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Abstract

In the last years, the concept of Big Data was a buzzword, barely understood by the
organizations. The studies showed that it was poorly explored especially by the small businesses. It
was a myth that only large amount of data can be used and only the big companies have the resources
to implement it. However, today more large, medium, or small businesses have an increasing
emphasis for Big Data. This report explores the usage of Big Data especially in small businesses. The
report presents several history events that are considered the foundation of Big Data, a set of real-life
examples where Big Data brought significant advantages, and based on a comprehensive literature
review, the main concepts, and models of it. The report also presents the results of implementing,
using KNIME Analytics Platform and Snowflake tools, a predictive model and a data warehouse that
provides deeper insights on the existing data sets for Pestron Foods business and a vision for creating
future business strategies.

The overall aim of this report is to understand the significant advantages that small companies
have by using Big Data and how they can mitigate the challenges and choose the right tools.

Keywords: small businesses, Big Data, advantages, challenges

Introduction

In recent years, there has been an increasing interest in using data science for analysing and
decision-making especially in large organizations. A considerable number of studies has been
published on the benefits that big businesses had by implementing Big Data despite the industry they
were part of. According to Marr (2016) Walmart, which has more than 20000 stored worldwide and it
is consider one of the largest retailers, used Big Data to determine their customers’ preferences and
provide them the products they want to buy. Understanding the customers’ behaviour wasn’t their
only scope. By collecting and processing around 2.5 petabytes of information every hour, Walmart
was able to decide the best price of the products which increased the sales, simplify the logistical
operations, monitor the performance, and create a strategy for the customer services. Walmart had
the resources to create their internal Big Data team. It is obviously that Big Data is critical for Walmart
as it is for another large organizations as Amazon, Netflix, BBC, or the US Government [1].

However, the world economy is not supported only by large organizations. A report by World
Trade Organization (2016) presented that only 10% of the business are large enterprises, the
difference of 90% represents small and medium size enterprises [2]. This statistic show how important
are small businesses in the economy, but it also brings a concern on how the enterprises are
categorized in small or large. Over the last decades, the definition of small business has been a
controversial and disputed subject. The U.S. Securities and Exchange Commission (1981) defined the
small businesses based on the income. Ten years later, Ang (1991) offered a more specific definition,
where a small business is managed by a sole proprietor rather than a management team. Drinan
(1995) stated that the small businesses should be defined based on the industry and size. Now, the
size of the organization is an important criterion. U.K. Government (2020) estimated the number of
small businesses, based on the size, less than 50 employees, to almost six million. In the same statistic,
the number of large businesses, where the number of employees is greater than 250, was 7835. There
is a considerable difference between the number of the small and large businesses [3].

In this economical context, how Big Data is used by small businesses is an important subject
and this report will focus on the usage of Big Data in small organizations. “Literature review” chapter
will present a comprehensive literature review on Big Data definitions, its advantages, and challenges.
“Methods” chapter will analyse the Pestron Foods business requirements and data and the needed
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steps to successfully accomplish the implementation of a Big Data solution in their organization.
Pestron Foods is a mini supermarket, that do electronic products import and export to several markets
from Europe and Americas. Pestron Foods is a small business, and their aim is to identify opportunities
and adopt strategies for increasing sales and customers loyalty and to optimize the import-export
process by understanding their customers preferences end establish the correct price. “Results”
chapter will show the output of implementing a Big Data solution that satisfy the company business
requirements.

The overall aim of this report is to discuss the benefits of Big Data usage in small businesses
and to find an implementation solution for Pestron Foods to mitigate the challenges and accomplish
their business target.

Literature Review

This chapter will focus on Big Data definitions and the advantages and challenges small businesses
have by implementing Big Data solutions.

In recent years, there has been an increasing focus on Big Data as the companies, despite their
size, are constantly looking for growing, bringing value to their businesses, and predicting the future.
However, the concept is still not easily understood by everybody, and the confusion is caused by the
Big Data definition itself. Even if the term was a buzzword in 2012, previous studies reported a huge
history behind the concept of Big Data. According to Southerland, data analysis was to predict
mortality rate by John Graunt in 1662 [4]. At that moment, the Big Data term wasn’t known, but the
data itself was a critical element for doing analysis. In 1865, Richard Millar Devens described how a
banker found a solution to collect and analyse the information and get advantage by acting accordingly
before his competitors. This process was described by using “business intelligence” term. The
evidence suggests that the same period introduced an issue that has grown in importance, and it
represents still a challenge now: how fast can data be collected and analysis. This problem was
addressed by Herman Hollerith, a businessman, statistician, and inventor, which invented in 1881 the
Hollerith Tabulating Machine used by the US Census Bureau to reduce the collection and processing
of a large amount of census data from 10 years of work to only three months [5]. Herman started the
Tabulating Machine Company, which became later the base for what is now known as IBM company
[6]. In 19" century, the engineer Fritz Pfleumer discovered a method to store the information on
magnetic tape. So far, those events, drove to the definition of Big Data in the way that it is understand
and used now but in 1989, Erik Larson stated “the keepers of big data say they do it for the customer’s
benefit. But data have a way of being used for purposes other than originally intended”. His statement
shown the real challenges that collecting, and processing data have. These challenges related to
privacy, security and ethics are addressed now by every entity that uses Big Data. However, Big Data
was defined from multiple perspectives. IBM (2012) defined Big Data as a massive collection of data
collected from different data sources, while other authors were focused on the storage and analysis
requirements of using big data [7].

