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HOW DATA ENGINEERING AND BIG DATA ANALYTICS CAN CONTRIBUTE
TO INTRODUCING INTELLIGENCE IN BUSINESS: A CASE STUDY'!

Olga Petan, Ljubinka Sandjakoska, Atanas Hristov

Abstract. Nowadays, in the era of big data, data engineering becomes one of the key features
in providing competitive advantages to companies. A lot of approaches are introduced into data
analytics in order to improve the businesses. This paper presents one possible way of
introducing intelligence. As a case study, a comprehensive analysis of an e-commerce site is
done. The analysis includes user segmentation, analysis of the conversion funnel, product
analysis, and ad campaigns analysis. The data engineering process results in important findings:
documents and dashboards. The findings give additional value for employees and for
automation of business processes to make them more intelligent.

Keywords. data engineering, big data analytics, business intelligence.

1. Introduction

Nowadays, in the era of big data, data engineering becomes one of the keys to providing competitive
advantages to companies. The advantages are highly correlated with the consolidation of various digital
marketing and e-commerce tools that are able to do advanced analyses. Effective and efficient data
analysis is based on a proper data architecture that will ensure correct, reliable, consistent, safe, and
accessible data. All of these data features should be present in the quantitative and qualitative analysis
of the data engineering process. The main goal of the data engineering process is to source, transform
and analyze data from each subsystem. It is the core module between the data sources, their creation
and storage, and the data analysis (Figure 1).

Designing and managing data flows that integrate information from various sources into a common
pool typically involves implementing data pipelines based on the ETL (Extract, Transform, and Load)
model (Figure 2).

In order to obtain novel business insights from the data analysis, ETL models should provide
information clarity, completeness, quality, and velocity. Different data tools are used in this process:
Apache Hadoop, Apache Spark, Apache Kafka, Apache Cassandra, SQL and NoSQL (relational and
non-relational databases), etc.

A lot of approaches are introduced into data analytics so as to improve the businesses. The approaches
fall into one of the categories: descriptive, diagnostic, predictive, and prescriptive. Unlike businesses,
the research community does not pay much attention to developing data engineering and data analytics
tools. The new approaches result from the practical work of the companies and the experience that lead
to following the clients' requirements.
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Figure 1. Data engineering between data creation and data analysis [22]
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Figure 2. ETL process overview [21]

The paper is organized as follows. After the first introductory section there is the section that presents
a case study, where a description of the data sources, e-commerce analysis issues, data architecture, and
data visualization is included. At the end, the concluding remarks are given, followed by future work
directions.

2. Case study

As a case study, a comprehensive analysis of an e-commerce site is done. The analysis includes user
segmentation, analysis of the conversion funnel, product analysis, and ad campaigns analysis. Although
all concepts discussed in this paper can be implemented in any cloud service provider, Microsoft Azure
is the provider of choice for this case study.

The main goal of user segmentation is to answer questions such as: who our buyers are, who does
not buy from the site, who should be targeted with some specific ad campaign, etc. Analysis of the
conversion funnel is important in order to be aware of a possible bottleneck that can cause dropping out
of potential users. Moreover, it is important to know what the business does right to reinforce those
actions. The obtained data from the product analysis actually answers the questions: which products
are the best sellers, which do not sell? Are people buying for themselves, or are they buying gifts? Is it
possible to boost the sales of a certain product by creating ad campaigns or by offering discounts to
specific user segments? Additionally, the goal is to investigate other products that people tend to buy
when buying a specific product. Ad campaigns analysis is a challenging data analytics task because the
competitive advantage of the company depends on it. Once user segments are known and the products
that need to be boosted, or tailored, ad campaigns to boost sales or help visitors convert can be created.
Since these are paid ads, and there is a risk of targeting wrong user segments, ads’ performance needs
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to be additionally analyzed. Answers to the questions: How much return on investment does each ad
campaign bring? Are the current actions and analyses working? What needs to change? have a lot of
significance in the complete data engineering process.

The data engineering process aims to present important findings in two ways:

(1) as documents in a central repository - so that employees in various departments of the company

can access the information they need to do their work, and

(2) as dashboards, so they can visually explore and make conclusions from the analyses. Hence, it

is obvious that a central repository is needed to store aggregated data, results and findings, and
documents.

