact the parameters to grow quadratically with the model size. Placing all the information into a VAR model will cause overfitting and bad prediction performance.
b. Heterogeneity
Big Data is created by aggregating multiple sources that corresponded to different subpopulations which can exhibit different features that are not shared by others. Categorizing and modeling this unique data feature can be really challenging due to insufficient observation.
Connecting a mixture model with large datasets require complex statistics and computational methods. High dimension will need to be carefully operated in order to avoid the overfitting or noise accumulation.
c. Noise accumulation
Analyzing with Big data will require to simultaneously estimate or test many parameters. If there are estimate errors accumulating the decision and prediction rule will be impacted by such parameters and could become misleading.
Using sparse models and variable selection can overcome the noise accumulation. Instead of using all the feature, it is recommended to use a subset of feature that has clear signal to noise ratio. Sparce models can improve classification performance. Variable selection in high dimension is not a safe procedure due to heterogeneity, measurement errors and spurious correlation. [5]
3) Big Data Tools
a. Xplenty
Xplenty is a platform to integrate, process, and prepare data for analytics on the cloud. It will bring the data sources together. Its intuitive graphic interface will help you with implementing ETL, ELT, or a replication solution.
Xplenty is a complete toolkit for building data pipelines with low-code and no-code capabilities. It has solutions for marketing, sales, support, and developers. This tool will help the customer to make the most out its data without investing in hardware, software, or related personnel. Xplenty provides support through email, chats, phone, and an online meeting.
Xplenty is an elastic and scalable cloud platform and has a great connectivity to a variety of data stores and a rich set of out-of-the-box data transformation components. The API component makes this tool customizable and flexible. It can be used to implement complex data preparation functions by using Xplenty’s rich expression language.
The main con is that it only has the annual billing option and it doesn’t allow a monthly subscription.
b. Adverity
Adverity is a flexible end-to-end marketing analytics platform that enables marketers to track marketing performance in a single view and effortlessly uncover new insights in real-time.
Thanks to automated data integration from over 600 sources, powerful data visualizations, and AI-powered predictive analytics, Adverity enables marketers to track marketing performance in a single view and effortlessly uncovers new insights in real-time.
This results in data-backed business decisions, higher growth, and measurable ROI.
Adverity tool has fully automated data integration from over 600 data sources. It also has Fast data handling and transformations at once. Is costumer friendly and has customer support. It can get personalized and out-of-the box, is higher scalable and flexible. It also has high security and strong built-in predictive analytics. The subscription-based pricing model is available upon request. Pestron food didn’t choose Adverity because is an expensive solution.
c. Knime
KNIME stands for Konstanz Information Miner which is an open-source tool that is used for Enterprise reporting, integration, research, CRM, data mining, data analytics, text mining, and business intelligence. It supports Linux, OS X, and Windows operating systems.
It can be considered as a good alternative to SAS. Some of the top companies using Knime include Comcast, Johnson & Johnson, Canadian Tire, etc.
Pestron Food choose Knime because it has simple ETL operations, and it is being integrated very well with other technologies and languages. It Has a rich algorithm set and can automat a lot of manual work and doesn’t have stability issues. It is highly usable and organized workflows and its easy to set up and operate. Knime platform is free. However, they offer other commercial products which extend the capabilities of the Knime analytics platform.
The cons of this tool will be that occupies almost the entire RAM and doesn’t allow integration with graph databases. Data handling capacity can be improved.
d. Apache Hadoop
Apache Hadoop is a software framework employed for clustered file system and handling of big data. It processes datasets of big data by means of the MapReduce programming model.
Hadoop is an open-source framework that is written in Java and it provides cross-platform support. This is the topmost big data tool. In fact, over half of the Fortune 50 companies use Hadoop. Some of the Big names include Amazon Web services, Hortonworks, IBM, Intel, Microsoft, Facebook, etc.
The Pros for of Hadoop is its HDFS (Hadoop Distributed File System) which can hold all type of data – video, images, JSON, XML, and plain text over the same file system. It is highly useful for R&D purposes and provides quick access to data. It is highly scalable and highly available resting service on a cluster of computers.
Regarding Pestron Food, which is a small company, Apache Hadoop, has the cons that sometimes disk space issues can be faced due to Hadoop 3x data redundancy. I/O operations could have been optimized for better performance.
e. MongoDB
MongoDB is a NoSQL, document-oriented database written in C, C++, and JavaScript. It is free to use and is an open-source tool that supports multiple operating systems including Windows Vista (and later versions), OS X (10.7 and later versions), Linux, Solaris, and FreeBSD.
Its main features include Aggregation, Ad-hoc queries, Uses BSON format, Sharding, Indexing, Replication, Server-side execution of JavaScript, Schemeless, Capped collection, MongoDB management service (MMS), load balancing and file storage. Some of the major customers using MongoDB include Facebook, eBay, MetLife, Google, etc.
The main pros of MongoDB are that is easy to learn and provides support for multiple technologies and platforms. There are no hiccups in installation and maintenance, it’s also reliable and low cost.
Pestron Food didn’t choose MongoDB because it has limited analytics and it’s slow for certain use cases. MongoDB’s SMB and enterprise versions are paid, and its pricing is available on request.
f. Lumify
Lumify is a free and open-source tool for big data fusion/integration, analytics, and visualization.
Its primary features include full-text search, 2D and 3D graph visualizations, automatic layouts, link analysis between graph entities, integration with mapping systems, geospatial analysis, multimedia analysis, real-time collaboration through a set of projects or workspaces.
It is a scalable and secure tool and has a full-time support from the development team. It also supports cloud-based environment and works well with Amazon’s AWS. Lumify is a free to use. [6]
V. Task 2: Analysis of Pestron data. Data warehouse and Big Data Model creation.
A. Analyze the datasets
Pestron_sale data set counts 1000 lines and 17 columns and provides information about the product and quantities being sold on Myanmar cities. Another stored information that the dataset provides is the date and time periods of transaction. Based on the transaction date the information is limited to 3 months of sales January, February and March 2019.
The csv file also provides information about the clientele. Information like gender (Female or Male) and customer type (Normal or Member) are being placed in the dataset collection.
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Figure 1
The dataset sent by the Pestron Food needed some changes in the Pestron_Food_Stores csv.
The data type of the Pestron Food sales csv is divers. It contains varchars, doubles, timestamps. 
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Figure 2
This dataset will be used for Data Mining Model.
The other dataset provided by the Pestron Food CEO is providing information about the company stores in the United States of America. This set of data is smaller in terms of rows and columns. It has 68 rows and 9 columns.
This file provide information about the location of the companies stores in Ohio: city, area, ebt, store name, phone number, state, address, wic and zip code
The database types for the Store fields are the following
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Figure 3
For the purpose of this project, a Branch column has been added in the csv file, because the Big Data model will use a Joiner node, and the data would become misleading.
Another three rows have been added in Pestron_Food_Stores csv because the datasets have a different location. Sales were presenting data from Asia- Myanmar, and the Stores dataset was presenting data from United States. 
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Figure 4
By making this change, the data could join and offer details about the store location and products that been sold in every location. This join can offer information regarding the revenue of each store location.
B. Creating the data warehouse
After the .csv files has been updated properly, a new data warehouse has been created for Pestron Food. The data from the .csv files has been imported into Microsoft Access application creating a database application. pestron_sales and pestron_food_stores have been created and populated with data.
Pestron_sales have all the original lines from the .csv file
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Figure 5
To pestron_food_stores has been added 3 additional lines, in order to corelate the data between the two tables. 
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Figure 6
C. Creating the Big Data Model
1) Microsoft Access Connector
By using Microsoft Access Connector in Knime, I was able to create a connection between Knime and Access database. On the location bar, the Database project has been selected.
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Figure 7
2) DB Query Reader
In order to get the data in Knime, I used DB Query Reader. I placed the select statements in the configuration and press execute.
Query 1: select Branch, City, Customer_type, Gender, Product_line, Unit_price, Quantity, Tax_5, Total, Date, Time, Payment, cogs, gross_margin_percentage, gross_income, rating from `pestron_sales`
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Figure 8
Query 2: select Branch, City, Columbus_area, ebt, name, phone_number, state, street_address, wic, zip_code from `pestron_food_stores`
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Figure 9
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Figure 10
3) Column Filter 
On Query 1 I placed a column filter in order to remove the redundancy of the branch field because the table will have a join further in the Big Data Model. 
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Figure 11
This node allows columns to be filtered from the input table while only the remaining columns are passed to the output table.
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Figure 12
4) Joiner
After the column filter was being placed, I joined the tables by branch, with a Joiner node.
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Figure 13