Overall, in most of the literature, the Big Data is defined by its three main components: data, the
analytics of data and the interpretation of the data analytics which brings business value. Hurwitz et.
al. [8] defines big data in terms of the three Vs: volume, variety, and velocity. Volume refers to the
amount of data, velocity measure how fast the data is processed, and variety indicates the types of
data. However, this definition can diminish the importance of Big Data, as other aspects as complexity,
accuracy, and the context in which Big Data analysis is applied must be considered.

Oracle defines the volume as the amount of data that matters [9]. The volume measures the size
of data sets that the organization needs to process and analyse. Over the last year, the volume



significantly increased being larger than terabytes or even petabytes. Another interesting aspect is
that the data volume is different based on industry. Marr (2018) published an article about the way
that Instagram use Big Data. He mentioned that Instagram has 800 million active users per month and
the generated data, which in this example includes mainly photos and videos, is as large as the
company chief executive officer declared “We are also going to be a big data company”. However,
small companies are not generated such amount of data. There is no need of having terabytes of
generated data to achieve the same benefits as the big companies do.

Another important characteristic of Big Data is variety. Hurwitz et. al. (2013) [8] simply defines
data variety as the different types of data. He even accentuates its importance as considering it “the
spice of life” and classifies it in structured and unstructured data. Structured data refers to data that
follow a format and has a defined length. Structured data is simple, organized, and quantitative and
contains searchable data (numbers, date, arrays of characters known as strings) and depends on a
data model. It is usually stored in Excel files, Google Sheets, or relational database management
systems (RDBMS). In retail industry, structured data is represented by inventory, shop details (name,
address, phone number), product hierarchies, shipping data, financial data etc. Unstructured data can
be difficult to organize as it doesn’t follow a defined pattern and it has a higher level of complexity.
Unstructured data is represented by image, video, log files etc. In retail industry, it can be product
image meta data, customer reviews, marketing emails etc [10].

So far, the report describes the Big Data through the amount and types of data. But these two
characteristics wouldn’t be enough for bringing value to the businesses without considering the time
measure. Velocity measures the speed with which the data, structured and unstructured, is generated.
Statistics shown that every minute, Twitter generates 98000 tweets, Facebook has 695000 status
updates, Google has 698445 searches and Gmail generates unstructured data from 168 million emails
sent. Velocity has a large impact on businesses. However, velocity doesn’t necessary mean
productivity, but it is crucial for business decision-making.

It is a fact that large organizations have considerable benefits from using Big Data, but the lack of
studies and literature for the small businesses is a concern. An IBM report shown that only 23% of
small and medium businesses use big Data. However, in the second part, this chapter will focus on the
importance of Big Data for small businesses.

Twiddy & Company is a family-owned small business that manage 998 homes for renting in North
Caroline. Their aim is to increase the customers satisfaction and properties owners’ profit. As it is a
small company, the data is stored in spreadsheets which makes is difficult to analyse. Their marketing
director identified the limitations of making good decisions caused by the incapability of properly
analyse their operational data. Twiddy decided to implement a Big Data solution by using a SAS
(Statistical Analytical System) which organize the company’s data into a customizable format. This
format was shared with the properties’ owners and contractors, and they were able to decide the
price of the rent based on market conditions, season, or property characteristics (location, size,
number of rooms, etc.) and to make customized recommendations to their customers. Twiddy
declared also that the company cut the cost of maintenance by 15% and eliminate invoice processing
errors. The benefits brought by the Big Data in such a small company, was for Twiddy as “tasting ice
cream for the first time”.

Twiddy & Company is not the only small businesses that took advantage of processing and
analysing their data.

Carvana, an online marketplace for cars, founded in 2013 in Phoenix, saw the opportunities in Big
Data. The company has only 50 employees, and their aim is to improve customers’ experience, but
they also want a better way to predict the cars sales. According to their co-founder they want “to
determine which cars up for auction didn't meet our quality standards”. Carvana decided to work with



a data-expert team which analyse hundreds of data across several databases. The analysis was against
the credit reports provided by multiple companies and improve the decision of interest rates for
different customers and it also helped to identify the suspect buyers.

Overall, according to McKinsey Global Institute (2015) [11], there are several ways that Big Data
can bring value to small businesses:

e |t can offer a better understanding of the information provided by the data analysis. The
information become transparent, and it can be frequently used in decision-making
process. Also, the companies can use it in experiments to simulate different situations and
make better predictions.

e |t can be used to develop future generation of products and services. If a product is not
preferred by the customers, or it doesn’t have highly desired features, then it can be
improved in a future version.

e It can be used to identify potential markets and to create a segmentation of customers
to mitigate the risk and improve the marketing strategy.

Big Data offers to small businesses a huge growth potential, but it also comes with challenges.
Large organizations have all the resources, including financial resources, to adopt Big Data, but small
companies can meet limitations as lack of knowledge, speed of data growth, confusion generated by
the Big Data tools selection, data integration or security.

