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AHOTALISA

Kazumup /I.B. Benuki Jlani B Mixunapognomy bizueci: 3actocyBanns Bennkux
JlaHux nis cTapTamiB Ha paHHIX CTaiIX PO3BUTKY — OakamaBpchka poOoTa Ha
3M00yTTS CTyHeHs BHUIIOI OCBITH «OakanaBp». — HarlioHanbHUN YyHIBEPCUTET
KopabneOyryBaHHs iMeH1 aamipana Makaposa, M. Mukomnais, 2022.

[{s1 6akanaBpchka poOOTa MPUCBSIUEHA MOTTMOJICHOMY JOCIIIKEHHI0 Benukux
JlaHux — cy4acHOro Oi3HeC-1IHCTPYMEHTY, IO IMpAalo€ B MIXKHAPOJAHOMY MacIITaol.
[TocTaBuBLIM 3anuTaHHs, yu Oynu Benuki J[aHi nuie MIBUAKO3MIHHOKO TEHACHIIIELO,
1S TUIIOMHA poO0Ta TOBOJAUTH, IO 3aCTOCYBaHHs Benukux JlaHux 31aTHE TPUHECTH
KOMMaHI1i mepeBaru HaJ ii KOHKYpPEHTAMH, a TaKOX MOXKE CIYXUTH OCHOBHOIO
nepeyMoBOI0 sl €(EeKTUBHOI AisUTbHOCTI KoMmadii. [lornubnene mociimkeHHs
Benukux JlaHuX y KOHTEKCTI MDKHApOJHOTO OI13HECY MPOBOAWIOCS TMOPSAI 3
aQHAJIITUIHOIO Ta MPAKTUYHOIO POOOTOIO 3 KOMIIAHIEIO, SIKa MiIaaa€e il BU3HAYCHHS
cTapTany Ha paHHIN cTajlii pO3BUTKY.

3 wmeroro HaBiramii uyutauiB y cdepi Benukux J[lanux, Oyino Hacammepen
JIETATBLHO PO3MISTHYTO KOHIIETIiI0, @ TAKOXK OMUCAaHO BUKOpUCTaHHS Benukux Jlanux
B MDKHapoaHoMy Oi3Heci. OnHak, Oepyyu 0 yBaru, 10 CTapTalyd Ha paHHIN cTajli
MaroTh CBOIO YHIKaJbHICTb, 3arajibHe 3acTocyBaHHsA Benukux J{anux Oyno noscHeHe
TphbOMa JUCKypCaMH: CTapTalld Ha paHHId cTajli, iaed TMNPOAYKTY SKHUX
dbyHnaMeHTabHO 0Oa3zyeTbecsi Ha poOoTi 3 Bemukumu Jlanumwu; crapranu, SsKi
npaioioTh 13 Benukumu JlanuMu 1uist MiABUIIEHHS CBO€T €()eKTUBHOCTI; CTapTallu,
qus 171ed MPOAYKTY OX0auTh BiJ Benukux J{anux.

Maroun BU3HAUYECHUH IUISAX 10 €PpEKTUBHOIO 3acTocyBaHHs Benukux Janux as
CTapTamiB Ta PO3PI3HSAIOUM TaKe 3aCTOCYBaHHS Uil KOpHopalii, g OakagaBpcbka
poboTa aHami3ye 3aCTOCYBaHHsSI CTapTalioM Ha paHHIA cTafgli po3BuTKy FitSit Ta
dbopmyIroe HaNUOLIBII pelieBaHTHI LUIBOBI TPyHu IS MPOAYKTY I[LOTO CTapTaly,

JAI0YU YITKY CETMEHTAIlII0 1X MOTEHI[IMHUX KIIIEHTIB.



SUMMARY

Kazymyr D.V. Big Data in International Business: Application of Big Data for
Early-Stage Startups if a thesis paper to obtain a Bachelor’s degree at the National
University of Shipbuilding named after Admiral Makarov, Mykolayiv, 2022.

This thesis paper is dedicated to the in-depth research of such a modern tool for
the businesses working on an international scale as Big Data. Whilst one could wonder
if Big Data was simply a matter of a fast-changing trend, this thesis paper proves the
argument that application of Big Data is able to indeed bring a company leading
advantage over its competitors and may as well serve as the main prerequisite for the
company’s efficient operations. In-depth research of Big Data in the context of
International Business was held alongside analytical and practical field work with a
company which falls under the definition of an early-stage startup.

With an intention to navigate the readers in the field of Big Data, first of all, its
concept was examined in detail, and its usage in international business-making was
described. However, bearing in mind that early-stage startups have their unique
specificity, the overall framework of application of Big Data was explained within
three main discourses: early-stage startups whose product idea is fundamentally based
on the work with Big Data itself, early-stage startups that operate with Big Data to
increase their efficiency, early-stage startups whose product idea comes from Data
Science.

Having the path to effective application of Big Data for early-stage startups
defined and the culture of application of Big Data for early-stage startups and for
established on the market corporations differentiated, this thesis paper analyzes the
ways how Big Data is being used within a case study of an early-stage startup FitSit.
It, thus, formulates and analyzes the most relevant target groups for the startup’s

product and gives definite predications for the customer segmentation.
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INTRODUCTION

There is no doubt, the world keeps evolving, if not milestone by milestone, then
for the least part — step by step. The great minds, moreover, keep contributing to the
process of the development of the world around, the life within, and alongside all the
major changes happening around the globe by itself. Just as the telescope has given
humanity an ability to understand the Universe and the microscope has given mankind
insight into microbes, new methods of collecting and analyzing vast amounts of data
help us understand the world around us in many ways we are only starting to appreciate.
As Andreas Weigend in his prominent work Data for the People says, the real
revolution, however, is not be about the computers that compute the data, but about the
data itself and how we use it (Weigend, 2015).

Big Data marks the beginning of profound changes. Profound challenges never
come alone, though. As an example, with the need to upgrade the equipment for a
company or a manufacturer also comes the need to teach the employees to use this
equipment. With an opportunity, but also a challenge, to use Big Data, comes a
challenge of obtaining and fulfilling the full potential of it. The ability to collect and
analyze Big Data has become one of the major breakthroughs of the last decade, and
mainly not for the personal or individual use but the commercial and manufacturing
ones.

This is where the relevancy of the chosen topic steps to the forefront. While there
exists a lot of information within the scholarly works that is able to prove the benefits
of Big Data as a whole and in general, there still is an open gap for the examination of
the importance of application of Big Data for the entrepreneurial purpose, specifically
in order to lead International Businesses. What is more, the preliminary research for
the topic has shown that even the most modern sources lack an in-depth examination
of the importance of application of Big Data for the startups, and even more precisely
— early-stage ones. This fact can be supported by the lack of numeric data on the
number of various existing startups that are actively using Big Data concepts.

Moreover, there is an explanation for the phenomena. It is being believed that early-
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stage startups are a lot more likely to be saving their primary resources — both financial
and human capital — and not actively using Big Data principles for potentially bettering
their products or operations within their businesses.

This thesis paper, therefore, explains why such an approach is rather harmful
and inefficient for early-stage startups, and why this can be considered as a mistake
which might cost the young entrepreneurs more in comparison to the finances invested
into working with Big Data. Large corporations started asking this question of the
benefits of application of Big Data years ago but at the time only few saw the real
prospects of Big Data analytics. In 2015, only 17% of companies around the world
used Big Data in their work. To show the contrast, all large companies are now using
Big Data analytics: in the US, more than 55% of companies in a variety of fields are
working with this technology. In Europe and Asia, the demand for big data is slightly
lower - about 53%. It turns out that over the last five years, businesses started using
Big Data three times more. The research question is thus relevant to explore if it was
for valid reasons that such attention was given to Big Data. IT, banking, and
telecommunications companies were the pioneering industries where they were
implementing Big Data. However, these findings are not surprising because it is these
sectors that accumulate the largest volume of data whatsoever — banks accumulate huge
volume of data through transactions, telecommunication companies accumulate it
through geodata, and search engines accumulate it through query histories. This thesis
paper, therefore, was curated in a way to address the common misconception that Big
Data 1s only used within the mentioned fields, and it answers the given task by taking
a close look at an early-stage startup from the sector of digital health with a high-tech
product which is still at the Minimum Viable Stage of production.

The topic Big Data in International Business: Application of Big Data for Early-
Stage Startups clearly sets the goals for this thesis paper. It is of our first and foremost
importance to elaborate on the usage of Big Data for companies which are innovative
and show great potential, and yet have undefined future in terms of their business paths
and own financial stability. Such companies are defined as early-stage startups. What

is more, the second goal of this paper is to take a close look at a company which would
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represent the group of early-stage startups, and work with it in order to give practical
and analytical overview of this company’s business behavior with Big Data, as well as
to suggest ways which could improve its business-making.

The object for the research within this thesis paper is finding ways for better
analytical approach to business-making for early-stage companies.

The subject for the research within this thesis paper is Big Data itself, as the
phenomena that has unlimited potential to contribute to the improvement of short and
long-term operations for early-stage companies.

The methodology behind the research within this thesis paper has been chosen
as the usage of Big Data open to the publicity from scholarly resources, mainly those
being research papers published in academic journals, as well as the surveys which
were conducted among the whole population of such a country as the United States. To
compute the gathered weighted data, the variance estimation method was then used.

This Bachelor’s thesis paper will summarize the main information about the
concept of Big Data, which, with the right approach, can be largely used as a ground
base for not only new products and services, but also high involvement in the overall
innovation culture. Some might argue that the topic of Big Data itself is rather an
overexplained one — both in the academic sources and popular literature. This paper
therefore decided to not only take the very well-known sources of information into
consideration for this work, such as Data for the People by Weigend Andreas and Big
Data: A Revolution That Will Transform How We Live, Work, and Think by Mayer-
Schonberger and Cukier. We’re also looking at the sources which go beyond the most
popular findings and those that tended to focus on the new approaches to the usage of
Big Data and the application of this concept. For this reason, scholarly articles from
academic journals as well as a proven track of internet sources with the most up-to-
date information were used, and largely contributed to the development of the
discourse of the topic Big Data in International Business: Application of Big Data for
Early-Stage Startups.

The paper consists of 81 pages, 7 pictures, 3 attachments, 3 tables and 49

resources.
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CHAPTER 1.

THEORETICAL FRAMEWORK OF APPLICATION OF BIG DATA FOR
EARLY-STAGE STARTUPS

1.1. The Big Data concept and its implementation in international business-

making

“Big data is the most valuable commodity
of the 21st century, it is the new oil and gas.”
Andreas Weigend, former Chief Data Scientist at Amazon.com and
the author of Data for the People, in his 2011 talk for the UN Global Pulse
programme (Weigend, 2012).

“Big Data will spell the death of customer segmentation and force the
marketer to understand each customer as

an individual within 18 months or risk being left in the dust.”

Ginni Rometty, the ex-CEO of IBM back in 2013 at the ‘CMO+CIO
Leadership Symposium’ in Sydney (Rometty, 2013).

“Data is the new science. Big Data holds the answers.”
Pat Gelsinger, an American business executive and engineer currently

serving as CEO of Intel (Gelsinger, 2012).

While the most prominent C-level professionals of the world’s biggest and most
influential technology companies, as well as non-tech related businesses, have been
publicly talking about the vital importance of the Big Data over the course of the
previous 10 years, there still exist several misconceptions about the whole concept of
what the Big Data actually is. The term Big Data itself appeared in 2008 in the journal
Nature in an article authored by Clifford Lynch (Lynch, 2008). Although the term was
initially introduced to academia and primarily referred to the growth and diversity of

scientific data starting from the year 2009, the naming of Big Data was actually widely
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disseminated in the business press within the next few years, one of the most
widespread examples being the year 2010 when the first products and solutions
referring exclusively to the problem of Big Data processing were introduced. By 2011,
most of the major information technology vendors and organizations have already been
using the concept of Big Data in their business strategies and operational models,
including, as can be understood from the quotes previously, IBM, Intel, Amazon.com,
but also Microsoft, Hewlett-Packard, EMC, Oracle, and many more. Back in the 2010s,
the major information technology market analysts dedicated specified research to the
conceptualization of Big Data, and yet, there still is some in-between definition of Big
Data itself, as well as its framework.

In order to address this question, we have to rely on the academic published
papers that address Big Data from the perspective of Economics and Business, as well
as the general sources that look at the question of Big Data with a more popularized
approach. One of such is the work by Viktor Mayer-Schonberger and Kenneth Cukier
‘Big Data. A Revolution That Will Transform How We Live, Work, and Think’.
According to it, Big Data is characterized by the large volume of structured and
unstructured data generated every minute in the digital environment (Mayer-
Schonberger, 2013). In a broad sense, however, Big Data is spoken of as a socio-
economic phenomenon associated with the emergence of technological capabilities to
analyze huge amounts of basic and complex data or even the entire world volume of
data. Moreover, Big Data is also the transformational consequences that can be
spotlighted as a result of the computational and statistical power of its interpretation.
Indeed, the perception of Big Data within academic papers can be summarized as the
one that Big Data refers to structured and unstructured data of huge volumes and
significant diversity, effectively handled by horizontally scalable software tools that
emerged in the late 2000s and alternatives to traditional database management systems
and Business Intelligence solutions (Preimesberger, 2011).

Nowadays, users generate data at many points in a day throughout various when
they download or open an application, search for information on the Internet, shop in

online stores, cross state borders, or travel to a location with a smartphone in their
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pocket. The result is a vast amount of valuable information that companies collect,
analyze, and visualize. And it should come as no surprise that our actions online do
indeed accurately reflect regular traits of our personalities - people remain themselves,
not just when they use websites incognito, and even when they carefully edit their
social media profiles. Therefore, algorithms can so easily assess a person's basic
character traits (Bachrach, 2012).

There are three criteria to clearly differentiate Big Data from just a compiled list
of regular data (Preimesberger, 2011):

o Data must be digital. Books in a national library or stacks of documents
in a company's archive are data, and often a lot of it. But the term big data
only means digital data that is stored on servers.

o Data must come in objectively large volumes and accumulate quickly. It’s
never separated but always compiled with the help of a bigger number of
sources.

o Data must be heterogeneous and loosely structured. Orders in an online
store are streamlined, and additional statistical parameters are easily
extracted from them, such as the average receipt or the most popular
products. Therefore, this data does not qualify as Big Data. This criterion
is not always mandatory. Sometimes large amounts of structured data that
are constantly being replenished are considered big data, especially if they
are used for Machine Learning or identifying non-obvious patterns. That
is, if Big Data analysis techniques are applied to structured data, we can
say that this is Big Data.