The first step is aggregating data from Facebook Ads, Google Ads, Google Analytics, Shopify, and
Klaviyo. The aggregation aims to capture user behavior data, including how the user came to the e-
commerce site - either through an ad or by searching, whether they made a purchase or add products to
the cart but did not make a purchase, whether they responded to an email campaign etc. The attitude
herein is that unless time is taken to design and implement a comprehensive data architecture, which
connects all tools a business uses in its operations, it will be impossible to draw useful and usable
conclusions from the data. Disability to rely on correct data limits the implementation of any advanced
intelligent technique. From this, we can conclude that data engineering is the most important phase of
any data-driven project.

2.1. Data Sources. The e-commerce site considered in this paper uses the following digital tools:

e Shopify, to build the site, create product catalogs, create shopping carts and transaction
functionalities, gather buyers’ information, and generally facilitate shopping;

e Facebook Ads and Google Ads, to create ad campaigns;

e Klaviyo, to create email campaigns;

e Google Analytics, to track user behavior on the site and to measure site performance.

All these tools have APIs, and data can be accessed programmatically, bypassing tools’ GUI
However, finding ways to join these different data sets is more challenging than it seems at first.

2.1.1. Dataset. The aggregated dataset is constructed by joining together datasets extracted from the
tools mentioned above. All datasets contain information for the period between January 1% 2019, and
January 1 2021.

First, we extract the product dataset from Shopify. This dataset contains information about which
product is sold during the annotated period, how many units were sold, how much revenue that product
generated, the average price of the product, whether there were refunds for that product, etc. Dataset
columns: Product, Transaction ID, Product Revenue, Unique Purchases, Quantity, Average Price,
Product Refund Amount, Cart-to-Detail Rate, Buy-to-Detail Rate.

Next, we extract the ad campaigns datasets from Google Ads and Facebook Ads. These datasets
contain information about the ad campaigns from each source (Google or Facebook), how many
transactions were carried out by one buyer, what the average order was, etc. Dataset columns: Source
/ Medium, Transaction ID, Users, Sessions, Revenue, Transactions, Average Order, Ecommerce
Conversion Rate, Per Session Value.

Next, we extract the ad campaigns dataset from Klaviyo. This dataset contains information about
email ad campaigns, how much revenue each campaign brought from how many transactions, etc.
Dataset columns: Source / Medium, Transaction ID, Users, Sessions, Revenue, Transactions,
Average Order, Ecommerce Conversion Rate, Per Session Value.

We can also extract auxiliary datasets for all three datasets mentioned above. These datasets include
information such as the number of users, number of new users, what the bounce rate for a session was
(how many people landed on a page and left without interacting), the average session duration, number
of transactions, and revenue. Auxiliary dataset columns: Users, New Users, Sessions, Bounce Rate,
Pages / Session, Avg. Session Duration, Ecommerce Conversion Rate, Transactions, Revenue.
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Finally, we extract the user demographics and user behavior datasets from Google Analytics. These
datasets contain information about users’ age, gender, whether they are new visitors on the site or they
have browsed the site before, etc. Dataset columns: Age, Gender, User Type, Sessions, Bounce Rate,
Pages / Session, Avg. Session Duration, Transactions, Revenue, Ecommerce Conversion Rate.

2.2. E-commerce analyses issues. Since there are five APIs that need to be called, a data pipeline
that executes scripts that access and transform them should be created. The goal is to join five data sets
into a single data set. Looking at the APIs’ documentation, it is obvious that only Shopify and Klaviyo
track user IDs directly. This means that there is a need for specific functionality to be developed, a
functionality that enables creating a user ID for the rest of the tools: Facebook Ads, Google Analytics,
and Google Ads.

However, data privacy concerns need to be taken into consideration when the user ID functionality
is created. For example, Google specifically states that the business should let visitors know through a
pop-up that their activity is being monitored, and they need to give the business consent. The business
also needs to provide an opt-out functionality and not store user IDs if the visitors disallow it. If the
business fails to comply with Google’s guidelines, the business’ account might be terminated. See
Figure 3.

IMmpIeEmMentatons ana reatures you use.

[I] Property Settings « You will not upload any data that allows Google to personally identify an individual (such as
certain names, social security numbers, email addresses, or any similar data), or data that

permanently identifies a particular device (such as a mobile phone’s unique device identifier if

¢ » Tracking Info such an identifier cannot be reset).

« If you upload any data that allows Google to personally identify an individual, your Google

Tracking Code
Analytics account can be terminated, and you may lose your Google Analytics data.