One of the most common issue is represented by the lack of professional knowledge of what is
Big Data and how it can be efficiently used. The employers might not know about the importance of
data storage. The data is not stored into databases, there is no backup strategy, and when the data is
needed, it can’t be easily accessed. Small companies can hire data scientists, analysts, or engineers,
but this solution results into an increase cost of recruitment. A better solution is to invest in their
existing staff by providing training programs and purchase knowledge analytics solutions, known as
Big Data tools. Table 1 shows some of the Big Data tools, classified based on their role (See Appendix
A):

Role Tool
Analytics Frameworks Apache Hadoop
Apache Spark
Data Storage Big Data Sqoop
Data Visualization IBM Watson Analytics
D3.js
Microsoft Power B
Processing Google BigQuery
Amazon Redshift
Testing Hive
HBase
Governance Apache Atlas

Table 1: Big Data tools

The selection of Big Data tools represents a challenge for most of the small companies, where
there is no professional data expertise. Instead of losing money and time trying to identify the
appropriate technology, the company can hire a data consultant which will be able, based on
experience, to recommend the tools that will support the business requirements and scenario. A



professional selection will also resolve the integration issue as data is collecting from different sources
and the aggregation is crucial for analysis and business intelligence. Another important aspect is
represented by the data security and especially by the vulnerability to fake data generation. Based on
IBM report (2009), in the UK retail industry, more than 80% of the companies have inconsistent data
which impacts the operations and profit. Hazen et. al. (2014) [12] stated that the insights are correct
and concluded only if they are obtain based on correct data. For mitigate this challenge, the companies
should use tools for data quality control.

This chapter discussed about the definition of Big Data and the historical events that underlines
the concept. Several case studies were also discussed to prevent the advantages and challenges that
small companies have by implementing Big Data solutions.

In the next chapter, the report will focus on the steps required to successfully implement a Big
Data solution that satisfy the Pestron Foods organization requirements. The data set provided by the
company will be analysed. It will introduce literature research on several Big Data algorithms and
models.

Methods

This chapter will focus on data analysis methods. The Pestron Foods data set will be described.
The tools and algorithms used for implementing a Big Data solution will be decided based on the
following literature research.

Extracting value and producing a rigorous analysis of diverse and large data sets is a complex
task and requires the analyst to follow principles and scientific methods. In the organizational context,
the following methods can be applied:

e (Classification

Suthaharan (2012) defines classification as a technique used to classify data based on format, type
of applied analysis, processing technique, data source and data storage. Unstructured data is classified
into structured classes. Classification technique involves two phases. First phase is the learning
process where the training data sets are provided and analysed, and the patterns are created. In the
second phase, the data sets are evaluated and tested, and more accurate classification patterns are
created. Classification technique is either supervised or unsupervised. In supervised classification, a
possible class is known in advanced and Decision Tree (DT) or Support Vector Machine (SVM)
algorithm is commonly used [13].

e Regression

Hurwitz et. al. (2013) [8] defines regression as a technique used to estimate the relationship
between two or more variables. It is based on a dependent variable (a factor that needs to be
understand or predict) and an independent variable (a factor that impact the dependent variable). For
example, the sales of a product can depend on weather. One of the most used algorithms is linear
regression.

e Similarity matching

Similarity matching is a technique used to identify entities (products, services, customers etc.)
based on common characteristics. This technique can bring a huge benefit for targeting marketing
campaigns [14].

The process of implementing a Big Data solution for Pestron Foods organization includes data
collection, validation, and analysis.



The first data set provided by Pestron Foods organization is stored in csv file and contains
structured data related to their sales and 17 variables with the following meaning:

Variable
InvoicelD

Branch

City

Customertype
Gender
Productline
Unitprice
Quantity
Tax5%

Total

Date

Time

Payment

cogs

grossmarginpercentage

grossincome
Rating

Type
Number (Integer)

String

String

String

String

String

Number (Double)
Integer

Number (Double)
Number (Double)
Date

String

String

Number (Double)

Number (Double)

Number (Double)
Number (Double)

Description

Number of the recoded invoice in the company
system for a specific sale

Name of the branch that process the sale. The
data set contains data about three branches: A, B
and C

City where the branch is located. The data set
contains data about three cities: Mandalay,
Naypyitaw and Yangon

Type of the customer. This variable indicates if the
customer is a member of the store or not
Customer’s gender with two possible values:
Female and Male

Product category

Price for a single unit of measure of the product
Purchased product’s quantity

The amount that represents a five percentage
from the product price as tax

Total amount paid for the purchased products
(including tax5%).

Date when the invoice was generated

Time when the invoice was generated

Method of payment. This variable indicates if the
customer pays using cash, credit cards or E-wallet
Cost of goods sold calculated as deducting the
tax5% from the total amount

The amount of profit made before deducting the
sales

Total income before deductions

A number that indicates the customer satisfaction

Table 2: Pestron Foods sales data set variables

The second data set provided by Pestron Foods organization is stored in csv file and contains
structured data related to their stored existing in Columbus city and nine variables with the following

meaning:

Variable
city
columbus_area

ebt

name
phone_number
state
street_address

Type
String
String

String

String
String
String
String

Description

City where the store is located
Geographic area where the store is
located within the city

Electronic Benefits Transfer used to
accept payments

Store’s name

Store’s phone number

City’s state

Store’s address



wic String Special Supplemental Nutrition Program
also used to accept payments

zip_code Number (Integer) = Store’s zip code
Table 3: Pestron Foods stores data set variables

The next chapter will show the data cleaning as the provided data set can contain irrelevant
information, data validation, visualization and analysis steps results using KNIME Analytics Platform
which is a free and open-source software for creating data science. KNIME is intuitive and offers
features and reusable components accessible for everyone and it doesn’t require knowledge of
coding. As mentioned in “Introduction” chapter, one of the company’s aims is to increase sales and
customer loyalty for successfully achieve it, a linear regression model will be created.

Results

This chapter will present the output of initial visualization of the data sets provided by Pestron
Foods organization, the output of implementing a linear regression model and a creating a data
warehouse.

A workflow group is created for Pestron Foods, and it contains two workflows: Sales workflow and
Stores workflow.