So, big data is hard-to-analyze digital information that accumulates over time
and comes to the final destination in solid portions, either artificially or being evolved
naturally into the making process.

To sum the previous paragraphs up, Big Data is a complex and extensive
collection of diverse information. However, this information is presented raw and
requires preprocessing to extract valuable pieces that can potentially benefit businesses

and organizations, which is a topic this thesis paper will cover in the next chapters.



14

The second work that this thesis paper will keep circling back to is Andreas
Weigend’s Data for the people: how to make our post-privacy economy work for you.
Weigend finds the analogy between Big Data and oil as the main commodity human
society depends on. For more than a century, the economy and socio-political life have
been largely determined by oil and the development of technologies to extract, store
and process it into products consumed by every inhabitant of the planet. Today, the
possibility of processing personal data into products and services is bringing changes
to human life comparable to the impact of the Industrial Revolution (Weigend, 2015).
Fortunately, information as a resource is radically different from oil. The planet's
supply of oil is finite and definite, and as this natural resource becomes more depleted,
it automatically becomes more expensive to extract it. In contrast, the amount of
information is growing exponentially and the cost of technology to transmit and
process it is steadily decreasing (Weigend, 2015). Meaning that there is no point, nor
that there is a foreseeable future for this point, when the new oil of the 21st century, as
discussed earlier, data and information, will ever be finite.

The Information Revolution is another term used in contrast to the Industrial
Revolution. Being increasingly rapid in the speed of growth, the Information
Revolution reflects the revolutionary impact of information technology on all spheres
of society in the last quarter of the 20th century. This phenomenon integrates the effects
of previous revolutionary inventions in the field of information (book printing,
telephony, radio communications, the personal computer) because it creates a
technological basis for overcoming any distance in the transmission of information,
which contributes to the unification of the intellectual abilities and spiritual forces of
mankind.

As early as 2013, the trend was already demonstrated that 90% of all data in the
world was generated in the two years prior to that, so to say that 90% of all data in the
world in 2013 was generated in 2011 and 2012 (Science Daily, 2013). Moreover, the
number that shows the staggering statistics of data growth has only been steadily
increasing in our age. Taking further look at some examples, we could observe the

trends of the year 2020 when each person generated 1.7 MB of data every second
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(DOMO, 2020). With the increase of the influence and the popularity of social

networks, the previously mentioned trend of enormous piling of content and data is
also very vivid and visible. For instance, it is being said by some of the most influential
digital agencies that every day approximately 350 million photos are to be uploaded on
Facebook (Omni Core Agency, 2020), and more than 6 million tweets are to be created
on Twitter, 100 million photos and videos are to be shared on Instagram and 350 billion
emails are to be sent (Internet Live Stats, 2021).

However, sharing images and text information is not enough to fully understand
the scale of Big Data and Big Data as a concept itself. The earlier mentioned Facebook
generates 4 petabytes of data every day (Kinsta, 2020). Google processes more than
6.5 billion search queries every day (Internet Live Stats, 2021). Perhaps, that is also the
reason why the phrase "Let me check that on the internet" sounds stranger to us than if
we say, "Let me Google that". Once global data started growing exponentially a decade
ago, it has shown no signs of slowing down. Big Data is aggregated mainly through
the internet, including social networks, web search requests, text messages, piles of
visuals like pictures and videos, and media files.

Information, unlike oil, will never run out, — summarizes Weigend (Weigend,
2015). From a scientific and statistical perspective, this can be demonstrated by the
ever-increasing number of Internet users doing everything online and using various
connected devices and embedded systems. For example, by 2025, people will generate
463 more exabytes of data every day (Raconteur, 2020). Therefore, data may no longer
be considered static or obsolete quantities that become useless once a certain goal is
reached. Rather, they have become the raw material of the enterprise, an essential
economic asset used to generate new economic benefits. It turns out that, with the right
approach, they can be cleverly reused as a source of innovation and new services. Data
can reveal secrets to those with the humility and willingness to listen, as well as the

necessary tools (Mayer-Schonberger, 2013).
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¢ The amount of Data from myraid sources

e The types of Data: structured, semi-structured,
unstructured

e The speed at which Big Data is generated

e The degree to which Big Data can be trusted

e The business value of data collected

e The ways in which the Big Data can be used and formated
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Picture 1.1. The six Vs of Big Data

Last but not least, when conceptualizing Big Data, we have to remember its
characteristics. As shown on the Picture 1.1., a set of 3V’s (such as volume, velocity,
and variety) attributes was originally developed by Meta Group in 2001 outside the
context of the idea of Big Data as a certain series of information and technological
methods and tools. It, due to the growing popularity of the concept of a central data
warehouse for organizations, noted the equal importance of data management problems
in all three aspects (Preimesberger, 2011). Further interpretations appeared with the
four V's (adding veracity, used in IBM's marketing materials), five and six V's (adding
viability and value), and even seven and eight V's (adding variability and visualization).
In all these cases of characteristics, these attributes emphasize that the defining feature
of Big Data is not only its physical volume but also many other categories that turn out
to be essential to represent the complexity of the task of Big Data processing itself, as
well as its further analysis (Weigend, 2015).

There seems to be a mutual unspoken understanding of the need to use Big Data.
One can explain it as the way to lead business more efficiently, claiming that each new
technology makes us progress in business operations. However, this is a very generic

explanation that most of the current resources offer, however much we could argue that
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in reality everything is broken down to that very basic need of leading more efficiently
and at lower costs to be met. It’s not just the data itself that we have to take into
consideration, but also the principles of working with it because they also can serve as
the ground for further progress for us as business owners or management
(Preimesberger, 2011). Otherwise, we would argue that so-called Small Data, for
example, the one that you have from your own customer base as a business owner,
would be self-sufficient enough to build business models based on homogeneous
information or a very small number base. As discussed in the last chapter, Big Data is
hard-to-analyze because of its scale of digital information that is being accumulated
over time and that comes to you in solid portions. That is precisely why we have to
take a further look at the ways of the implementation of Big Data in business-making
but also at the principles of working with it within the functionality of the given
business, specifically an international one.

First of all, Big Data as an end-result technology and as a principle of work come
most often in hand when a deeper process analysis is required for a business. Without
a doubt, collecting and analyzing information when following preset metrics allows
simple and straightforward adjustments to be made in a timely manner. Such
improvements almost always yield tangible results almost immediately. However, as
the world keeps evolving, as the engineers keep making progress in the technological
field, and as the Internet of Things keeps scaling and increasing in volume and power,
we get new ways to operate a business — both in terms of setting new KPIs and metrics
and collecting information to be able to evaluate the data we get later on. After all, this
is the very basic business operations reality: once the product or service reaches the
point of stagnation, the business owner or the responsible manager has to find new
ways to develop their operations inside the company to indirectly influence the quality
or the quantity of their product or service. That is why analysts, both internal and
external, collect and analyze new data which is not directly related to the main metrics
of projects, and are very likely to find not the regular small amount of data, but rather
Big Data (Malviya, 2018). For example, in e-commerce businesses collect data on

cursor movements of the users across the screen. Another example is social media
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algorithms which are taught to analyze words, pictures, and emojis in customers'
comments or posts on social networks in order to take steps to build or increase
customer loyalty.

Even though such data is not directly related to basic operational tasks and the
immediate scope of work that are common to meet the regular business metrics, they
are very, if not the most, powerful sources of information for business making,
especially when leading a company on the international arena. Each country has its
businesses operating differently, and even more than that — its customer base, customer
demographics, preferences, and decision-making journey are very different from
country to country, if not city to city. However, having the modern-day analysis which
is supported by the usage of modern principles and technologies, such as Big Data, is
very likely to optimize the project to a very high scale. As Andreas Weigend argues,
working with such Big Data is like searching for oil — you have to try different places,
and apply different strategies to find and extract the hidden resources hidden in that
data. Not all attempts will be successful, but in the end, the findings can bring a lot of
benefits (Weigend, 2015).

The first problem of international businesses that Big Data is solving is, as
mainly described earlier, to analyze the current state of affairs inside the company and
optimize its business processes. Big Data can be used to understand which products
customers tend to like and prefer more, whether all the technologies and machines of
the manufacturer work optimally and efficiently in production, or whether there are
any problems with the supply chain for the company’s goods. The most common way
is to look at the big pile of Big Data to observe if there are any patterns in that data, to
build graphs and charts based on the given data, and later on generate sufficient whole
reports. For instance, Big Data helped Intel to find out that they were doing a lot of
unnecessary tests when manufacturing their processors. By analyzing Big Data of the
company’s then present and history from their dozens of data-intensive projects on the
manufacturing facilities they eliminated which tests, in reality, were unnecessary, and
this process helped Intel to save about $30 billion in 2013-2014 (Malviya, 2018). As it

is well-aware, one could never talk about the framework of the application of Big Data
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for early-stage startups only addressing the question theory-wise and having no
elaboration on the real-world examples from the market. That’s why this chapter will
also explore the actual examples of startups who have based their production on the
application of Big Data: both in terms of the actual underlying concept for the idea
behind the product, and as for the way to scale their business development processes
internally and externally for the company.

The second problem of international businesses that Big Data is solving is
making predictions. Big Data about past events, such as sales, customer-product
interaction, marketing campaign execution rates, price ranges, etc. helps businesses to
draw conclusions, as well as predict the future. The concepts of forecasting and
analytics are often understood as being synonymous. However, this is incorrect and
should be diversified when making predictions about future events. Predictive analytics
uses Big Data and is based upon many techniques such as Data Mining, Statistics,
Modeling, Machine Learning, and Artificial Intelligence (Malviya, 2018). The key
point here is that there are a number of possible methods that can be used to make
predictions about the future, but they all are interconnected to Big Data, if not simply
impossible to be carried without it. Simply put, the solution to the problem of incorrect
prediction making is predictive analytics which is the detection of patterns in Big Data
using Al algorithms to predict demand for certain products, segmenting contacts,
pricing, and much more (Weigend, 2015). It can be used in various fields, both to make
decisions about the volume of production or storage of a particular product in stock
and to automatically personalize offers based on the information available about the
user. In retail, to even broaden the topic, predictive analytics is used to solve two main
tasks: predictive segmentation and conversion probability prediction (Weigend, 2015).
To set an example, a logistics company launched the Transportation Management
Center using Big Data. They ended up predicting warehouse utilization, meaning,
predicting when warehouses would be full and when they would be empty. This helped
to plan transport routes and avoid downtime. For example, Pachama (pachama.com) is
a technology company with a mission is to bring nature back to life to fight climate

change. They do so with a vision to address climate change by reducing the number of
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greenhouse gases in the atmosphere, for which they protect and replant forests. The
usage of Big Data is interesting in Pachama because they automate the process of
counting and observing trees, using lidar, satellite imagery and artificial intelligence to
accurately measure changes in forest cover around the world. The platform monitors
trees lost to illegal deforestation or wildfires, and as new trees grow, the artificial
intelligence system estimates total biomass to understand the full carbon benefit at any
given time (MasterBorn, 2022). The company has also built a model to track annual
trends over time, particularly in the Amazon rainforest (MasterBorn, 2022).

Thirdly, Big Data helps international businesses solve the need of building
accurate models. Based on this kind of data, it is now possible to build a computerized
digital model of a physical store, equipment, or oil well. Afterward, this technology
also lets the businesses experiment with their artificial models: they can change
something in them to better, improve and perfect the outcome, they can track different
indicators, or even speed up or slow down various processes in order to analyze them.
building accurate models also brings the businesses to the solution of the usage of
statistical models. Models make it possible to identify relationships between variables
and to understand how variables, working on their own and together, influence an
overall system, they also allow one to make predictions and assess their uncertainty
(National Academies of Sciences, Engineering, and Medicine, 2013). The major
benefit of Big Data when it comes to building statistical models for the benefit of
businesses is that while sampling error decreases with increasing sample size, bias does
not—big data does not help overcome bad bias (National Academies of Sciences,
Engineering, and Medicine, 2013). Having stated that, we should automatically assume
that Big Data is the only probable solution to the question of statistics when operating
businesses. However, as the earlier quoted research paper states, with massive data
sets, it may be easy to find many “statistically significant” results and effects. Whether
these findings have substantive relevance, however, becomes an important question,
and statistically significant correlations and effects must be evaluated with subject-
matter knowledge and experience (National Academies of Sciences, Engineering, and

Medicine, 2013). Computational efficiency, therefore, can and should be strived to be
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achieved with a consideration that computational complexity is an important factor in
Big Data analysis. An example for this problem that this thesis paper wants to reveal
is a startup GeoSure (geosureglobal.com). The company has set out to answer the
question of safety, specifically a problem of measuring safety around you, by creating
a trusted, detailed, real-time security measurement platform (MasterBorn, 2022). They
say: Travelers know where the water 1s safe. But what about the streets? Now, using a
cell phone or a smartwatch, the user of GeoSure can measure his or her security at any
time around him, and the location could be worldwide, meaning it can be done
anywhere in the world. GeoSure now provides safety rankings for at least 65,000 cities
and towns around the world. They took such important factors into account as basic
freedoms, health and medical care, level of robbery and theft, women's safety, and
LGBTQ+ rights protection and safety. The ratings are based on Big Data, which is then
verified using advanced statistical algorithms to give the most detailed and accurate
location security ratings. Using advanced Artificial Intelligence algorithms, the
platform can assess the current measures of security in the place, and it also can predict
upcoming threats from the upcoming data to the application. As well as another
example being Suplari (suplari.com), a startup that utilizes Big Data for the predictive
analytics. Its selling point lies within the innovative accountability and financial
performance analysis. These two offerings help the business executives, as well as
individual customers to better understand cost effectiveness and evaluate
responsiveness, so the product becomes very attracting on the market. Suplari says that
they combine Data, Insights, Actions, and then it all equals to Spend Agility. They also
say that enterprise Procure-to-Pay (P2P) suites are great, but the users have to wait long
times for spend intelligence. The approach of Suplari is different, as they say
themselves: it is spent agility, when by using clean data, automated insights, and
predictive actions they can offer their clients to continuously manage costs and cash
flow.