Data Collection

Daia-Dateation « You will only session stitch authenticated and unauthenticated sessions of your end users if
I User-ID | your end users have given consent to such stitch, or if such merger is allowed under applicable
Session Setings laws and regulations.

e Pl A

Figure 3. Google Analytics Requirements

Google Ads also needs to reference a user ID variable in order to differentiate users. The way to do
this is to add the variable in the Re-marketing Tag code. See Figure 4.

Facebook, on the other hand, does provide the possibility of embedding a user ID in the general
tracking code, Facebook Pixel. The only thing that needs to be done is to pass the user ID variable in
the tracking function. See Figure 5.

The proper way to implement Google Analytics and Google Ads tracking code is to use Google Tag
Manager. Furthermore, the Facebook Pixel code can also be implemented using Google Tag Manager.
This way, all tracking code for all tools is compiled in one place, and the business can have a clear and
consolidated picture of all the events and goals created to track user behavior. The user ID is a global
variable put in the Google Tag Manager’s data layer and then called in the tracking code for specific
tools (Figures 3 through 5). See Figure 6.
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<script>
gtag('event', 'page_view', {

'send_to': 'AW-CONVERSION_ID',

'user_id': 'replace with value’,

'value': 'replace with value’,
"items': [{

'id': 'replace with value’,
'google_business_vertical': 'retail’
3]

35

</script>

Figure 4. Google Ads User Id

Use the rollowing code to set the User 1D:

fbq('init', '{pixel-id}', {uid: '{user-id}'});

Figure 5. Facebook Pixel User Id

Data Layer

[

{
"gtm.start”. 1593081030495,
"event™. "gtm.js",
“gtm.uniqueEventld": 0

product, smell

{
“"event": "gtm.dom",
“gtm.uniqueEventld™: 1

['userlD” "d7fb02bb-9c3c-4729-a42e-830di63a705f" I

{
“event”: "gtm.load"
"gtm.uniqueEventld": 2

{

Figure 6. User Id in the Data Layer

Why is all this needed if Shopify and Klaviyo already track user IDs? Is there no other way data sets
can be joined together? Granted, Shopify communicates with all the other tools mentioned here.
However, since Shopify only gathers data of the people who completed their transaction, the later
analyses would only be analyzing buyers and would fail to differentiate non-buyers. As expected, if the
goal is to increase ROI (Rate of Investment) on ad campaigns, a clear differentiation between who the
buyers are and why they buy, on the other hand, is necessary. Also, the information about why people
do not buy is needed, so proper action can be taken to convert no-buyers. Specifically, Shopify and
Google Analytics can be joined together through the Transaction Id column. Google Analytics has a
default segment called Converters that uses this Transaction Id column, but, as stated previously, users
cannot be easily differentiated from sessions. See Figure 7.
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Online store sessions View report
by traffic source

Social 985 L 10%
Direct 977 L 5%
Search 606 L 8%
Unknown 56 T 107%
Email 1 0%
Sales by social source View report
Facebook £478.55 T 4%
Instagram £36.90 4 93%

Figure 7. Shopify Connected

2.3. Data architecture. Once the justification behind creating a global user ID variable that will be
embedded in the tracking code of all previously mentioned tools is established, the decision of what
needs to be done to aggregate all the data sets and where to store the aggregated data should be made.

First of all, a data pipeline to orchestrate the ETL processes (Extract, Transform, Load) should be
built. Developing the mentioned data pipeline is outside of the scope of this paper, but generally,
business stakeholders together with data analysts define key performance indicators, pose questions
they would like the analyses to answer, and write a document with everything that needs to be taken
into consideration. Based on this document, scripts that will call a tool’s API and pull specific data are
created. In Microsoft Azure, these scripts can be written in U-SQL. The Data Lake Analytics jobs run
U-SQL scripts. See Figure 8.

@product_mart =
SELECT isreparented,
statecode,
productid,
statuscode,
createdon,
productnumber,
producttypecode,
name,
productstructure,
isstockitem,
modifiedby,
modifiedon,
createdby,
parentproductid,
quantitydecimal,
validfromdate,
validtodate
FROM @product
WHERE statuscode == @;

OUTPUT @product_mart

TO @mart + “"product.csv"
USING Outputters.Text( outputHeader: true, delimiter : '|', rowDelimiter : "~");

Figure 8. U-SQL script
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Once all scripts are written, the next phase is creating a data lake that will store the data set. A data
lake is a specific choice because the business needs to store both structured and unstructured data. That
means all the documents that must be shared with different employees across the business need to be
considered. Since data warehouses are mainly used for structured data, this data storage option is
discarded for this particular use case. Microsoft Azure offers the Data Lake service for this purpose.