4% KMIME Explorer &3 = B8
A HE|HE || V“
@

Loz My-KMIME-Hub (api.hub.knime.com)
_.15.[5 EXAMPLES (knime@api.hub.knime.com)
w i LOCAL (Local Workspace]
Example Worlkflows
o PestronFoods

iy Sales
i Stores

Figure 1: KNIME PestronFoods workflow group

Sales workflow

Sales data set is prepared and visualised as the following workflow shows:

Data Visualization
Color Manager Pie/Donut Chart

o’ 3

&ssign color based show sales by
on product fine. product line:

Stacked Area Chart

=i

[CSV Reader] Column Filter String string String Column Fitter  Column Resorter

show sales (total)
oy city

=, TN > - > >l > > >
CSV Writer
sales remeve cogs, extract Year extract Month extract Day remove Date reorder variables
grossmarginpercentage and variable
gross income variables

Color Manager PieiDonut Chart
wirte cleaned
n data set to a csv fie

assign color show sales
based on member type by member type.




Figure 2: Sales data set workflow

CSV Reader node is used to import the sales data set csv file provided by the company.

IIJ Dialog - 0:1 - CSV Reader (sales) - m} X
cooom=RaH,,
A G:Sales 53 A 3:Stores .
{Settings! Transformation Advanced Settings Limit Rows Encoding Fiow Variables  Memory Policy
Inputlocation "
Read from |Local Fle System
Mode @ Fie () Fiesin folder
Fiie D:\riversity\Year 3¥ig Data \pestron_sales. csv ~| | Browse. A
Reader options
Format-
Autodetect format o
ICSV Reader | Column deimiter Row defimiter (@) Line break (O Custom | V'n
& »
fad Quote char " | Quote escape char
®
sales # | Comment char
Has column header Has row ID
[ suppert short data rows [ Prepend file index to row ID
Preview
() The suggested column types are based on the first 10000 rows only, Ses 'Advanced Setfings' tab.
Row ID Branch  [[S] City [§] custom... |[§] Gender [[§] Productine [[D] Unitprice [[T] Quantity @TﬁxEWn ‘@
750678428 |A [Vangon IMember Female ; 74.69 7 %.192 5%
225-31-3081 | Naypyitaw _|Normal Female Electronicacces. . [15.28 5 5.82 0.
631413108 [a [Yangon Inormal male 46.33 7 16.215 [E
123-19-1176 A |Yangon Member Male Ik 58.22 B8 23.288 [48¢
373737910 A [Vangon Normal Male: Sportsandiravel ﬁsx 7 30.209 63
699-14-3026  |c Naypyitaw  [Normal male Electronicacces. .. [85.3% 7 [29.887 6z | v
>
<
0K Apply Cancel @
2% Outline 3%

Figure 3: CSV Reader node configuration

An initial analysis is required to exclude unnecessary information. Duplicated rows, if existing
are eliminated and redundant columns are removed. Cogs, grossmarginpercentage and grossincome
variable will be removed using a Column Filter node, as they can be calculated from total and tax5%

variables.

CSV Reader [Column Filter

E_. p—p ili »

L] L]
sales remaove cogs,
grossmarginpercentage and
gross income variables

Filtered table - 0:2 - Column Filter (remove cogs,) - O x
File Edit Hilite Mavigation View
Table "default” - Rows: 1000 Spec - Columns: 13 Properties  Flow Variables
h Row ID [8]pranch |[S]city [8] custom... |[§] Gender  |[S]Productiine |[D] Unitprice |[1] Quantity |[D]Tax5% |[D]Total [s]oate [8] Time [§]Payment |[D]Rating
750678428 |A [Yangon Member Female Healthandbeauty |74.69 7 26,142 548.971 1/5/2015 13:08 Ewallet 9.1 Py
226-31-3081 |C Naypyitaw _ |Normal Female [Electronicacces... 15,28 5 .82 B0.22 38/2019  10:29 lCash 56

Figure 4: Column Filter node configuration

The Date variable has a string format and for a better analysing process the year, month and
day were extracted into separate variables by using String Manipulation nodes.



Dizlog - 0:3 - String Manipulation (extract Year) - o x
File:

String Manipulation Flow Variables Memory Policy

Column List Category Description
RowiD ~ (T o =
ROWINDEX
ROWCOUNT Function
g E’E”"‘“ capitalize(str) ~
15 C‘t’m capitalize(str, chars)
S| CamomertiPe | lcomparc(et1, s:2)
ender
15| Profucine count{str, toCount)
ot countlstr, toCount, medifers)
o """";‘E countChars(str, chars)
Quantity countchars(str, chars, modifiers)
[D]Taxs% indexOf(str, toSearch)
AT
LT | indexofist, tosearch, modifers)
Flow Variable List indexOffstr, toSearch, start)
[57]knime werkspace | [ndexOftss, tosearch, start, modifers) v v
Expression
1 substr(3Date$, lastIndex0fChar(5Dates, /') + 1 , length(30ates) ) ~
v
(@ Append Column: | Year [ insert Missing As Null
O Replace Column: [ D] Rating syntax check on dose

oK Apply Cancel @
Figure 5: String Manipulation node for extract year configuration

Year variable extraction required an expression to be executed over the Date string and the
result is stored into a separate column “Year”. The same mechanism, but with different string
manipulation expressions, was applied for Month and Day and the output is reflected in Figure 6.