The fourth problem there exists that can be solved with Big Data when operating
businesses on an international scale is automating the routine. There are several

algorithms and automotive programs that are powered by Artificial Intelligence and
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facilitated with Machine Learning that are taught to do certain tasks such as sorting
documents or coming up with the most efficient answers for the customers in the quick
response surveys. These algorithms and automotive programs are, first of all, very
common specifically for startups, and not necessarily the startups that are on the high-
tech level but even the early-stage startups, and, secondly, they are good examples for
this paper because they are created with nothing else, but Big Data as a leading
technology. Primitive algorithms from voice assistants to neural networks powered by
Artificial Intelligence are good examples for the mentioned problem. As an example,
to give, many companies have automated there routine in terms of the HR processes
and made their recruitment faster and more self-sufficient by introducing a robotic
recruiter into their workflow. This robot is able to do simple recruiting work by
recognizing the voice, sorting resumes, asking simple questions and accepting answers.
This way, human recruiters are given more complex and creative tasks, and not the
ordinary manual work, for instance, of actual interviewing processes and the final
selection of candidates.

One more major problem that the companies are able to solve with Big Data is
tiling Behavior Analysis. Even though this question is not raised in many scientific
works, this thesis paper considers this topic of highest important to separately take a
look at due to its prominence, but also due to apparent inability of every other source
to solve this need for the businesses. As far as traditional statistics are concerned, an
event that has a very low probability rate, e.g., only 0.1 percent probability of
occurring, will be most likely regarded by managers within the companies and by
scientists when doing research as a rare event, and therefore it can be easily left out and
ignored. However, as the earlier quoted research paper states, in the realm of massive
data, these so-called “rare events” can occur sufficiently frequently that they deserve
special attention. (National Academies of Sciences, Engineering, and Medicine, 2013).
This means that in general the analysis of tail behavior becomes a key challenge, and
it is the Big Data that can position itself on the upfront and solve the issue of Behavior
Analysis more efficiently and in a shorter time with all due respect to its complexity

and sizing.
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Lastly, this thesis paper will mention the problem of large-scale optimization
because this is the topic of the upmost importance for absolutely every business, no
matter the scale and the field of work, no matter if it is a startup or a big corporate. The
direction of the large-scale optimization which this thesis concerns the most is online
optimization algorithms. As commonly aware, the current state of a set of parameters
of the underlying statistical model should be continuously updates and stored with
following the best regulations and guidelines. Moreover, even though there are some
existing dynamic modeling tools to handle non-stationary data, they concern
themselves mostly with modest-sized data streams (National Academies of Sciences,
Engineering, and Medicine, 2013). This is where online model-building algorithms
come in very handy and become vital under such conditions. Online methods try to
address the time and space complexity simultaneously (National Academies of
Sciences, Engineering, and Medicine, 2013). The latter is achieved by not requiring all
data to be in memory simultaneously, which alleviates data-storage requirement
(National Academies of Sciences, Engineering, and Medicine, 2013). The conclusion
which we can make is that for the businesses that choose to operate Big Data to
contribute to large-scale optimization it is necessary to study requirements in streaming
applications by studying models that can be efficiently maintained/updated in the
digital setting where the Big Data is mostly used and stored.

1.2. Overall framework of application of Big Data

Before moving onto the specificity of the Big Data implementation for the early-
stage startups, it is vital to reach an agreement on the correct framing of the definition
and to explain the specificity behind the term early-stage. In the last few years, such a
term as a startup has become quite popular and frequently used, even more than
discusses and taught. However, there not always is the mutual understanding of the
essence of this concept.

To begin with, a startup is a company created to find a business model that is

replicable and scalable. Reproducibility is an ability to sell the resulting solution many
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times over the initial starting point. Scalability is an ability to grow the project
significantly within big milestones. In addition to this, an important distinguishing
feature of startups is that they are technology-based, and most of them are based not
on some commonly understandable solution, but a unique technological know-how.

Startups are founded in a way that they are designed to solve problems of their
target audience that are possible to be solved exclusively through the usage of
technological progress, in this matter of the 21st century. Today's high-tech projects
are thought to serve a purpose of making it easier for users to do anything in their daily
lives. It is not, however, the job of a startup to drive technological progress forward.
They are businesses in the end of the day, so their main objective would always be the
financial rewarding at the end of the day. Indeed, when talking about startups, it is
unlikely to talk about a promising new company developing its revolutionary solution
without a mention of the scale of its investment or the plans for the next series of
investment.

The idea behind every startup is the unlimited potential of any businesses.
Basically, they say that you would only need the entrepreneurial mindset in order to
find a problem and to come up with a solution for it, and later on you will be able to
raise money to scale your idea into a working business. It is therefore quite possible
within one small team to create a unique software product that provides its users with
innovative services, and which may prove to be extremely popular and in demand in
the immediate future. Similarly, it is not a problem for a startup to work exclusively as
a software-provider or a hardware-provider, nor is it difficult for them to create a
combination of hardware along with the software package. Accordingly, only the
creation of the product itself, same as its Minimal Viable Product or a Minimal Sellable
Product can be a startup: a software product or a physical product put on together, as
an example. This is also why retail in its pure form cannot be a startup because of the
difficulties arising when scaling the production. This is about the correct timing for a
startup to still carry the early-stage title.

The cycle of the startup creation has many steps and is commonly referred to the

roadmap of each individual startup. The picture 1.2. of this thesis paper shows the
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startup life cycle in the form of a graph. The similarity that there is, is that first of all,
after the idea is created and validate, there has to be made a prototype. After the
startup’s early stage is passed, this prototype would need to be turned into a full-fledged
product, transformed, and developed, and scaled up many times. Throughout this
process, the startup would need to attract rounds of investments several times, and from
the perspective of the processes inside the company, the startup team would grow, and
the complexity of their internal operations product would increase. Eventually, the goal
of creating each startup is for it to be sold to a large corporation or for then founders to
take their shares to the stock exchange and continue operating as a separate company.
After all, having passed the early stage of its development, and having gone through

many various stages along the way, a startup would turn into a full-fledged business.
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Picture 1.2. Early-Stage Startup Life Cycle
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It is important to start this subchapter of the thesis paper by mentioning that it
will be divided into 3 parts. This is the best approach considered when writing the paper
because of the need to differentiate how the early-stage startups can use Big Data.

There are 3 main frameworks defined:
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e the startups whose product idea is fundamentally based on the work with Big

Data itself;

o the startups that operate with Big Data in order to increase its efficiency;
e the startups whose product idea comes from not the Big Data implementation
itself, but the related filed of Data Science.

Now, the thesis paper will explore the overall framework of application of Big
Data for early-stage startups whose product idea is fundamentally based on the work
with Big Data itself. The idea behind this type of startup product idea is to ground their
core business model to the usage of Big Data itself. Many young companies all over
the world are embracing data-driven business models specifically due to the growing
potential of this technology not as a helpful additional resource, but as a unique self-
efficient business model. The digital age calls for new challenges, as well as new
solutions. That is why in spite of the fact that earlier on the chapters of this thesis paper
talked about the implementation of Big Data internally and externally for international
businesses, we couldn’t miss out on the explanation of data-driven business models,
which are due to obvious reasons of agility and flexibility are easier and more feasible
to be implemented specifically for the startups, and specifically for their early stage of
development. The emergence of new companies based on such new business models —
the Big Data ones — opens enormous possibilities for transformation, including those
very important changes in the benefits for the consumers. The result gets way more
innovative, and thus — product-enhancing.

Moreover, the academic article Data-Driven Business Models: Powering
Startups in the Digital Age suggests that such products created within the new Big
Data-based business models become available at lower cost, and he businesses end up
with better analytics for managing large social challenges at the micro and macro
levels, including such drastic points of human society concerns as climate change and
public health (Filippov, 2014). As well as that, they immense private-sector success for
companies quick enough to seize the initiative and provide the new goods and services

to customers (Filippov, 2014).
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To give some examples of the early-stage startups implementing the Big Data-
driven business models, first of all, we could look at businesses that conduct research
on different markets and areas of the markets. This type of early-stage startups will be
conducting a variety of research upon its own initiative or upon request with the main
task of such business being to collect and analyze data in order to obtain comprehensive
information on a wide range of business questions. Key areas would then include
market trends, marketing campaign effectiveness, competition and consumer behavior,
consumer and public attitudes toward brands, products, customer perceptions, biases,
etc. Such early-stage startups then operate as B2C or B2B businesses and charge their
customers for the research done within different areas, or they are also able to sell their
professional ready-made research in different areas from business to science, medicine,
etc. The Big Data collected by such early-stage startups needs to be structured after
being collected, and analyzed, so that it can be attractive for other businesses or
individual customers to purchase and get use of. For instance, we could support this
paragraph by further elaborating on the solutions which use Big Data to better up their
marketing and targeting on the areas which are predominately known as not the ones
that are very much using such principals. An example would be Finn Al (www.finn.ai)
which is a solution from the fintech area, with a specified specialty on Internet banking.
Finn Al offers their users an Artificial Intelligence-based chatbot that helps banks and
credit unions develop convenient self-service for customers. As you understand, even
though it is a fintech solution, it operates differently by choosing a B2B business model
when a bank or a credit union is buying the service of Finn Al in order to increase its
customer satisfaction rate. Finn Al promises to automate almost 93% of requests which
results in 80% decreased waiting time. Finn Al need Big Data in order to create such a
unique selling point for the banks and credit unions and also utilizes Al to make the
service even more transparent and efficient.
The second example could be an early-stage startup that is based on collaborative
consumption using Big Data. Within this business model the most important point of
the collaborative consumption would be data sharing and data variety, which both are

the business trends of today. It is very common for young startup entrepreneurs to
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simply create a platform that connects customers and those who can provide them with
the needed services, by which the startup serves as the bridge in-between of a customer
and a service-provider and is responsible for nothing more but establishing soothing
experience for both the customer and the service-provider. Such startups would then
be operating on a collaborative consumption model, which is indeed fundamentally
based on Big Data technology. A variety of industries are already highly invested in
such a collaborative consumption model startup basis, but there is no limit for the other
services of this kind to be offered to target audience across the world.

The third example of the early-stage startups implementing the Big Data-driven
business models is connected to the digital marketing services. Online or digital
marketing, meaning the social media, online marketing channels, paid advertisement,
is solely a ground base for the promising sales streams of the today’s businesses. If an
entrepreneur doesn't understand how digital marketing operates, he or she is missing
out on a lot of business opportunities and potential clients. This is a perfect window of
opportunities which becomes open for the young startups of the early stage, because
the secret behind great online marketing performance is an effective use of Big Data
for marketing purposes. That being said, solid knowledge of resources and
technologies of the data analytics when it comes to Big Data, can successfully provide
a young startup with a scalable business idea when he or she offers digital marketing
services to bigger companies and individual users, this way executing the B2B or B2C
business models. As an example, a startup Lemonade (lemonade.com) with the help of
Big Data in the form of Artificial Intelligence, as well as by using the behavioral
economics, 1s working in the insurtech field. It minimizes paperwork and executes the
key business processes of the insurer by using Big Data to give instant support to the
customers. They offer the help of an artificial intelligence bot who crafts the perfect
insurance for the users, so there is no more manual work from the side of the employees
involved. Big Data helps this startup to reverses the traditional insurance model, and
make the life of their customers much easier, as well as that they pioneer in the

insurtech solutions.
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The fourth idea might be considered somewhat more challenging, but at the same
time more rewarding as well because it involves prior knowledge in the field of textual
work and textual analysis. This idea covers the textual data analysis or data
interpretation services specifically for a reason that most of all such work is already
atomized with the Big Data technology. Most Big Data there is now processed using
algorithms, including the textual information, which can also be statistically
interpreted, even though earlier on many scientists would only consider a qualitative
approach to words, and very rarely qualitative. In reality, the ground base of every
qualitative work would still be a quantitate repetitive set of actions. Text data analysis
would then mean the extraction of numerical metrics from text data. These numerical
metrics are then easily analyzed, drawing important conclusions and answers from
them. Textual Big Data shouldn’t only be thought as articles or google searches, but
also emails, social media posts and comments, etc. Therefore, the field is likely to be
underexplored, as there 1s always more and more data exponentially coming to us and
not leaving the unlimited space of the internet. If a young startup is adept at textual
analysis or data interpretation, he or she could create a company that provides these
critical services that the businesses and corporations need, as well as individual users,
this way executing the B2B or B2C business models.

Another, fifth idea is basing online commerce on Big Data and creating an early-
stage startup with such a business model. There is a large amount of data required to
create and run online platforms that facilitate online trading. Moreover, e-commerce is
known to be the biggest player when it comes to global business. It is therefore apparent
that online commerce business will only keep scaling and growing, with new platforms
and services appearing along the way. E-commerce is characterized by the constant
collection or receipt of large amounts of data, or Big Data. In this field, a young startup
could choose the B2C business model with a strong focus on retail, so that the
interpretation of Big Data would become that one key factor which will guarantee
profits for his e-commerce early-stage startup. As an example, Tableau (tableau.com)
decided to upgrade the Big Data question by creating a service which helps with data

visualization, and now their product is the most proffered one in the arena of working
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with data. The startup has had 10 years of experience, so it has passed its early stage
some time before. However, Tableau has positioned itself as a leader, so its technology
is still one of the most fastest growing, making Tableau one of the best examples of
Big Data and Data Science companies in the world. The co-founded of Tableau
Software, Inc., Mr. Christian Chabot, has been its Chairman and CEO since 2003, and
it was him who has led the company to nine consecutive years of record sales and
customer growth (Business Analytics, 2022). Teradata (teradata.com) taken as another
example for this paragraph, is a startup that uses Big Data specifically in the field of
establishing a company based on of Data Science. Now, it is a corporation, but it has
grown from an early-stage startup back in 1976, when there was no even framework
what a startup is. Teradata has evolved over the years with changing technologies and
delivering the best solutions to their customers. The company now provides analytic
data solutions, including integrated data warehousing, big data analytics and business
applications (Business Analytics, 2022). As of 2014, this company registered a market
cap of $7.7 billion.