This node combines two tables like a join in a database. It combines each row from the top input port with each row from the bottom input port that has identical values in selected columns. In this case the join was made by City column.
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Figure 14
By pressing on join results, the data will be displayed.
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Figure 15
5) Partitioning
The data has been partitioned after the join, in order to have a test data sample and a train data. The first partition is getting 70% from the input table and the rest goes to the second partition. The partition was stratified sampling by payment column.
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Figure 16
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Figure 17
First partition is getting seven hundred rows.
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Figure 18
The second partition is getting three hundred rows.
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Figure 19
6) Decision Tree Learner and Decision Tree Predictor
Decision Tree Learner creates a classification decision tree in main memory. The target attribute must be nominal and the other attributes that is being used for decision making can be nominal or numerical. In this case the class column is using the Product_line and the root split column will be the city. This Tree Learner will provide information about the best buy product lines in different cities.  
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Figure 20
As an example, in Yangon, the must sold product line is Home and Lifestyle, in Naypyitaw, the electronic accessories are being sold more. Per total, Food and Beverages are the most appreciated products line of Petron Food’s.
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Figure 21
Decision Tree Predictor is using the Decision Tree Lerner in order to predict and forecast a future trend of the bust buy products.
As an example, in Yangon gross income will be higher for the Food And beverages product line.
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Figure 22
7) Scorer
The Scorer node can compare two columns by the attribute value pairs. In our case the columns that are being used are City as the first column and Product Line as the second column.[image: Graphical user interface, text, application, email
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Figure 23
The confusion matrix generated by the scorer is pointing that Health and Beauty has 33 associted lines for Yangon, etc.
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Figure 24
Scorer also generates an accuracy matrix. 
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Figure 25
The Big Data model design for Pestron Food can identify and predict future trends on products being sold.
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Figure 26