Appended table - 0:5 - String Manipulation (extract Day) - O X
File Edit Hilite Navigation View
Table “default” - Rows: 1000 Spec - Columns: 16 Properties Flow Variables

Row  [[S]cty  [[S]custom..|[S]Gender |[§]Productine |[D]uniprice [[T] Quantity l:@ Taxs% |D|Tetd  [[S]bate  [[§]Tme  [[S]Payment [[DlRatng [[S[Year [[S]Montr [[S]oay
750675428 vangon  |Member  [Female Healthandbeauty [74.63 7 %1 s8.571  |15/2013  [13:08 Ewallet o1 13 f 5 .\
26313081 Naypyitaw [Normal Female [Bectronicacces... |15.28 5 582 0.2 et |28 Casn o6 013 3 3
631413108 vangon __|Normal Maie Homeandiestyie [46.33 7 16.215 90.5% 332019 [13:23 Credtcard |74 013 3 3
123-19-1176  |Yangon Member Male Healthandbeauty |58.22 8 123288 1488.048 1/27/2019 |20:33 Ewallet 8.4 2019 1 27
373-73-7910  |Yangon Normal Male Sportsandtravel [86.31 7 30.209 634379 2/8/2019 10:37 Ewallet 5.3 2019 2 8
69514302 Naypyitan |Normal Male [Bectronicacces... [35.33 7 [29.887 627616 |3p5/2018  1:30 Ewallet 4.1 013 5 25
355555943 Yangon  [Member  [Female [Blectronicacces... [68.8% 5 20,652 433852 |2ps/01s 1436 Ewallet 5.8 013 2 25
315225665 Naypyitaw [Normal Female Homeandiestyie [73.56 10 .78 77238 2pa01s [1138 Ewallet g 013 2 22
665-32-9167  |Yangon Member Female Healthandbeauty |36.26 2 3.626 76.146 1/10/2019 17:15 Creditcard 7.2 2019 1 10
682-92-5582  |Mandalay Member Female Foodandbever... |54.84 3 8.226 172.746 2/20/2019 13:27 Creditcard 5.9 2019 2 |20
351620822 Mandalay  |Member [Female [Fashionaccesso... | 14,4 B 28% 60815 262015 [1:07 Enallet 45 18 2 3
525563973 |Mandslay  |Member  |Male [Bectronicacces... [25.51 4 5102 07.192 @018 [17:03 Casn 6.8 013 3 3
B5640515  vangon [Normal Female [Bectronicacces... [46.95 5 1173 2488 |2j12/2018  |10:25 Ewallet 7.1 018 B I

Figure 6: String Manipulation (extract Day) node execution output

Once these data were extracted, the Date variable become redundant, and it was removed from the
data set using a Column Filter node. Figure 7 shows the data set after removing the Date variable:

Filtered table - 0:6 - Column Filter (remove Date) — O hd
File Edit Hilite Navigation View
Table "default” - Rows: 1000 Spec - Columns: 15 Properties Flow Variables

Row ID [S]Branch [[S]city [S] custom... [[§] Gender [[S]Productine [[D] unitprice [[1]Quantty [[D]Taxs% [[D]Total  [[S]Tme  [[S|Payment [[D]Rating [[S]vear  [[S[Montr [[S]Pay
750-67-8428  |A [Yangon Member [Female Healthandbeauty 74.69 7 26.142 548.971 13:08 Ewallet 9.1 2019 1 s ~
226-31-3081  |C Naypyitaw  |Normal [Female [Electronicacces... |15.28 5 3.82 80.22 10:29 Cash 9.6 2019 3 8
531413108 |a [vangon Normal Male Homeandifestyle |%6.33 v 16.215 340.526 _ [13:23 Creditcard__[7.4 2019 3 3
123-18-1176  [a [Yangon Member Male: Healthandbeauty |58.22 8 23.288 489.048 20:33 Ewallet 8.4 2019 1 27
373737910 |A [vangon INormel Male [Sportsandtravel |85.31 7 50.209 634.379  |10:37 Ewalet 5.3 2018 B B
599-1430%6 |c Naypyitaw _|Normal Male [Electronicacces. . [85.39 7 20.887 527.516  |1m:30 Ewalet 41 2018 3 =
355535945 |A [vangon Member Female [Flectronicacces. ., [58.84 5 20.652 E3.692  |14:36 Ewalet 5.8 2018 2 =
315225665 |c NaypyitawNormal Female Homeandifestyle |73.55 10 .78 77238 11:38 Ewalet B 2018 2 24

Figure 7: Column Filter (remove Date) node execution output

Last step applied, before performing a data visualization, was the reordering of columns using
Column Resorter node.

Data visualization section contains several charts that offer a better understanding of the sales
data set.

Figure 8 shows a graphical representation of the sales based on the product line. To obtain
this chart, a Color Manager node was used and then a Pie/Donut chart node.
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Pie chart image - 0:10 - Pie/Donut Chart (show sales by)
File
Image | Image Spec Flow Variables

Pie Chart
@ Electronic accessories @ Fashion accessories @ Food and beverages @ Health and beauty
@ Home and lifestyle @ Sports and travel

e
4

Figure 8: Graphical representation of sales based on product line

Products from the “Fashion accessories” categories are the most sold ones, while the “Health
and beauty” category has the lowest number. Understanding the customers’ loyalty is also an
important aspect and Figure 9 illustrates it.

Bie chartimage - 012 - Pie/Donut Chart (show sales)
Fie
e Inage Spec Fiow Variables

Pie Chart

@®Member @ Normal

Figure 9: Graphical representation of sales based on customer type

It is imperative to notice that there is almost an equality between the member and non-
member customers. The target will be to increase the number of members.