Last, sixth example would be content creation using Big Data. We all live in the
world where we are either creating or consuming content. While some studies show
that it is rather a problem and not a blessing of the newest generations it is nevertheless
crucial to take advantage of the given opportunities. The one of the simplest and easiest
way to do so is to set up an early-stage startup with a focus on Big Data when it comes
to creating content. This practice is surely available to almost everyone now, and more
and more people successfully apply this concept when they create a business of their
own, or when they decide to scale up and improve the content conversion rates. There
are several dozen ways to find a your own place in the world of content and create a
variety of interesting content pieces: it can be blogging, video channels, social media
accounts, podcasts, scientific articles, and so on. For the Big Data implementation in
this field, it is obvious that the main idea behind the created content is Big Data itself.

The startup’s focus will be Big Data and Big Data related topics. People are
getting interested in this topic due to the reasons described earlier in this paper: not

only the business owners need the findings which Big Data can provide, it is also a
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matter of a person’s own interest in the question of the whole Internet of Things world.
The early-stage startup idea then would be to drive traffic to whatever platform it will
use to ultimately gain a huge, loyal, and ever-growing stream of followers and potential
consumers, and, therefore, future customers. Then the more common streams of
revenue appear on the way — in the process, there will be a possibility to find advertisers
who would like to advertise their products, possibly also advertising their Big Data
related solutions, by which they ultimately give you even more traffic. The advertiser’s
goal is to gain access to a huge number of your followers. You can simply advertise
that you offer ad space on your platform and earn money from it. It will take some time
to grow the number of subscribers, so that actions need you to publish engaging quality
content on the topic of Big Data on a regular basis. A very well-known company for
the students Coursera (coursera.org) could be a perfect example of this idea of usage
of Big Data. To explain the choice of Coursera, it supports the idea of startups making
their business model based on the Data Science, which is a very well-known education
platform. The company’s strive to make learning easy, interesting, affordable and
accessible to millions of learners all over the globe is absolutely clear (Business
Analytics, 2022). However, not many people understand that not only does it sell the
courses on Data Science, but it also utilizes Big Data to make the best offerings for
their customers. The combination of the use of technology, excellent instruction and
flexible schedule made Coursera the largest and most engaging learning platform.
Coursera was founded by Andrew Ng with Daphne Koller.

Next, this thesis paper will talk about the overall framework of application of
Big Data for early-stage startups that operate with Big Data in order to increase its
efficiency. It's not just the big players like big corporates such as Google, Amazon or
Facebook that can not only own the Big Data but also take use of it and benefit from
its seemingly unimaginable potential. Small and medium sized businesses can also
harness the power of their data, as well as publicly open data or buy data from the other
providers. The application of Big Data shouldn’t be restricted to a particular company

size because it is indeed a very powerful instrument. In practice, however,
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representatives of such small and medium sized businesses do not take advantage of
Big Data. This is not the case for startups, though.

One could assume that it is interconnected to the overall framework of work that
the startups follow that make their workflow more productive, as well as lets them be
more flexible to implement the usage of such innovative solutions, as, for example, Big
Data. It is not always clear how to optimally use such an asset as Big Data to increase
the profitability of companies — many options could work well, such as creating
competitive advantages, optimizing marketing and business processes. Relevant cases
in the publicity are still rare, business media and literature are limited in conveying
project specifics, and many actually working models and approaches are protected by
Non-Disclosure Agreements. Startups, however, differ in a way that their methodology
of work with Big Data, which is at the same time the key characteristic of all the digital
industries and just startups, involves interacting with customers via Internet, and it is
actively shifting to traditional offline consumer markets, where a significantly greater
economic potential is concentrated.

In this regard, all modern companies are seriously concerned about the problem
of optimal use of accumulated data. And here is where the flexibility and agility of
startups comes to the forefront once again. Automated database processing tools allow
the such modern and quick to adapt businesses to use Big Data for better statistical
analysis, building more accurate predictive models and making greater data-driven
decisions. This thesis paper will explore several approaches of how early-stage startups
are able to use the Big Data concept for their benefit if not to base their product idea
on the Big Data itself, but to use the techniques within the internal and external
operations.

The first very important point would be to make better analysis of opinions and
sentiments. Such an analysis of opinions and sentiments can be performed thanks to
active communication with the users on the internet, most evidently, on social
networks. There the users discuss, like, criticize products, as well as give their honest
opinion about the brands and services. By conducting a quick analysis of opinions, the

startup can quickly understand assess the current state of affairs of his business and
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find out which products or companies the users like or dislike, and why. It is indeed
very important to analyze the reasons for user sentiment, not just their behavior. For
monitoring the state of things, it is important to pay attention to users’ opinions,
feelings and attitudes towards a product or brand. If the startup uses the right analytical
tools, it can also identify the most influential people within their customer base, the,
so-called, opinions leaders who influence the community on social media the most.
Afterall, the further analysis of reviews will help the business to improve the product
or better the service. Early-stage startups have to be extremely active on social media
and on the internet in the browsers because it is their main source of feedback from the
potential customers even before the first sales have actually been conducted. Not only
is it a great chance to build a good brand awareness, it is also needed to understand
your audience, after it has been segmented. There surely will be some changes in the
moods and opinions of your users throughout the long journey of your startup product,
so that is highly crucial to follow the changes on a big scale — and for the big scale, or
the so-called helicopter view Big Data becomes incredibly handy and useful.

The second big point that the startup could take a use of Big Data is the policy
of knowing their clients better. It is related to the previous paragraph in many ways,
however, here it is possible to talk more about the possible predictions of the future
customer’s behavior. Customer experience, customer decisions and actions the client
from the past can tell a lot about his or her future actions. A person's habits, such as
shopping, going on vacation, demographics and so on, form a complete full picture of
his lifestyle. This is what is in need for the young startup. When you as a business
owner have a good command of your clients’ profiles, you can formulate the most
individualized offers for them. Big Data will help not only to understand how a
customer actually feels about your product, but also to predict if they will decide to
move away from you to a competitor.

The third point of upmost usage of Big Data when building or scaling a startup
is better segmentation. Businesses always segment their customers, it’s not a new
concept. What’s new is the idea of analyzing Big Data, so that startups can explore

completely new segments. This is also an approach to group customers in a different
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way, so that the businesses can more accurately understand which features of their
products are most important to which specifically customers. This approach to using
Big Data can significantly increase usage of a product or a service by offering
customers personalized loyalty programs or cashback, knowing what they would prefer
from the Big Data we have, or we receive. Another example would be using Big Data
to find out the pricing range that your customers of different segments are willing to
pay for the product. This would be a serious change in the startups’ pricing policy, and
a big helper, because it is the early-stage startups that experience the difficulties with
the pricing in the beginning of their journey the most.

The fourth point is surely the option to make the startup’s next best offer. By
predicting what kind of purchase the startup’s customer will make in the near future, it
is possible to set up timely offers on a related product or service, and so this way it is
another stream of revenue that increases sales. Of course, it 1s rather an art of figuring
out the preference of the user and which service or product are the best option for them
at the given moment, but Big Data is there to assist the potential concerns and give
answers to the questions which arise in the young startup’s mind.

The fifth point this thesis paper would mention is the multichannelness that Big
Data offers to the users. This is likely to be the most critical factor because of the
amount of data there is and the need to structure it in a coherent way. Of course, the
options for the client to communicate with the product or service is indeed unlimited:
a client will need a financial solution, and the first thing which comes to his mind is
not to search for a fintech startups that offers the solution for his problem but to go to
the nearest back, and he could reach them at a branch, by phone, online, responding to
TV ads, responding to blogs and social media ads, and so on. So, the question that the
early-stage startup has would be how to make sure that they get all the possible clients
who are in need of their product. Multi-channel and Big Data analysis here give options
to the startups to better understand what kind of communication this user is likely to
search for solutions and through which channels he would expect the product to come
from a business. After all, it could well-described as finding a common language with

the customer, the one the business and the client both speak.
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To sum it up, proper work with Big Data for early-stage startups helps to see the
real sales funnel through all the channels and identify key players. Thanks to the
qualitative analysis of Big Data in all the channels, the startups will be able to answer
its questions of which channel is responsible for the purchase and what are the trends
and patterns leading to a purchase.

Next thing to be opened and covered by this thesis paper is the overall framework
of application of Big Data for early-stage startups whose product idea comes from Data
Science. “The road to recovery is paved with data,” said Kate Smaje, senior partner,
McKinsey & Company. Data is providing the fuel to power better and faster decisions.
High-performing organizations are three times more likely than others to say their data
and analytics initiatives have contributed at least 20 percent to EBIT (McKinsey &
Company, 2020).

Data Science is a type of data analysis formed at the intersection of statistics and
mathematics, on the one side, programming, on the other side, and knowledge in any
business area, on the third side. As was said earlier, each of us, using the phone,
produces a huge amount of data every second: location, preferences, photos and likes.
Computer technologies for processing huge arrays of such data in real time make it
possible to draw certain conclusions at the request of a particular business and monetize
this process. Data Science allows the businesses to accurately and from the right angle
predict the outcomes of today's events that can be very useful for every business, and
especially an early-stage startup.

Data Science is in demand for the analysis of sales, markets, customer
segmentation and research of their behavior. Most likely, in this case, the work of an
analyst to a large extent comes down to data aggregation, building dashboards and
setting up marketing campaigns. The last task is an optimization task, so that the
business figures out within which models it should build its sales funnels and overall
operations to predict the client's reaction to advertising, as well as all kinds of
promotions and discounts rates. Risk management is actually a separate industry, and
quantitative analytics is a tool for controlling and managing risks which is extremely

useful for startups that are just starting along their journey. The most common interest
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point here 1s credit risk management, and advanced methods for calculating regulatory
and economic capital and provisions for expected losses from investment defaults.

Data Science, on the other hand, can be also a source for the early-stage startups
whose product idea comes from Data Science itself. Here it is important to take a look
at R&D, or Research and Development. As part of the work of R&D laboratories, there
will be some fundamental research often carried out which would ultimately result in
the development of new algorithms, either connected to Data Science or Big Data, or
to other technologies like Artificial Intelligence or Machine Learning architectures.
The specialists required in such areas are much more specialized, and they tend to dig
deeper than classic data scientists.

This way Data Science can be a product to be developed of trainable agents in
computer games, control of robotic equipment, unmanned aerial vehicles, autonomous
driving. It is more likely for early-stage startups to sell their products or services based
on Data Science within the B2B business model, because it is less likely for individual
customers to carry out needed processes to invest finances into Data Science on their
own.

As another interesting example, there is a way for such big industry players as
technological giants (Google, Yandex), online trading platforms (Amazon, Alibaba),
or social networks (Facebook, Instagram, WeChat) to often buy early-stage startups in
order to turn them into their own internal structural units. And it is a rewarding
experience for startups financially. A steady trend in recent years is associated with the
transition of everything and everyone to cloud platforms. And while there is a debate
if such big tech companies are monopolies, they keep getting bigger market shares by
buying out contradicting to their vision startups. In this connection, entire ecosystems
of partner services are then built based on platforms such as Azure, AWS, or Google
Cloud. In particular, these services offer customized access to Machine Learning and

Big Data capabilities.
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1.3. The effective application of Big Data for early-stage startups

It is of crucial importance for human being to be able to quickly adapt to fast-changing
environments and worldwide matters. As well as it is even more crucial for the
businesses to be adaptable when it comes to problem-solving decisions within the fast
pace of their work. Startups, for their biggest advantage, are there to always quickly
adapt new approaches and transform their previous ways of company operations. Even
before the global health crisis, 92% of business owners surveyed by McKinsey &
Company believed that their business models were unsustainable at the pace of
digitalization of the era they were operating in (McKinsey & Company, 2020).

This strong need to follow the trends of the digital age and propose new solutions
to the old problems is very-well met with application of the modern-day technologies,
one of which is Big Data. This subchapter will explore those benefits that application
of Big Data brings to mostly, but not only, early-stage startups.

With a variety of data sources, such as, for example, CRM systems, advertising
and social platforms, loyalty programs, loT and databases, there are increasing
demands on technology and skills to manage, analyze and extract value from Big Data.
Once the integration phase is complete and the entire data architecture in a company is
in sync, businesses often have a need to apply machine learning techniques to find new
answers. This is how the field of Data Science emerged for professional analytics
capable of leveraging existing data sources and generating new knowledge and
insights, extracting hidden patterns and actionable insights. Professionals in this
industry are required to have business experience, effective communication skills, the
ability to accurately interpret results and use statistical methods, the knowledge of
programming languages, software packages, libraries, and infrastructure. For this
reason, there exist at least four typical approaches to structuring and modeling for
calculations with using Big Data:

e LTV (lifetime value, lifetime customer value).

e Churn rate (probability of customer exit).
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e ROPO (research online purchase offline, the impact of online channels on offline
sales).
e MMO (marketing mix optimization, optimal media exposure).
With the proposed frameworks, the departments will be able to quantitively and
qualitively measure the use of implementation of Big Data, as well as speed up the
execution of their projects within their newly founded startups.

Visualization of the results of work with Big Data is also extremely important.
Data scientists use Bl (Business Intelligence) tools to help managers identify trends
and patterns by presenting information in a way that is accessible to non-technical
experts. Data visualization provides a graphical representation of information that
satisfies the need to communicate Big Data analysis results to those outside of the
analytics department. To achieve the best possible result, the data visualization
specialist strives to achieve a fine balance between form and function. Visualization
types for dashboards include charts, tables, graphs, maps, infographics and more. Thus,
the best BI platforms visually display key business metrics and their dynamics,
allowing stakeholders to use this information for visual Big Data analytics.

Most Big Data experts agree that the amount of data generated will continue to
grow exponentially in the future, as we have already mentioned earlier. According to
some estimates, the global data sphere will reach 175 zettabytes by 2025 (McKinsey
& Company, 2020). The main factors contributing to this are the growing number of
Internet users who do everything online and the proliferation of connected devices and
embedded systems.

With public and enterprise cloud providers such as Amazon Web Services
(AWS), Microsoft Azure and Google Cloud Platform transforming the way they store
and process Big Data, experts also predict that the future of Big Data will remain in the
cloud. And hybrid and multi-cloud environments are seen as the future of enterprise
deployment of Big Data projects.