With the dedicated storage for the data, the scripts that pull the data and store it in the dedicated
storage, and the jobs that run these scripts, the only requirement left is to automate these processes,
which can be done with a data pipeline. The Azure service for creating data pipelines is Data Factory.
See Figure 9 and Figure 10.

Name size Last modified

shopi,

Figure 9. Data Lake

i i e (-5} o olga petan@gmail com @
Microsoft Azure ‘ bigdataproject Search resources e 4 B Qe ? DEFAULT DIRECTORY
» By Datafactory ~ [[EEEEEIE ] -~ Validateall () Refresh [i] Discardall (CJP Dataflowdebug ® ARMtemplate -~ P«

ecommerce_ingestion ®

ﬁ Factory Resources v o«
b Activities ¥ « E Saveastemplate + Validate [> Debug £% Add trigger {} = ..
e Propertis
perties

- n
4 Move & transform & usau General

4 Pipelines 1

® 0D ecommerce_ingestion

4
@
B

b Datasets 0 B Copy data
Name *

P Data flows o &4 Data flow

Description
b Azure Data Explorer

b Azure Function

b Batch Service
Concurrency

b Databricks

4 Data Lake Analytics Annotations

S+ - 8 M oH X W
# Connections B usal s | + Mew

Figure 10. Data Factory

With these procedures, the analyses can be automated using the scripts run by the pipeline. This
ensures that the data is correct, clean, organized, safe, reliable, and accessible when it is needed, and
the next phase of exploring the data can begin.

2.3. Data visualization. One often overlooked aspect of any data analysis is data storytelling. In its
essence, data storytelling is the process of translating numbers back to words. That allows the business
stakeholders to know what has been found in the data, what those findings mean for the business, how
they can use that information in their departments, etc. Usually, the non-technical staff wants to see
metrics like sales by period, sales per product, sales per store. The end goal of the processes described
in this paper is to provide useful information for the business’s teams. Data storytelling is the second
most important process, after data engineering, to which special attention should be paid.
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Figure 11. Power BI

Power BI is a useful data visualization tool to create dashboards. Power BI directly communicates
with the Data Lake previously created. Moreover, an ETL process can also be created to specify exactly
the data that needs to be fed in a specific dashboard. This helps immensely from a data loading
perspective and speed, since not all data is loaded at once, and the client can quickly use the dashboard.
See Figure 11.

3. Conclusion

The work described in this paper is the first step in developing a comprehensive data architecture
that joins together data from several digital tools. That allows a business to do advanced analyses on
their products and customers. Keeping in mind that a business’s goal is to increase the return of
investment on their ad spent, the data engineering processes described here enable the business to assign
a unique, anonymous user-id to a single user and track that user across the conversion funnel. By
tracking users through the conversion funnel, the business can identify bottlenecks in the different
conversion steps and remove them so that more website visitors can buy more products more easily.
Moreover, by dis-aggregating session data from tools like Google Analytics into user data, the business
can more precisely classify users into user personas and create tailored ad campaigns, which will
increase the odds that the ad campaign is successful.

The data engineering process results with important findings: documents and dashboards. A
consolidated, central repository of all the data that a business stores will ensure that all the data is used
for analyses, all findings, dashboards, and other documents are available and visible to all team
members who need to access them so that collaboration between departments is facilitated. Thus, the
findings give additional value to the employees and the automation of the business processes.

In this paper, using a case study, we try to depict the influence of data engineering on the business.
Introducing intelligence in business based on data analytics improves the complete business process,
ensuring a competitive advantage for the company. The main contribution of this paper is in the area of
data engineering and big data analytics, with a special focus on the tools for developing an effective
business model and enchant of the business processes.

4. Future work

Since the dynamics of the working environment is complex, a lot of aspects in improving business
should be considered. The development of tools that are based on artificial intelligence is more than a
trend. If we want to achieve a competitive advantage, we should create and use smart engines to make
our business more "intelligent". One way is to use deep learning as an advanced machine learning
concept. Our future work is focused on developing deep learning neural networks to predict the features
of customer behavior.
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