After performing an initial data visualization, the cleaned data set was exported into a csv file
using the CSV Writer and this file will be used for defining the model and creating the Data Warehouse
for Pestron Foods organization.

Stores workflow

Stores data set contains a very low number of records, and it is very specific to the details
about the stores that the organization has in Columbus city. For this data set only an initial simple data
visualization was performed.
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Data visualization

CSV Reader Color Manager Pie/Donut Chart
R
LLE] .
L ] L ] L]
stores assign color based show number
oan columbus city of stores per
are are

Figure 10: Stores data set workflow

The data set was imported in KNIME using the CSV Reader and the number of stored per each
area of the city were displayed in a graphical representation.

@cast @north @south @west

Figure 11: Graphical representation of stores based on the city

As Figure 11 shows, the Pestron Foods organization has most of the stores, existing in
Columbus city, located in the west area of the city.

Next step is to create a predictive model using the linear regression method. A new workflow,
called PredictiveModel was created. Pestron Foods collected 1000 sales for six product categories
across three branches in different cities. The aim is to build a predictive model and find out the sales
for each product category for a particular customer type (member or normal customer).

Figure 11 shows the steps required to obtain the predictive model.
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CSV Writer

Train data preparation Train model i
Missing Value Linear Regression
.2 > Learner J
‘m . write ourput in
S LA csv fie
Clean missing
values from linear regression

training data eamer

Data visualization

Data reading and preparation Apply the mode!|

CSV Reader Column Rename  Row Filter ~ Round Double Partitioning Regression
» Predictor ‘Column Filter,
B » (s = [ =
o tB a i ooy m PigiDonut Chart
» iy
m
read prepared rename variables exclude records  round total partition data in Test data preparation .n
sales data set tobe accepted by  with missing variable to 80% training regression keep only
regression predictor  product_ine 2 decimal points. 20% festin
g o product | P g Missing Value predictor customer_type, show predictive total
using stratified sampling oduct_i d
product_line an by customer_type
» > prediction total
Data visualization . GroupBy
> »
Pie/Donut Chart Clean missing T
values from PieiDonut Chart
m test data
group by customer_type
" product_iine and "
prediction total
show total

show predictive total
by product_line

by product_line

Figure 12: Predictive model workflow

Linear regression model was chosen for a better understanding of the relationship between
the total and the type of customer and product line. Prepared data set, obtain in Sales workflow was
imported in KNIME using a CSV Reader node. The variable’s names were modified to mitigate an issue
exposed by the regression predictor. For example, customer type variable was initially called
“Customertype” which results in the error shown by Figure 13. It was renamed to “customer_tpe” and
for consistency all variables followed the same naming convention as shown in Figure 14.

ERROR Regression Predictor 11:4 Execute failed: The column "Customer type"” is in the medel but not in given table.

Figure 13: Column name error

Renamed/Retyped table - 10:3 - Column Rename (rename variables) - o X
File Edit Hilite MNavigation View
Table “defauit” - Rows: 1000 | Spec - Columns: 16 Properties Flow Variables
Row ID [S]rowid |[S]branch |[S]aty [S] custom... |[§]gender  |[S]product line |[D] unit_price |[ 1] quantity |[D] tax_5_.. |@ total [1] year [1]month |[1]day [s] tme [S]payme..

Rowd 750678428 |A [vangon Member Female 74.69 7 2,142 546571 018 1 5 13:08 Ewalet ~

Rowl 226-31-3081_|C INaypyitaw __ Normal Female Electronicacces... [15.28 5 [3.82 8022 2015 3 B 10:29 Cash

Row2 631-41-3108 |A [Yangon [Normal Male I [.33 7 [16.215 [30.526 2019 3 3 13:23 Creditcard

Rowd [EEECETEmrY annnn WMemhar Mot Healthandhen it (58,99 A EZECT laranam n1a T 7 n-22 Pt

Figure 14: Columns renaming output

In the next node, Row Filter, the data set was cleaned by excluding the records with missing
values for product_line variable. Also, the total variable was rounded to two decimal points numbers.

Before creating the linear regression model a chart was created for showing total amount generated
by each product category. This chart doesn’t include the customer category variable.
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e tnage oec Fow araies
Pie Chart
(=] i i @ Fashion i @ Food and @ Health and beauty
@ Home and lifestyle @ Sports and travel

Figure 15: Graphical representation of sales based on product line

Linear regression model needs two data sets, a data set for training and another one for
testing. Partitioning model was splitting the initial data set into 80% data for training purpose and 20%
data for testing using stratified sampling. Missing values were treated in both training and testing
data.

Linear regression learner receives training data as input and its configuration is shown in Figure 16.

Dialog - 10:53 - Linear Regression Learner (linear regression) — m} X

File

Settings  Flow Variables Memory Policy

rTarget
[D] total v
rValues
(®) Manual Selection () Wildcard/Regex Selection
r Exdude - Indude
Y FAiter Y Aiter
S| row_id ~ o S | customer_type
| 8| branch |§| product_line
S| dty

S| gender »

| D | unit_price

| 1 | quantity <

| D| tax_5_percentage

1] year «

| | | month

1o .