So-called fast data, which allows businesses to see and explore real-time
processing of streams, 1s expected to become increasingly important. With streaming

technologies enabling organizations to analyze such information in as little as one
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millisecond, fast data will become a critical means of generating revenue for
businesses. Examples of such projects include real-time user scoring for premium
online stores, b2b services, real estate developers' websites, and so on, where losing a
customer is extremely costly to the company. The introduction of emerging Machine
Learning and Artificial Intelligence technologies into Big Data analytics tools is only
expected to help develop this trend further.

Big Data arrays are so large that simple Excel sheet cannot handle working with
them, and that is why special software is in need to be used to work with Big Data.
Such software would be called horizontally scalable because they are able to distribute
tasks among several computers simultaneously processing information. The more
computers are being involved in the work, the higher is the productivity of the process.

Such software is based on MapReduce, a parallel computing model. MapReduce
is a distributed computing model introduced by Google, used for parallel computing
over very large, up to several petabytes, datasets in computer clusters (Dean, 2004).
The model works like this:

o First, the data are filtered according to conditions set by the researcher, sorted
and distributed among individual computers (nodes).

e Later, the nodes compute their blocks of data in parallel and pass the result of
computation to the next iteration.

Therefore, MapReduce is not a specific program, but rather an algorithm that can be
used to solve most big data processing problems.
Some examples of software that is based on MapReduce:

e Hadoop, a set of open-source programs for file storage, scheduling, and data
collaboration. The system is designed so that if one node fails, the load is
immediately redistributed to other nodes without interrupting computation
(Apache Hadoop, 2022).

e Apache Spark, a set of libraries that allow users to perform calculations in
memory and multiple access to the results of calculations. It is used for a wide
range of tasks, from simple data processing and filtering to Machine Learning

(Apache Spark, 2022).
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Big Data professionals use both tools: Hadoop to build data infrastructure and Spark
to process real-time streaming information.

The three main professions in Big Data are data engineers, data scientists, and
data analysts. Data scientists specialize in Big Data analysis. They look for patterns,
build models, and use them to predict future events. To master this profession, one
would need an understanding of basic mathematical analysis and knowledge of
programming languages such as Python or R, as well as the ability to work with SQL
databases. The data analyst uses the same set of tools as the data scientist, but for
different purposes. His or her tasks are to do descriptive analysis, interpret and present
data in an easy-to-understand form. It processes the data and produces results, making
analytical reports, statistics, and forecasts. Big Data is also handled by other specialists
who should be on board of the startup to make it work efficiently and bring the best
possible results. For some of the specialists, Big Data itself may not be the main field
of work, but they still need to have a very good command of Big Data in order to make
their work successful. Such professionals within a startup could be:

o Interface designers who analyze behavioral research data to create user
interfaces.

o NLP engineers who develop software for chatbots and call center automation by
analyzing natural language.

e Marketing analysts who research massive amounts of data to build marketing
practicies and campaigns, and personalize advertising.

o Engineers and programmers in startups that process all the kinds of data.

Lastly in this chapter, the thesis paper will explore the difference in the culture
of application of Big Data for early-stage startups and for established on the market
corporations. There are a lot of individual users, as well as businesses and ventures that
believe that Big Data and Data Science is meant only for big organizations having high-
class infrastructure. It is generally believed that such a concern stems from a
misconception of the data science as a whole. Data science is not created by machines
and heavy equipment that can only be found on the big corporations, but rather it is

statistics, analytics, programming, presentation, and professional employees who know
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how to make the best use of data itself, and how to bring value to their organization.
The size or headcount of the company therefore doesn’t really matter, even though
there 1s a common understanding that the amount of financial resources does play a big
role in this question. However, leaving the finances aside, and assuming that in this
regard the opportunities are absolutely similar if not the same, there still will be some
differences in the application of Data Science for an early-stage startup and a key
industry player as a big venture.

Startups are very dependent on building their product on time, meaning, when
there is market need for such a product, so there's no room for extensive research which
will be very time-consuming, and there is no space and time for reinventing the chosen
solution, they have to be quick and flexible. In corporations, though, there always is a
lot of time available to play out their assumptions before actually releasing the decision
and implementing the new approach to the operations. Sometimes, however, such
processes of making a decision can take many months. However, it is still believed that
it’s better to use proven models or even proven entire solutions in a strategic and well
thought out way in terms of a given business problem (MasterBorn, 2022).

One of the key differences between implementing Big Data and Data Science in
a startup project and a corporate project is the amount of risk taken (MasterBorn, 2022).
As VentureBeat reports, about 87 percent of Machine Learning models never make it
to production (VentureBeat, 2022). While large corporations can afford it and they
have such risks already counted and included in the final planned costs of production,
it can be a turning point for a small early-stage startup. This is also why investors ask
for a thoughtful plan of actions from the startup on top of aa solid idea, quality data,
and sometimes offer to hire a good data scientist to the team.

If mentioning a good data scientist, this concept can also vary between big
companies and startups and working there looks different from an employee
perspective as well (MasterBorn, 2022). Being a data scientist in a corporation, the
employee 1s most likely to work in an big and multi-member team where each person
is only responsible for particular assigned tasks, as it always happened in the big

companies. In such an environment, it is very likely that any proposition from the
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employees’ side to change something or introduce an innovation that he or she proposes
will have to be firstly many times discussed at meetings with managers and colleagues,
and by that the window for new changes has already been closed, or the employee has
lost the motivation to do this task, if not his work in general. Working in a small
company or a startup, especially early-stage one, the person may be the only one
responsible for the entire Data Science and Big Data field or will be a member of a
very small and hard-working and highly invested team which would then result in much
more room for maneuverability but also much more pressure and responsibility for the
project (MasterBorn, 2022).

So, as described earlier, business development opportunities and scaling the
operations of a company using Big Data and Data Science are not just available to huge
corporations or Artificial Intelligence companies, but also to smaller startups and early-
stage projects. However, properly designed solutions have to be supported with the

right decision-making process from the side of the startup or corporate management.



43
CHAPTER 2.
PRACTICAL FRAMEWORK OF APPLICATION OF BIG DATA FOR EARLY-
STAGE STARTUPS

2.1. Breaking down an existing early-stage startup within the Business Model

Canvas framework

To start this chapter, we firstly need to go back to the topic of application of Big
Data for early-stage startups and take a specific example of one startup which we will
be looking at in order to create a great example of the application of this concept, as
well as to be able to analyze this example and define the specific ways for the analysis
to further elaborate on in the next chapter. We have to keep in mind that the chosen
startup has to be an early stage one and has to also follow the main patterns of the ideas
that an early-stage startup as a working unit is typically known for.

For this, let’s firstly define the profile of the startup we will be working with.

We’re taking a startup FitSit (https://fitsit.io/) as an example for this thesis paper.

¢ fitsit

Picture 2.1. The logo of the early-stage startup FitSit

So, FitSit is an early-stage startup in the field of digital health innovations. The
startup as a company has been created in January 2020, meaning that the team has been
working on the project for a bit more than 2 years. That fits the description of a
company that is currently on the early stage due to the small number of years that the
team co-founding team has been working on the project. Secondly, the startup has not
raised any investments, and has not overgone any investment rounds. They have not
been funded by any other sources as well, and only had invested their own finances
into the project, meaning that the team of the startup has been bootstrapping for the
time of the startup production cycle. Thirdly, we could talk about the product stage that
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makes this startup an example of an early-stage startup, and it is precisely the fact that
this startup doesn’t have a ready product yet and is currently on the stage of the early
development of the project, or the MVP or a minimum viable product. To further
describe this startup, we would have to take a look at the product that they are offering.
FitSit says that they create a web application that helps to create a habit of
keeping a healthy posture and, therefore, fights back and neck pain. To give you some
further context of this application, FitSit offers short posture practice sessions, when
the user’s upper body is monitored by a computer’s webcam. The user actively sits,
meaning that there is nothing else for the user to do but to actually sit with the correct
posture, while the app will be giving immediate feedback to the user and will remind
the user to keep up to a new habit during the workday. FitSit’s team says that it helps
users to have a correct posture while they are simply sitting at work, and this one habit
brings huge benefits to overall health. FitSit is good to prevent back and neck pain, and
relieve this kind of pain when needed, as well as to build an attractive healthy posture.
So, to briefly sum up the business model canvas, we will go over the main points

of the canvas which will be summed up in the Table 2.1.

Back and neck pain connected to long-term sitting in front of
the computer at work. Musculoskeletal disorders (MSDs)
Problem remain the most common work-related health problem in the
European Union. Besides the effects on workers themselves,
they lead to high costs for enterprises and society. Working
with computers, in particular, outstrips the other risk factors.
Roughly 3 out of every 5 workers in the EU report MSD
complaints. The most common types of MSDs reported by
workers are backache and muscular pains in the upper limbs.
The most prevalent risk factors are standing, repetitive hand
movements, and working with computers. During the last 5
years, for most physical risk factors prevalence is slightly

decreasing, except for working with computers, laptops,




Problem

smartphones. Working with computers, laptops, smartphones
has been a rapidly developing trend in Europe. According to
the European Working Conditions Survey, the percentage of
people working with computers for at least a quarter of their
working day increased from 47 % in 2000 to 53 % in 2010
and 58 % in 2015. For sitting (60 % in 2015) it is not possible
to determine a trend, but it is likely that this has increased as
well (assuming that most of the work done on computers,
laptops is done when sitting). The risks from working with
computers, laptops, smartphones or from sitting for at least a
quarter of the time predominantly occur for clerical support
workers, managers, professionals, and technicians, and
associate professionals. Regardless of the specific nature of
the relationship between sitting, computer work, and MSDs,
sedentary behavior at work is hazardous for health
(cardiovascular pathologies, cancer, diabetes, etc.) and this
occupational risk needs to be prevented, especially in a

context in which sitting at the workplace is increasing.

Solution

Solution

The algorithms within the Artificial Intelligence and Machine
Learning, to be defined later, however, the ground base is a
unique Rule Engine that is able to understand wrong and
correct human postures. And this exactly unique Rule Engine
is what makes the application of Big Data extremely

important for this early-stage startup.

Unique Selling

Points

e There are no recordings being made, and the webcam
only watches the body of the user with his or her
permission for a limited amount of time.

o The parts of the body will be respectively assigned with

virtual coordinates.

45
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o The given feedback will be exclusively real time, there
are no recordings of people made and stored.

e The application is EU GDPR policy compliant.

e It is built upon the AWS databases (which are also
HIPAA compliant).

There is medical expertise behind the idea of FitSit. The
concept of FitSit was developed by understanding what
patients who have back, and neck pain experienced in real

Unique life. Having a degree in physiotherapy and working as a

Selling physiotherapist in the Czech Republic and abroad, one of the
Proposition | co-founders came up with an idea of how to help his patients,
especially those sitting at their desks long hours every day.
His 1dea is able to now help people from all over the world to

fight back pain.

Table 2.1. Business Model Canvas for FitSit

Customer’s Behavioral Incentive lies within two main grounds. Psychological
explanation of FitSit is that changing the habit once and forever may be a very hard
thing to do at once, and FitSit is able to provide support for the users during their
journey, as well as to keep them highly motivated to keep the process going further
on.

Scientific explanation is that FitSit uses the most effective ways to build a habit
of correct posture. A medical study from Israel confirms that sustained improvement
in reducing musculoskeletal risk among office workers using computers can only be
attained with the photo-training method — aka using self-modeling webcam feedback
(Applied ergonomics, 2010). Success for the team of FitSit means that the users are
able to spend the whole day sitting in the office without pain. They achieve it by
changing their positions several times throughout the day: switching from a relaxed

passive position to active sitting with a straight back. FitSit suggests so because the
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number of hours the person spends sitting doesn’t really matter — the way he or she is
sitting matters. Multiple studies concluded that sitting duration alone is not associated
with low back pain, the relationship is only apparent when the user is sitting in
sustained awkward postures like lordosed, kyphosed, slouched (Hartvigsen, 2000; Lis,
2007; Roffey, 2010). Quality, not quantity, matters.

Computer office workers with back pain have worse ergonomics indexes for
chair workstations and worse physical risk than workers without pain (Rodrigues,
2017). So, the most basic step for the users would be setting up a proper ergonomic
working environment, ensuring healthy behavior in various measures of your life, and
excluding any possible pain risk factors (International Journal of Occupational
Medicine and Environment Health, 2018).

Last but not least, FitSit’s team always insists on the necessity to visit a physical
therapist to learn about the user’s personal needs and conditions. There is a lot of
information on the web, but only a proper medical consultation has real value. One
might doubt why he or she needs FitSit then, especially if the employer pays for the
sessions with a physiotherapist. The effectiveness of ergonomic instruction over time
1s minimal if it is not combined with additional support, like constant reminders (Walsh
and Schwartz, 1990), which is exactly the purpose FitSit serves. Education increases
knowledge levels, but it is not translated into behavioral changes in maintaining a
correct posture (Daltroy, 1993).

So, to cap it all, in the practical part of this thesis paper, we will be going over
an early-stage startup that is working within the digital health innovation solution and
that offers its customers a unique technology which can be scaled in different ways
upon the technology which is now already existent and can be sold to the potential
clients as an MVP version of the future product. The product itself, what is more,
represents a health-tech solution and carries a highly innovative implementation.
Especially with the upcoming trend to work remotely, a digital physiotherapist FitSit
works with a customer’s posture wherever they are to help them fight back and neck
pain. FitSit helps them not only to create the habit, but also to maintain it afterwards

through our notifications, scheduling options, medical recommendations, advanced
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techniques and more. The users then also get more motivated, when seeing their daily

correct sitting score graphs and percentages.
2.2. Practical case study of applying Big Data for FitSit’s APIs strategy

The first point which couldn’t be missed out on when understanding how Big
Data could be helpful when talking about effective application of it for an early-stage
startup FitSit is exercising the correct Machine Learning and Artificial Learning APIs
strategy. API is the acronym for Application Programming Interface, which is a
software intermediary that allows two applications to talk to each other (Mulesoft,
2022). API is a description of the ways (a set of classes, procedures, functions,
structures, or constants) that describes the ways that one computer program can interact
with another program. It is often implemented by a separate program library or
operating system service. It is used by programmers when writing all sorts of
applications. Existing Machine Learning and Artificial Intelligence APIs can be
divided into major groups.