VI. Conclusion
Big data is suitable for small companies like Pestron Food, because it can add value in various fields for the company. It can be used to trace the customer success, to identify the company trends, predict the company growth or the need of the resources. Pestron Food is having a powerful tool in order to identify the future trends and predictions. 
There are multiple Big Data technologies and tools that can be used, as presented in the report, Adverity, Xplenty, Apache Hadoop, MongoDB, Lumify but Knime has been chosen due to its simplicity and flexible development.
The Big Data Model developed in this report is using the information provided by Pestron Food in csv files that have been imported into a data warehouse in Microsoft Access. 
The connectivity between the Big Data model and the database relies on Microsoft Access Connector in Knime. The actual datasets are being triggered by the DB Query Reader. The main nodes of the Data Mining process are the Decision Tree Learner and Decision Tree Predictor. These nodes are using the transformed data to identify the current sales situation and predict future sales.
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SBS Improving customer relations Strategic benefit (Ji-fan Ren etal., 2016)
SB6 | Providing better products or services Strategic benefit (Ji-fan Ren et al.. 2016)
TFBI_| Achieving an improved skill level for the employees | Transformational benefit | (Ji-fan Ren ct al., 2016)
TFB2_| Developing new business opportunities Transformational benefit | (Ji-fan Ren et al.. 2016)
TFB3 | Expanding capabilitics Transformational benefit | (Ji-fan Ren et al.. 2016)
TFB4_| Improving business models Transformational benefit__| (Ji-fan Ren ct al.. 2016)
1B | Enabling faster access to data Informational benefit (Gregor et al., 2006)
B2 | Enabling casier access to data Informational benefit (Gregor et al., 2006)
B3| Improving management data Informational benefit (Gregor et al.. 2006)
B4 Improving data accuracy Informational benefit (Gregor et al.. 2006)
IBS__| Providing data in more useable formats Informational benefit (Gregor et al.. 2006)

R1 Reluctance of employees to adapt to changes Risk (Love etal., 2005)

R2 Lack of Information System infrastructure support Risk (Love etal., 2005)

R3 Technical uncertainty Risk (Love etal., 2005)

R4 Minimal IT expertise Risk (Love etal., 2005)

RS Uncertainty about how to measure potential benefits | Risk (Love etal., 2005)

R6 Uncertainty about how to measure the involved costs | Risk (Love et al., 2005)

R7 Capital outlay with no guarantec of likely returns Risk (Love et . 2005)

RS Security issues Risk (Love etal., 2005)

R Reassignment of personnel trained on big data Risk (Love ctal,, 2005)

analytics solutions
RI0 | Privacy issues Risk (Wu & Wang, 2005)