(O) Enforce exdusion
r Regression Properties

[] Predefined Offset value: 0z
rMissing Values in Input Data Scatter Plot View
(®) Ignore rows with missing values. First Row: 15
(C) Fail on observing missing values. Row Count: 20,000 (5

oK Apply Cancel @
Figure 16: Linear Regression Learner node configuration

The output is represented by a model for predictor and coefficients and statistics.
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Coefficients and Statistics - 10:3 - Linear Regression Learner (linear regression)

File Edit Hilite Mavigation View

Table “Coefficients and Statistics™ - Rows: 7 Spec - Columns: 5 Properties  Flow Variables

Row ID [§] variable [D]Coeff.  |[D]5td. Err. |[D]tvalue |[D]P=Itl
Rowl customer_type=Mormal |5.76 17.159 0.336 0.737
Row2 product_line=Fashion... [-12.652 29,062 -0.435 0.6683
Row3 product_line=Foodan... [24.928 29,197 0.854 0,383
Row4 product_line=Healtha. .. [+.654 30,082 0.155 0.877
Row5s product_line=Homea. .. [30.747 29,597 1.039 0.299
Rowa product_line=Sportsa... [13.545 29,741 0.455 0.543
Row7 Intercept 302,549 22,721 13.316 i

Figure 17: Linear Regression Learner - coefficients and statistics output

These coefficients are essential for Pestron Foods understanding. An additional customer who
is not a member increase the total amount by an average amount of 5.76. The low P values (0.299 and
0.393) for Homeandlifestyle and Foodandbeverages product lines indicates that these two categories
are statistically significant. An additional unit of Homeandlifestyle increase the average total amount
with 30.747.

The predictive model was applied against the testing data set using a Regression Predictor
node. The needed columns were filtered and grouped to obtain a data visualization as shown in
Figures 18 and 19.

Foe
imag¢  image Spec Plow Venes

Pie Chart
@ Electronic accessories @ Fashion accessories @ Food and beverages @ Health and beauty
@ Home and lifestyle @ Sports and travel

Figure 18: Predictive model applied - predicted total based on product line

10412 - Pe/Donut

file
Imoge  tmage Spec Fow Varstles

Pie Chart

@®Member @ Normal

Figure 19: Predictive model applied - predicted total based on customer type

The output of the applied model was written in csv file using a CSV Writer node.



File

Settings  Advanced Settings | Comment Header Encoding  Flow Variables

Output lacation

Write to Local File System ~ ~

File D:\University \tear 3\fig Data \predictive_sales.csv v| | Bowse.. |

Virite options [ Create missing folders If exists: @) overwrite (O append (O fail
1 There exists a file with the specified path 'D:WUniversity \Year 3\Big Datalpredictive_sales.csv' that will be overwritten.
Format
Column Delimiter

System Default f Fov Defmt=

Quote Char Quote Escape Char

Header

Write column header
Don't write column headers if fike exists

[ write row ID

oK Apply Cancel @
Figure 20: CSV Writer node configuration

Data Warehouse

For the Data Warehouse creation, Snowflake was used. Snowflake architecture contains three
layers: storage, compute, and services. Storage layer store all the data, structured or unstructured and
has the advantage or automatically management of files, size, metadata or statistics. Compute layer
keeps virtual warehouses responsible for processing the queries. Cloud services layer includes
authentication, infrastructure and metadata management, query optimization and access control and
coordinates the entire system. This architecture brings huge benefits in terms of performance, speed,
availability, accessibility, and security and represents an ideal solution for Pestron Foods organization.

A Snowflake account is required and a warehouse and database for Pestron Foods
organization were created as Figures 21 and 22 show.

s [ ] x ull ? SANDRAANGHEL

Warehouses
Warehouses > PESTRONFOODSWH

Last refreshed 6:14:35PM | €

Warehouse Load Over Time.

Figure 21: Snowflake Data Warehouse

e e

Databases

H
W

SANDRAANGHEL

S * PESTRON_FOODS_DB Last refreshed 6:15:06PM &

Table Name Schema Creation Time Qwner Rows

Figure 22: Snowflake database

KNIME requires a Snowflake driver which is easy to install and configured. Based on the official
documentation, Snowflake JDBC driver requires at least Java 1.8. Once downloaded the driver was
added into KNIME Preferences under Database section.
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Preferences a x

type filter text Datak (legacy) o v B

General
~ Install/Update

Lets you load additional database drivers from Jar or Zip archives and set other
database related preferences for the legacy database framework. To register additional
Automatic Updates drivers for the new database framework go to the Databases prefrences page.

Available Software Sites | |ist of loaded database driver files and directories:
~ KNIME

Custormiaation Profiles C:\Users\sandr\Downloads\snowflake-jdbe-3.13.7 jar
Databases

Databases (legacy) Add directory
JavaScript Views —
KNIME Explorer

KNIME GUI up
Kerberos

Master Key Down

Meta Info Preferences

Open Street Map Timeout for database operations (in seconds)

Preferred Renderers Offer the migration of workflows that contain legacy database nodes
Table Backend

Workflow Coach

Restore Defaults Apply

Apply and Close Cancel

Figure 23: Snowflake JDBC driver configuration

A Database Connector node was used to connect to Snowflake Warehouse.