The first are giant services that are designed to solve various tasks. Such services
also provide data storage and preprocessing infrastructure, continuously running
servers to process incoming data and form answers online, have user-friendly and
intuitive interfaces to build models and assess their quality, to visualize data, model
structure and obtained results. This group includes solutions from major companies:
Amazon Machine Learning, Microsoft Azure Machine Learning and Microsoft
Cognitive Services, Google Cloud Prediction API and Google Cloud Machine
Learning, IBM Watson Cloud and AlchemyAPI, BigML and others (Mulesoft, 2022).
The definite advantages of such services are access to high-performance computing
machines, servers, and infrastructure for working with Big Data, high quality
documentation and availability of ready-to-use libraries for working with APIs from
various programming languages.

The second of the largest Machine Learning and Artificial Intelligence API
packages allow the use of models and algorithms based on deep learning, mostly

related to image and natural language processing, which are quite difficult to
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implement on their own. Deep learning tasks are often quite complex, requiring
advanced theoretical knowledge and significant computing power to learn and use the
models. In this case, the use of APIs turns out to be particularly appropriate even for
those who are familiar with Machine Learning. The range of capabilities of such API
services 1s very wide. For example, the video and image analysis capabilities of
Microsoft Cognitive Services include image description (who or what is depicted on it
and what is happening), categorization, type identification (photo or picture),
identification of adult content, identification of dominant colors, search in photos for
specific people such as celebrities, logos and objects, near real-time video analysis, text
recognition in images, thumbnail generation, motion detection and tracking. Face
detection, sex, age, pose, glasses, beards, and other features for people in photos and
videos, photo verification (comparing a photo from the database and a photo from the
camera), grouping photos of the same people, fuzzy video stabilization, frame
thumbnail creation (Mulesoft, 2022).

Examples of successful applications of Machine Learning and Artificial
Intelligence APIs in business, and specifically startups, as well as product or app
development are numerous. With a small monthly number of requests (a few thousand)
most of the reviewed API services can be used for free, so startups have the opportunity
to try Big Data providing services in practice and test when developing. Further on, the
payment to those services will depend only on the actual capacity a startup uses
(meaning, they pay only for what they use), and the fees are small for using the services,
especially at the initial stages when the startup’s product application has few users
(Mulesoft, 2022). The services themselves chose such a business strategy that for their
customers no large initial investment will be required, and the costs can pay off quickly.

Now, let’s take a closer look at FitSit’s example of the usage of Big Data when
creating the product. By this, we will explore how an early-stage startup can use Big
Data on practice in order to excel at their product and production operations. To start
the explanation with we have to address the product of FitSit once again. It is a web
application that helps the users to create a habit of a healthy posture. FitSit offers short

practices when the upper body of a user is monitored by a computer’s web camera (as
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if they are on a video call). However, it is more important to look closely and in-depth
for the actual solution behind the product that is presented by the team of FitSit to the

broad panel of the audience.

Picture 2.2. Visually representative explanation of the FitSit application

Picture 2.2. depicts the way FitSit operates by showcasing a person having a
session during which his face is monitored by a web camera. The process behind the
technology is being done within two stages, both of which are driven by Artificial
Intelligence, meaning that they use Big Data as the main agent within the whole
duration of their processes. First of all, for the web camera to be able to track the
posture and at the same time not to disobey to the general rules presented by the GDPR
policies and not to obtain any personal information from the users, the camera doesn’t
actually take any recordings of the users. Moreover, it doesn’t take screenshots or
pictures when working with the picture of the users. What is actually does is that it
intake images in real time. Meaning, that there is no recording made, and the algorithms
build in this product are able to track the pictures at once.

The second stage is described as an automotive processing of the images which
were received by the camera earlier on. There i1s no need for the technology to store
data from the users because the computational analysis of the posture is being done at
the same time as new visuals are being received from the new images of the users.

What’s more, this allows the product to not even use the images in order to assess the
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upper body of the users. The idea behind this approach is that the camera sees not the

body parts, but various coordinates of the points of the human body. So, we could say,
that the qualitative image is transformed into quantitative data.

Moreover, this quantitative data is being piled up altogether. Every other second
the application of FitSit receives a new data set with an upcoming every other image,
and what is more, one data set also consists of a huge amount of data per one data set.
Having stated all that and knowing that the users use the application for at least 20
minutes per day, each minute having 60 seconds in 1it, it leads us to 1.200 seconds of
work of the application, or 1.200 different images received and transferred into a
numeric view. Knowing that the most typical picture resolution would hold from 8.0
to 14.7 pixels, it makes us only sure that the number of coordinates is also big enough
to consider these data sets as a very representative example of Big Data. Therefore, we
are taking this example of application of Big Data as for the Artificial Intelligence and
Machine Learning algorithms. Posture of the users are then tracked without the actual
tracking as proven earlier with the help of a specifically designed Rule Engine.
Feedback from this Rule Engine is what is for the least part provided to the user in time
which is near to the real time. The analytics are then done actually in real time and with
least latency. This all makes us believe that the data sets used are great examples of the
Big Data implementation, and that they also make it possible for the startup not to store
any data of the users. Basically, taking this scheme described earlier as a separate
example of the application of Big Data, we are able to easily say that the concept is
being highly innovative and the whole product idea is built upon the usage of Big Data.

To further deepen the discussion in this chapter, we will elaborate on the term
Data-as-a-Service which is a data distribution model or data management strategy in
which users do not handle the data collection, storage, integration, processing, and
analysis processes themselves, but instead outsource these tasks to specialized cloud
providers to get the result which they were aiming for initially. This approach ensures
that users get the data they need for their corporate or personal purposes, but without

the cost of infrastructure and additional staff. This is exactly what FitSit does — by
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providing the product pf this web application they also offer a service of Data-as-a-
Service.

The Data-as-a-service model operates on two basics: volume-based, where
payment is based on data volume, or pay-per-call, where payment is taken for each API
call to the data provider platform. The second plane is type-based, which is pre-
structured by providers by type or attribute, such as geographic, financial, and
historical data. According to the DaaS paradigm, data is provided to the user on
demand, regardless of where the provider and consumer of the information are located
geographically. And it can certainly provide a savings in data management, which for
large organizations can add up to a very decent amount.

So, the Data-as-a-Service offered by FitSit is that the company takes their unique
product such as a Rule Engine able to give real-time feedback for the posture and
combines it with the service which is an example of Data-as-a-Service, such as of
collecting Big Data sets which are the coordinates of the upper human body. Knowing
that, we could therefore imply, that the service has gone one step further, which is not
just the DaaS model, but the Big Data-as-a-Service, or BDaaS model. BDaaS is a
combination of Big Data analytics technologies and cloud computing platforms that
can help companies, alongside many other different key improvements for the product
provided or for the operations within the company, to reduce the costs and time to
deploy Big Data projects. In addition, BDaaS enables enterprises to manage Big Data
in the cloud and provides easy access to data for all departments at all times, as well as
for the users.

Of course, as with any cloud solution, the main risks of the DaaS paradigm are
data security and privacy. Data leakage risks, ensuring information security,
compliance requirements for sensitive data, such as the requirement to host personal
data on servers that are located in the state - these are all important issues that a DaaS
provider must address.

Now, let’s take a further look at the innovativeness of the idea behind the FitSit’s
product that would make them as an early-stage startup an example of a high-tech

solution providers which are pioneering in terms of the innovation with their solution.
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The framework which the team of FitSit is now still developing, and which is
already being sed in their first product the web application, will be able to teach
cameras to read human body language from real-time video. The engine is a low-
latency human motion capture system which would be compatible with web cameras,
enabling the product to uncover human potential from pixels. This can become an
individual product or a core technology for various solutions.

Let’s now sum up what would the implementation of Big Data mean for this
innovation within FitSit. There is no doubt for the most common usage of Big Data
being that Big Data analytics tools help extract valuable information that can be
translated into business strategies and solutions that will become key for innovations.
Changing strategy, developing new products and services to solve specific customer
problems, improving marketing methods, customer service, or employee productivity
are just the tip of the iceberg when it comes to examples of the implementation of Big
Data. Big Data can help the companies to find new ways to innovate and extend their
brand reach.

What FitSit does is that it uncovers human potential from pixels. Earlier on, we
knew the examples of machines being able to uncover human potential from pixels by,
for example, the technology called Face Recognition. By selecting a single Machine
Learning algorithm, which is unconditionally based on the Big Data itself, and entering
the accurate data, we’re able to obtain the result which lets us to the technology of Face
Recognition.

This technology is being done in a way that, first of all, it is necessary to examine
the image and find all the faces on it. Second, the machine needs to focus on each face
and determine that, despite an unnatural face rotation or unimportant lighting, it is the
same person. Third, it would need to identify unique characteristics of the face that one
can use to distinguish this face from the faces of other people, such as eye size, facial
elongation, etc. Finally, the machine must compare these unique facial characteristics
with those of other people they know in order to identify the person's name from the

database it has been given.
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Computers are incapable of doing all the steps simultaneously, as human brain
does, so the data scientists and programmers always teach the machines step by step of
this process. In other words, they connect several Machine Learning algorithms in one

chain. Let’s look closely how FitSit does so step by step and how it uses Big Data for

this process with the help of Table 2.2.

Step #

Process description

Final outcome

Step #1

This pipeline starts with Face Detection.
Obviously, it is necessary to select all the
faces and upper body parts which are located
on a visual that a web camera captures before
trying to recognize and differentiate them.
For each individual pixel, it considers its
immediate surroundings as well. The goal is
to highlight how dark the current pixel is

compared to pixels directly adjacent to it.

Having done so and
knowing that FitSit’s
Rule engine is able to
tell where the hand,
the the
the

chin, or
shoulder 1s,

machine will then
consider each
individual pixel in the

image in sequence.

Step #2

Step #2

Then the Rule Engine draws an arrow
showing the direction in which the image
becomes darker. To detect the body parts in
this HOG image, all the machine has to do 1s
to find the part of the image that most closely
resembles the known HOG structure derived
from the group of images of similar kind used
for training. So, specifically for this the team
of FitSit used the database of pictures of
people sitting with correct and wrong
postures in front of their computer desks.

Then, they trained the machines on all of

The original image is
converted into a HOG
representation  that

shows the main
characteristics of the
image regardless of

its brightness.




these pictures provided to recognize the body

parts correctly in all of the cases.

Step #3

The next step involved was to make the same
body part, like the face or the shoulder,
viewed from different directions and angels
accurately, and that is where the data
scientists from FitSit used an algorithm
called Anthropometric point estimation. One
of the ways to do this for Face Recognition
specifically is an approach proposed in 2014
by Wahid Kazemi and Josephine Sullivan.
The basic idea is that 68 specific points, or
so-called marks, present on each face are
being highlighted, such as the protruding part
of the chin, the outer edge of each eye, the

inner edge of each eyebrow, etc.

The ML algorithm is
set up to search for 68
specific points on
each face. Similarly,
the other body parts
are also  being
assigned coordinates
which are then turned
into numeric
representation of the
visuals captured by
the app and assessed

with Rule Engine.

Step #4

In this step it comes to the very root of the
implementation of Big Data i FitSit’s
product and the main problem of the very
distinction of correct and wrong positions of
the body parts and the deviations of the body
parts for the normal, or physiotherapeutically

speaking correct, position.

The Rule Engine of
FitSit  learned to
extract some basic
characteristics from

each part of the body.

In this part, the technology made it possible
to take characteristics from an unknown part
of the body and compare them to the
characteristics of known ones. For example,
1t was able to measure each ear, determine the
distance between the eyes, the length of the

nose, or the distance between the chin and the

After repeating this
step millions of times
for millions of images
of thousands of
different people, the
neural network can

reliably create 128
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Step #5 | chest, between the right and left shoulder, etc.
The algorithm of the FitSit’s Rule Engine
then looks at the characteristics that it was
generating for each of the body parts for the
normal circumstances. It slightly adjusts the
neural network so that the probable small

deviations are still accurate.

characteristics for
each body part of
each new person.
Specialists in ML at
FitSit call these 128
characteristics of
each person that is a
user of FitSit a set of

personal traits.

Table 2.2. Step by step description of the FitSit algorithm’s pipeline
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The i1dea of reducing complex input data, such as an image, to a list of computer-

generated numbers has proven to be extremely promising in Machine Learning. All the

team of this early-stage startup had to do was to run many thousands of images of

correct and incorrect postures of people captured by the webcam through their pre-

trained network and obtain 128 features for each person to be able to then use them for

the upper body parts recognition and evaluation. To cap it all, we proved what is

innovative and scalable for an early-stage startup FitSit whose product is built upon the

technology of Big Data.
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CHAPTER 3.

ANALYTICAL FRAMEWORK OF APPLICATION OF BIG DATA FOR EARLY-
STAGE STARTUPS

3.1. Application of Big Data for the customer segmentation

Modern businesses, especially ones that are leading business internationally and
work within various geographies with customers from different countries and
continents, need to know their customers by sight, be very good at understanding their
needs, pains, and even sometimes be able to predict or guess the customers’ wants.
This is when the question of the implementation of Big Data to create customer
portraits of the ideal cases come in handy and serve as a great perspective to the ability
to segment people according to their interests.

Customer segmentation is an analysis of customer characteristics, behavior,
supply, demand, and more. This all pile of information certainly makes the basis as a
huge number of data which can be combined into big datasets and be referred to as Big
Data. The companies tend to always be looking for customers and searching for some
common characteristics among them, or, if possible, some divisions and classifications
of the groups of customers, thereby they are in a way building different collections of
their users and clients. Customer segmentation does not have a single standard, though.
It 1s rather based on the business perspective, and highly dependent on the type of the
company, if it is early or late stage, and the headcount of the departments. Combined
with the actual or potential application scenario to the target object, product or service,
different businesses within different industries can be fulfilling their own customer
segmentation strategy.

This thesis paper, therefore, would focus on the customer segmentation strategy
for the early-stage startups — to further explain what it would mean, we have to say that
the customer base in the cases of either early-stage startups or recently founded
companies normally don’t have a solid understanding of their customers, and definitely

not the final defined portray of their users. Even though they are rather focusing on the
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customer base itself and not the categories of the clients with similar qualities, it is still
early timing for such enterprises to be directly centralized around only one idea of the
target audience and close themselves up for potential other groups of customers, or
even international markets. In the case of early stage startups segmentation is highly
needed to recognize users interested in a product and willing to buy it — such users are
sometimes also called early adopters, meaning, they are the ones who are most likely
spend their finances on the product or service, even if it hasn’t yet reached the final
stage of production, but they are willing to pay because they find some certain benefits
in their product and the minimum stage of the product is already enough. In the case of
FitSit, it is necessary to understand who would be most willing to buy the product in a
way that it is offered now, in order not only to boost the production by motivating the
founding team that they are on the right track, but also to actually get some cashflow
in the daily operations of the company.

Early-stage startups also use customer segmentation based on Big Data to define
priorities for the efficient use of marketing resources. FitSit, for example, hasn’t raised
any investments, so it would not make sense to hire a professional marketing agency
to promote their product, and also even less sense to be trying out the marketing
strategy themselves step by step, and waste the scare financial resources in order to
play out their assumptions for the marketing. Instead, FitSit should rather use open Big
Data, or that Big Data at their free reach on the internet in order to create that one right
image for their product for specific categories of potential clients and choose the most
optimal strategy for promotion of their application to those early adopters. Later, there
comes the phase of the accurate assessment of the market with growth potential, in
order to boost sales when the startup stops exercising the most basic principles of the
early stage.

Therefore, this thesis paper will analyze the Big Data in order to find the target
customers of the target value for the startup FitSit, according to the results of customer
segmentation for early-stage startups. We will focus on the open resources in order to

increase customer viscosity and achieve product significance.
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This step will then help to create the strategy of the targeted marketing for

different target audiences, assembled according to the results of customer
segmentation. Accurate marketing strategy would help to meet the needs of different
clients and improve customer satisfaction. Even more than that, it can also serve its
purpose by providing important reference value for customer management decisions,
as well as design and product development based on customer distribution.

Another potential usage of the analysis of this thesis paper for the startup FitSit
1s creation of look-alike audiences. This tool would help to search for new audiences
for the same product of the same stage of production based on the creation of the
subscriber base that is as similar to existing customers as possible. It would allow FitSit
to spend less money on advertising campaigns, increase their effectiveness and attract
customers that are interested in the product or service most.

Next, FitSit would be able to use this information for their targeting of the
mailing lists. This is a tool that allows startups and enterprises to filter user groups by
geolocation, gender, age, and interests and send them advertising messages. Therefore,
when creating promotional materials FitSit will be able to be more precise, and later
send specific messages to very well-defined audiences. Specific information will be
received only by those customers who are most interested in it.

Lastly, when leading the startup internationally, as FitSit is planning to do, they
would be able to create heat maps. This tool would then allow FitSit to analyze the
target audiences presented by this thesis paper based on the location, and to highlight
the most interested in company's services or products user specifically in a certain
territory. Heatmap itself is just a nice tool of the visualization of the Big Data analysis
results, in which statistical and numerical values are being displayed using color.

To cap it all, the Picture 3.1. would add up to this chapter by explaining how the

implementation of an accurate customer segmentation strategy should be done.
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international markets . .
customer finding early more tools &
segmentation adopters advancements

Picture 3.1.1. The scheme for implementation of an accurate customer

segmentation strategy

As this thesis paper focuses on the implementation of the Big Data framework,
we will also take close looks only at the big datasets when finding the target customers
for the startup FitSit and leading the customer segmentation process. To do so, this
paper uses the 2010 National Health Interview Survey (NHIS). The core and additional
occupational health questions from the 2010 National Health Interview Survey
provided the data sufficient to examine the main potential audience and formulate the
probable customer segmentation strategy.

However, it is highly important to note that this survey NHIS is a yearly cross-
sectional survey of the civilian and non-institutionalized population in the United
States exclusively, so we’re simultaneously setting the demographics for this analysis
within the United States. One could assume that the probability of the result being very
similar if not the same for the countries in Europe is very high. However, it is important
to note the geographical locations can highly influence the behavior of the inhabitants,

so FitSit would have to keep in mind that this analysis should only be used to elaborate
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further on the demographics of the customer segmentation in the United States. The
NHIS core questionnaire is the same every year for the U.S., but the supplementary
questions change every year, collecting additional data on specific health concerns.
This thesis paper will also use the second source of the Big Data for the analysis, and
it being the PubMed. PubMed is an English-language text database of medical and
biological publications created by the US National Center for Biotechnology
Information (NCBI) based on the biotechnology section of the US National Library of
Medicine (NLM). This information altogether will be sufficient for our research and
analysis presented by this chapter.

In order to get the most out of the Big Data concept implementation for this
research, this thesis paper will focus on the studies that was carried out to see the
frequency of musculoskeletal problems in frequent computer and internet users in order
to collect big datasets of information on the users. This will help us to define the
demographics and personal characteristics of the users, by which, simultaneously, we
will also understand the factors which rule in the customers’ decision-making
processes. Data from such research can be therefore taken into consideration for
understanding of the prevalence of low back pain, as well as related workplace
psychosocial risk factors. This all contributes to mapping the correct profile of the
potential user of the FitSit’s application, and even more importantly — it provides
enough base to define the startup’s early adopters.

The data that this paragraph will be going over is presented in the attachments
as Table 1. According to the key findings, it was observed that out of 150 participants
47% experienced the symptoms of musculoskeletal problems. Which proves that the
assumptions that the startup had initially about the pain points of their customers was
correct.

The prevalence of low back pain was 25.7% for all workers, 24.5% for males,
27.1% for females, 23.8% for younger workers and 27.7% for older workers (Yang,
Haldeman, 2016). Table 1 also proposes the numbers for the prevalence of low back

pain within the gender and age-group specificity, with 22.5% for males in the
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younger age group and 28.8% for females in the older age group (Yang, Haldeman,

2016). Partially, this data is depicted in the Table 3.1 below.

All workers Male Workers Female Workers Younger Workers (18-40) Older Workers (41-64)

% in Poy % back pain % in Poy % back pain % in Pop % back pain % in Pop % back pain % in Pop % back pain
P p P

25,7 53,0 24,5 47,0 27,13 50,0 23,8 50,0 27,7

Table 3.1. Key findings about the prevalence of low back pain

While demographic and socioeconomic characteristics of workers in the US are
presented in Table 1, it also shows the relationships between low back pain and
demographic and socioeconomic factors analyzed in the logistic analyses (Yang,
Haldeman, 2016). The findings display the information that compared to the 18-25 age
group, workers in 2640, 41-55, and 60—64, had an increased risk for low back pain,
controlling for other risk factors (Yang, Haldeman, 2016). The main trend can be seen
in the Picture 3.1.2. which depicts a pie chart showing the prevalence of low back pain

by older and younger age groups of workers.

Older workers with back pain
27,7%

Older workers without back pain

Younger workers with back pain 22,3%

23,8%

Younger workers without back pain
26,2%

Picture 3.1.2. The pie chart showing the prevalence of low back pain by older

and younger age groups of workers
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What is more, female workers also had a limited increased risk for low back
pain, compared with male workers (Yang, Haldeman, 2016). Another conclusion
which can be made and that would serve as a very good incentive for the choice of a
profile of an early adopter for our customer segmentation is what Model A shows.
Indeed, it was found that workers who had master or above level education have a
lower risk for low back pain, compared with the workers with high school education.

Switching to Table 2 and revealing the findings from this spart of the analysis,
this table shows us associations between the emerging psychosocial/organizational
factors and low back pain. Interestingly enough, workers who reported that their work-
family imbalance was being exposed and challenged, or that were themselves exposed
to a hostile work environment or job insecurity had increased prevalence for low back
pain, compared with those were not exposed to these risk factors (Yang, Haldeman,
2016). Female workers who were exposed to hostile work environment had the highest
prevalence of low back pain (37.9%), compared with female workers exposed to other
work-related psychosocial factors (Yang, Haldeman, 2016). If the gender question has
always been an important topic to be discussed within many discourses, our analysis
also revealed that some patterns observed are rather similar was for male workers as
well. As an example, younger workers who reported job insecurity had the highest
prevalence of low back pain (36.2%) compared with workers in the same age group
who were exposed to other work-related psychosocial factors (Yang, Haldeman, 2016).
Male workers (21.5%) and younger workers (22.5%) who worked alternative shifts had
the lowest prevalence of low back pain (Yang, Haldeman, 2016).

Next, this thesis paper will go over the Table 3 in the attachments and it will be
this part that will present the logistic regression analyses of the associations between
low back pain and the psychosocial and work organizational factors, as was done in
the 2010 National Health Interview Survey (NHIS). The findings show that while
controlling for demographic characteristics, socioeconomic status, other health and
health behavior-related factors, and other work-related variables, all workers who
experienced work-family imbalance, were exposed hostile work, or had job were more

likely to have low back pain (Yang, Haldeman, 2016). The sex and age stratified
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logistic analyses for the psychosocial and work organizational factors indicated similar
patterns (Yang, Haldeman, 2016). However, the one the major findings also show that
the associations between low back pain and those of the work organization factors were
not the same in different demographic groups of workers (Yang, Haldeman, 2016).
The analysis of the findings that this thesis paper has is mostly centered around
the idea that musculoskeletal symptoms are associated with prolonged use of computer,
which in many cases correlated with prolonged internet use, and that this problem is
often left unreported and unrelated by those who suffer. Moreover, it will be various
groups of country’s population that are influenced by this problem, and we could argue
that all the people, no matter the race, nationality, gender, or other demographic
considerations are potential under big exposure to the problem. The key findings
themselves might be coming from several different ideas. First, the responsibility could
lie within the lack of awareness among students starting their career and office workers
with long track of computer work about poor ergonomics, as well as their inability to
report the problem to the right authorities. Secondly, it is that the time which the
employees sit in front of their computers sustaining one type of the posture actually
matters more than their incorrect posture. Those who had the symptoms of
musculoskeletal problems in were the ones who used computers for more than 6 hours

without often movements.

3.2. Formulating and analyzing the profiles of the most relevant target groups

for the startup FitSit

So, based on this information this thesis paper is giving a customer segmentation
of those from the target audience of FitSit application to better understand the users in
general, as well as to make a detailed customer profile of an early adopter. Picture 3.2
summarizes the customer groups in one schematic overview, while the detailed

explanation is given later in the chapter.
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Customer Group #1 —

people with back/neck pain and a need
to solve the problem of its inefficient treatment
or poor results of the treatment.

Customer Group #2 —

People doing computer work in the offices
as employees of big companies
with strong company culture.

Customer Group #3 —

Younger people sitting for 8-10 hours
in front of their laptops or personal computers
without proper ergonomics.

Picture 3.2. Proposed customer segmentation strategy for FitSit

Customer Group #1 will be based on the predications that the FitSit application
should be used as a medical product, or an e-health application, as it is. Therefore, the
first group in our customer segmentation would be people who are currently dealing
with back and neck pain themselves. The age categorization on this case is not highly
important because the main feature which differentiates those people is their need to
solve the problem of inefficient treatment or poor results of the treatment. It is
confirmed that 70 to 80% of people will suffer from work-related back disorders at

some point in their life by the European Agency for Safety and Health at work.
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This customer group could be reached out to through cooperation with
physiotherapists, orthopedists, medical and rehabilitation centers that have a solid base
of customers of their services. It is very likely that the business model to reach this
category of customers would be B2B2C — in this case FitSit will find not the customers
themselves but the cooperation with medical practitioners in the field and try to sell
their product through them. The main distinguishing characteristic of the target group
in this audience is that they have to be experiencing back or neck pain problems on a
regular basis, as well as that they have to reach out for the medical services and seek a
solution to fight back pain.

Their persistence of already being in search of the solution, or the market’s
inability to meet the needs of this customer group, would give FitSit a great chance of
being introduced into the customer’s routine as an innovative solution. By focusing on
the patients with diagnosis like back pain, neck pain, scoliosis, tinnitus, migraine etc.
FitSit will be able to reach a very solid target audience with keen interest in their new
treatment offering. Moreover, this doesn’t have to be the local market because the
demographics of people with back pain go beyond one country. FitSit application can
become if not the substitute product for the initial treatment with the physiotherapist,
then a part of the whole treatment, so that the startup doesn’t take the customers from
the working medical practitioners. Lastly, this customer segment also opens a new way
to sell the product, and the receiving end to be the insurance companies. Insurers are
very likely to include FitSit into their insurance plan because it would prevent people
with higher chances for these diseases from putting themselves in danger of back pain,
and, on the contradictory, would treat this issue before it arises.

Now, this thesis paper is on to the Customer Group #2. This group of users will
be represented by the office workers and employees of big companies with strong
company culture. The prerequisite for the users to be involved into this customer
segment is that they have to be working for an employer who highly values the health
of the employees and is already implementing various solutions for their workers. As
an example, some companies, like SAP in all their offices, have a physiotherapist on

board whom the employee can contact and get professional medical advice on how to
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maintain a healthy posture or what to do to get rid of acute pain. Another example and
the fact that proves that companies invest in their employee’s well-being is that they
buy ergonomic chairs, set up standing desks, and, for example, build gym stations
inside their office buildings. It is being done so since, as for the primary market
segment research that this thesis paper has conducted, in 2020 59% of Germans spend
at least a half of their workday at the offices (IBA Studie, 2020). Working towards
helping the office workers who are employed in SMEs and corporates, including
insurance companies as well, the estimation for the Total Addressable Market in
Germany — the country that is known to be very proficient when it comes to setting up
the culture of ergonomics and treat its citizens with high social responsibility — to
roughly be 20 million people. However, as the first step it makes more sense to focus
exclusively on those companies that have already implemented some well-being
programs for their employees within their monthly agenda.

Therefore, through different sales channels FitSit should be able to attract
attention of the SMEs, corporations, insurance, and healthcare companies to work with
bettering the health of their employees. The strongest relations can be established by
working with the HR departments of those companies, as it is precisely the HR
managers who are thought to create a solid base of benefits to satisfy their company’s
employees. As the first step to establish such meaningful cooperation with the
companies and thus sell the FitSit application as a B2B service, the startup has to agree
on a testing period with the companies based on the Letter of Intent conditions, and
only afterwards to sign the contract adjusted to every other business case accordingly.
This way, the companies would appreciate FitSit being the early-stage startup and
willing to be flexible, however, they will be obligated to use the product nevertheless.
It is known for the big companies to take very long time when doing budgeting for an
upcoming year or signing a new contract, and the Lol cooperation mitigates those risks
for an early-stage startup.