Dialog - 0:17 - Database Connector (legacy) (connect to Snowflake) — O
File

i Advanced Flow Variables

Connection

Database driver | com.snowflake.dient.jdbc. SnowflakeDriver

Database URL jdbc:snowflake: /15212 west-europe.azure.snowflakecomputing. com?us

Authentication
(0) Use credentials

(®) Use username & password
Username sandraanghel
Password LTI T YT YT
Timezone correction
(O Mo correction {use UTC) (@) Use local timezone
(O Use selected timezone  Europe/London
Misc
Allow spaces in column names
[ validate connection on dose

[ Retrieve metadata in configure

0K Apply Cancel @

Figure 24: Database Connector node configuration

After the connection was established, the data set is imported into data warehouse by using
a Database Writer and the output can be seen in the data warehouse. Complex queries can be used

to interrogate the data set.
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Narehouses » PESTRONFOODSWH Last refreshed 7:3¢

ouse Load Over Time

Figure 25: Snowflake PESTRONFOODSWH warehouse workload

"

Figure 26: Snowflake PESTRON_FOODS_DB database interrogation

In this chapter, KNIME Analytics Platform was used to create an initial data visualization of the
two data sets and based on sales data set, a linear regression model. Based on the predictive result,
the company can increase the sales of products from Homeandlifestyle and Foodandbeverages
categories by creating a marketing strategy which will send personalized offers to their member
customers. Also, Healthandbeauty category requires a detailed analysis as it produces the lowest
number of sold products. The data set was imported in a newly created data warehouse. Snowflake
was used for the data warehouse creation.

Conclusions

In conclusion, this report highlights the benefits and challenges those small businesses will
face in the Big Data adoption process. The business environment is permanently changing, and, in this
context, digitalisation becomes one of the most important driving forces. Small businesses are in
competition with large organization and the traditional methods seem to be deprecated. However,
small businesses have some challenges that must be handled.

Based on this report findings, the significant challenges that small businesses handle, inclusive
the Pestron Foods organization, are as follows:

e Reduce understanding of Big Data concepts

e Lack of infrastructure to process high volume data quickly
e Insufficient in-house data analytic expertise

e Concerns about data protection and data privacy
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However, the report determined the major benefits that Pestron Foods organization have by
following a linear regression model and the right tools for understanding customers preferences in
terms of product lines and predicting the sales based on changes and marketing strategies that they
adopt.

As already mentioned, far too little attention has been paid to advantages and challenges
exposed by Big Data in small businesses context. Although this report provided an overview of the Big
Data concepts and how it can be successfully implemented especially by small companies. Having
more time, a detailed analysis and data visualization can be performed.
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APPENDIX A: Big Data Tools advantages and disadvantages

Apache Hadoop

Official url: Apache Hadoop

e Advantages

o Scalability
o Cost effective
o Flexibility

o Resilient to failure
e Disadvantages
o Security concerns
o Inefficient support for small data
o Stability issues

Apache Spark

Official url: Apache Spark™ - Unified Analytics Engine for Big Data

e Advantages
o Speed
o Advanced analytics
o Easytouse
o Multilingual
o Increased access to Big Data
e Disadvantages
o No support for multi-user environment
o No automatic optimization processes
o Reduced number of algorithms

Big Data Sqoop

Official url: Sqoop - (apache.org)

e Advantages
o Cost effective
o Optimized ETL (Extract Load, Transform) process
o Parallel import/export
o Variety of structured data sources
e Disadvantages
o Less performant for JDBC connections
o Slow
o Special handle requirements for failures
o No GUI (graphic user interface) provided

IBM Watson Analytics
Official url: Analytics | IBM
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https://hadoop.apache.org/
https://spark.apache.org/
https://sqoop.apache.org/
https://www.ibm.com/analytics

e Advantages
o Processes unstructured data
o Performance
o Support for huge quantities of data
e Disadvantages
o No multilanguage support (only English)
o Maintenance
o No direct support for structured data

D3.js

Official url: D3.js - Data-Driven Documents (d3js.org)

e Advantages

o Open source
Easy to use
Integrations with JSON and CSV files
Large collection for data visualization
Easy to customize

o Great documentation
e Disadvantages

o Hardtolearn

o Sower for large datasets

o Web development experience required

O
O
O
O

Microsoft Power Bl

Official url: Data Visualization | Microsoft Power Bl

e Advantages
o Affordability
o Custom and interactive visualizations
o Excel integration
o Data connectivity
o Historical data comparison
o Process tracking
e Disadvantages
o Complex to understand and learn
o Pricing tiers based on data size
o Crowded User Interface

Google BigQuery

Official url: BigQuery: Cloud Data Warehouse | Google Cloud

e Advantages
o Ready to use without complex configurations
o Pay-for-use pricing model
o Serverless architecture
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https://d3js.org/
https://powerbi.microsoft.com/en-us/
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o Automated backup
e Disadvantages
o SQL experience required
o Reduced number of partitions
o Dependent on Google Cloud Platform
o Hardtolearn

Amazon Redshift

Official url: Amazon Redshift - Cloud Data Warehouse - Amazon Web Services

e Advantages
o Widley adopted

o Easyto query or administrate
o Performance

o Scalability

o Pricing

o Security

e Disadvantages
o Not a serverless architecture
o Not a multi-cloud solution (unlike Snowflake)
o Limited support for parallel upload
o Uniqueness not enforced

Hive

Official url: Manage projects faster & collaborate better | Hive

e Advantages
o Centralized communication
o Transparency
o Suitable for complex projects
o Monitoring
e Disadvantages
o File deletion is permanent
o Unorganized notifications
o Lack of search functions

HBase

Official url: Apache HBase — Apache HBase™ Home

e Advantages
o Licence free
Fault tolerance
Suitable for large volumes of data
Easy user interface
Scalability
o Integration with Hive
e Disadvantages
o No support for transactions
o Single point of failure

O
O
O
O
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Apache Atlas

Official url: Apache Atlas — Data Governance and Metadata framework for Hadoop

e Advantages

o High availability

o Fault tolerance

o Security

o Centralized auditing

o Multiple ingestion sources supported (Hive, HBase, Sqoop)
e Disadvantages

o Lack of support/help

o Lack of TLS certificates validation on Firefox

o Incorrect behaviour/redirects for unauthenticated users
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