The next in this chapter will be the definition of the Customer Group #3. For this
we will take into consideration the main assumption that it is not only important for the

customer to have a strong interest in the solving of the product, but they also have to
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have potential to use the application. What we mean by that is the fact that offering an
application which is rather innovative in the field of digital health would be much easier
to a young working person who is very used to working with computers than to a senior
who has been having back pain for a very long period of time. The interest coming
from young people is thought to be more validated since they are much more involved
into different subscriptions on the internet in the field of fitness and healthy lifestyle.

The last mention is also a great selling point — the topic of the healthy lifestyle
is a very popular nowadays, so it would not cause any misconceptions for the customers
who are already using many healthy lifestyle services, and in a way are persuaded that
there should not be any immediate result, but rather a very long and continuous journey
to keep.

What is more, it 1s now known that 21% of Germans switched to the home office
in 2020 without proper ergonomics, and the trend keeps increasing more and more, as
companies adapt to the remote work culture on a regular basis (t3n.de Digital Pioneers,
2020). Another explanation as to why the profile of such a potential user of FitSit
application is more likely to become an early adopter of the application is that these
people are more likely to face the real root of the problem. By working as freelancers
or being employed for companies but keeping some manner of remote work, they are
facing sitting for 8-10 hours in front of their laptops or personal computers without
proper ergonomics. If previously there was no need for them to search for a solution to
the problem of back pain, now they see the scale of this problem and that it is a real
health-threatening disease.

This all depicts the need for FitSit to establish a B2C business model in which
the customers will directly buy the application on the subscription basis. Using
promotional channels on social media and various digital marketing tools, FitSit should
be ablet to reach out to the potential individual users and offer them some differences
in plans of the paying subscription, so that there is room for choice and less
commitment for the beginning of the customer journey. FitSit, therefore, can have a
selling point for individual customers that is it easy to purchase, easy to use, and easy

to see the result product.
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As a conclusion for this chapter, we have to say that while there are no paying
customers on board of FitSit yet, the Customer Group #3 is thought to be the easiest
one to test and their customer base should be found as the most approachable one, even
though it will be harder to attain users later on, and the user acquisition rate for this
segment will be lower. However, if we’re in a situation of the early-stage startup, then
our primary goal is to say if there is any product-market fit for the product in general
which is a question that could be answered by directly and indirectly talking to the

customers from the segment of the Customer Group #3.
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CONCLUSIONS

All in all, this Bachelor’s thesis paper has now theorized, analyzed and provided
the practical ground for its topic of the Big Data in International Business: Application
of Big Data for Early-Stage Startups. One might argue that this topic is yet
underexplored within many discourses, however, we strongly believe that there is
always room for discussion when it comes to such life-changing digital assets and
modern-day tools as Big Data.

This thesis paper, therefore, gives more detailed overview to the question of
importance of application of Big Data for the entrepreneurial purpose, specifically in
order to lead International Businesses, and even more specifically — for the early-stage
startups. Moreover, there have been made some key findings which answer the research
questions posed in the introductory part of this paper, as well as some insightful
findings for the specific example of the early-stage startup FitSit, the team of which
has agreed to collaborate further and use the information and implement the results of
the research in the development of their strategy. Now, the paper will present the
findings which were made:

1. Big Data may not be the primary source that the business owners are thinking
about when leading their business, and it may not be directly related to basic
operational tasks that are usually in place to meet the regular business metrics.
However, Big Data is a very powerful source of, first and foremost, information for
businesses. So, especially when leading a company on the international arena where
each country has its businesses operating differently and, thus, differentiates in its
customer demographics, preferences, and decision-making journey, business owners
are ought to be using Big Data. Big Data as such, as well as the range of modern-day
resources, principles, and technologies, are giving opportunity to optimize the projects
and operation to their maximum potential.

2. Big Data addresses many problems that the businesses are facing on their way,
including such as analysis of the current state of affairs inside the company and the

need to optimize their business processes, automating the routine in terms of
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operations, correct estimations and feasible predictions for sales, customer-product
interaction, marketing campaign execution rates, and price ranges. Moreover, Big Data
helps international businesses solve the need of building accurate models through
computerized digital models. Lastly, there is potential for Behavior Analysis for better
targeting, and large-scale optimization through online optimization algorithms.

3. The most basic, and, therefore, most visible changes that Big Data may bring
for the companies are an ability to make better analysis of opinions and sentiments, the
policy of knowing their clients better, more clear and precise customer segmentation,
the predications of the steps to make the startup’s next best offer, and the theory of
multichannelness as a whole. Big Data for early-stage startups is basically a technology
that is giving the vision for the real sales funnels. Thanks to Big Data, the early-stage
startups are able to answer their most important question of their entrepreneurial
journey: which channel is in reality responsible for the purchase and what are the trends
and patterns of the customers leading to a purchase.

4. The Big Data analytics have also introduced such emerging technologies as
Machine Learning and Artificial Intelligence. They both individually, and especially
in cooperation, offer new business development opportunities, which are open not only
to the well-established players on the market but also newcomers, such as early-stage
startups. However, one of the key differences between implementing Big Data and
Machine Learning or Artificial Intelligence in a startup project and a corporate project
is the amount of risk taken.

5. An example of usage of the Machine Learning or Artificial Intelligence fields
was being described in relations to the early-stage startup FitSit. Its infrastructure is
built on the work with Big Data and its availability within the ready-to-use libraries for
working with APIs from various programming languages. FitSit’s product is an
innovative solution by itself with an even more innovative programming solution
inside, as it the framework which the team has been developing is able to teach cameras
to read human body language from real-time video. Its Rule Engine is a low-latency,
human motion capture system compatible with web cameras, enabling the team to

uncover human potential from pixels.
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6. As for the analysis and the predictions for the early-stage startup which were
made by using Big Data, we have to say that while there are no paying customers on
board of FitSit yet, there should be done proper customer segmentation. We propose
to do it in 3 groups, with the Customer Group #3 being the easiest one to test and
approach. As an early-stage startup, FitSit has tested the idea of its product, and it now
has to test the assumptions of its potential customers, and to do so, the team needs to
get in touch with the group of their early adopters. This way finding the real product-
market fit for the product we be achieved even without any direct sales, but by
indirectly communicating with their actual customers from the segment of the

Customer Group #3.
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ATTACHMENTS

Table 1

Description of Study Population and Low Back Pain by Sex and Age Group,
Demographic Characteristics, Socioeconomic Status and Other Factors, Weighted
Percent

Source: Low Back Pain Prevalence and Related Workplace Psychosocial Risk Factors:

A Study Using Data From the 2010 National Health Interview Survey.

All Workers Male Workers Female Workers Younger Workers (18—40) Older Workers (41-64)
Variable % in Pop % Low back pain % in Pop % Low back pain % in Pop % Low back pain % in Pop % Low back pain % in Pop % Low back pain
Low back pain 25.7 53.0 245 47.0 27.13 50.0 238 50.0 277
Demographics
Age
18-25 15.3 21.2 14.9 18.3 15.9 242
26-40 34.6 25.0 36.1 243 33.0 259
41-55 36.7 27.6 35.9 26.3 37.6 28.9
56 - 64 134 28.0 132 274 13.6 28.7
Sex
Male 53.1 245 53.0 24.5 54.1 225 52.0 26.6
Female 46.9 27.1 47.0 27.1 45.9 253 48.0 28.8
Ethnicity and race
Non-Hispanic White 67.8 27.1 67.6 26.6 68.0 27.8 63.7 25.7 71.9 28.4
Non-Hispanic Black 10.9 232 9.4 18.5 12.4 27.2 11.6 20.8 10.1 259
Hispanic 14.7 245 16.7 225 12.4 275 17.9 21.8 115 28.7
Non-Hispanic Asian 49 159 4.7 14.1 5.2 17.8 5.0 133 4.9 18.5
Non-Hispanic Others 1.8 26.0 1.6 24.9 2.0 27.1 1.9 249 1.6 274
Education
Less than high school 12.2 29.2 14.0 26.1 10.2 34.1 13.3 26.8 11.2 32.1
High school 22.0 25.7 22.8 25.1 21.2 26.6 20.6 22.6 235 28.5
Some college 318 29.2 29.6 273 34.3 31.1 345 26.9 29.1 32.0
College 220 21.6 22.1 214 22.0 21.8 222 20.5 21.8 22.7
Master and above 12.0 21.1 11.6 20.9 12.4 213 9.5 19.4 14.4 222
Earning
< $14,999 19.0 28.8 14.5 26.3 24.1 30.4 24.1 26.6 13.9 325
$15,000 — $34,999 30.5 27.1 273 26.0 342 28.1 343 24.8 26.7 30.0
$35,000 — $64,999 30.3 25.7 32.0 26.2 28.3 25.0 28.1 24.6 324 26.6
> =$65,000 20.2 24.8 26.2 24.1 13.5 26.4 13.5 21.9 27.0 26.2
Other related factors
Leisure-time physical activity 51.7 244 56.0 23.7 46.9 254 55.2 24.1 48.2 24.8
Serious Psychological Distress 25 49.3 22 442 2.8 53.7 23 45.6 2.7 523

Obesity 269 30.1 279 277 257 33.0 233 272 30.5 32.3
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Description of Study Population and Low Back Pain by Sex and Age Group,

Work-Related Factors, Weighted Percent

Source: Low Back Pain Prevalence and Related Workplace Psychosocial Risk Factors:

A Study

Using Data

From

the

2010

National

Health

Interview  Survey.

Variable

‘Workplace psychological factors
‘Work-family imbalance
Exposure to hostile work environment
Job insecurity
Work organization characteristics
Non-standard work arrangement
Alternative shifts
‘Work hours per week

81039

40 hours

41to 45

460 59

60 hours and over
Occupation

Management

Business and financial operations

Computer and mathematical

Architecture and engineering

Life, physical, and social science

Community and social services

Legal occupations

Education, training and library

Arts, design, entertainment, sports and
media

Healthcare practitioners and technical

Healthcare support

Protective service

Food preparation and serving related

Building and grounds cleaning and
maintenance

Personal care and service

Sales and related

Office and administrative support

Farming, fishing, and forestry

Construction and extraction

Installation, maintenance and repair

All Workers

Male Workers

% in % Low back

Pop pain

16.8
7.6
324

28.2
27.1

28.4
435
6.8
133
8.0

9.5
4.7

2.1
1.2
1.8

6.5
1.9

52
2.6
2.1
57
4.0

35
10.5
13.2

0.6

52

3.7

323
35.7
30.2

158
24.4

274
233
28.5
26.9
282

24.8
215

19.4
20.1
229
263
25.7
23.1
26.2

26.3
33.6
235
27.2
25.3

28.5
26.9
25.1
28.0
31.8
279

% in % Low back

Pop pain

16.2
6.3
337

17.7
282

20.3
44.5

79
16.8
10.4

114
39

24
0.6
3.1
4.9
4.5

1.4
10.2
6.5
0.9
9.7
6.8

29.6
33.0
28.6

274
215

25.4
22.5
25.6
26.2
27.0

238
17.5

19.4
19.6
233
29.5
20.7
247
249

28.1
259
23.8
20.6
227

244
25.7
21.9
21.0
31.8
28.1

% in % Low back

Pop pain

17.5
9.0
30.9

13.6
258

37.6
423
5.6
9.2
53

7.3
55

1.7
0.7
1.3
23
1.4
9.8
1.8

8.4
49
09
6.6
34

59
10.7
20.7

03

0.2

03

Female Workers

35.1
379
32.1

29.4
28.0

28.7
242
33.1
28.3
30.7

26.5
24.7

19.1
224
22,6
242
30.9
224
28.0

25.7
34.7
222
326
29.1

29.6
28.2
26.2
49.5
30.8
24.0

% in % Low back

Pop pain

17.0
74
30.5

142
33.0

32.7
41.8
6.7
11.8
6.9

74
43

35
1.8
1.0
1.9

6.2
2.0

4.8
2.7
2.1
8.0
39

39
11.9
13.1

0.7

52

34

Younger Workers (18-40)

30.2
28.2
36.2

23.1
225

254
20.8
252
26.2
28.1

25.8
19.1

17.8
15.2
238
229
26.4
21.2
272

222
31.2
239
252
20.9

23.6
25.6
232
159
293
257

% in % Lowe back

Pop pain

16.6
7.8
343

17.3
212

24.2
45.1
7.0
14.7
9.1

11.6
5.0

2.7
24
1.3
1.7

6.9
1.9

5.6
2.5
2.1
34
4.1

32
9.0
132
0.5
52
4.1

Older Workers (41-64)

34.4
353
32.0

324
274

30.2
25.6
31.6
27.5
28.3

24.1
23.7

238
222
30.0
25.0
248
25.2

29.8
36.2
23.0
32.0
29.5

344
28.6
27.0
46.5
342
29.8
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Table 3
Logistic Regression of Work-Related Factors for Low Back Pain, Sex and Age
Stratified Analysis
Source: Low Back Pain Prevalence and Related Workplace Psychosocial Risk Factors:

A Study Using Data From the 2010 National Health Interview Survey.

All Workers (Model Male Workers (Model  Female Workers (Model  Younger Workers (18-40) Older Workers (41-64) (Model
A) B) ()] (Model D) E)
Factors OR 95%Conf  OR 95%Conf ~ OR 95%Conf OR 95%Conf OR 95%Conf
Workplace psychological factors
Work family imbalance 1.27° 1.15-1.41 1.30° 1.10-1.54  1.49° 1.27-1.75 1.39° 1.17-1.66 1.42° 1.21-1.66
Exposure to hostile work environment ~ 1.39° 1.25-1.55 1.41° 1.10-1.80  1.47° 1.20-1.80  1.58° 1.27-1.97 1.29° 1.04-1.60
Job insecurity 1.44% 1.24-1.67 1.28" 1.11-147 126 1.1-1.44 1.33° 1.15-1.55 1.23 1.08-1.40
Work organization characteristics
Non-standard work arrangement 1.09 0.95-125 1.10 0.92-1.32  1.08 0.88-1.33 0.92 0.76-1.11 1.27% 1.06-1.52
Alternative shifts 0.81~ 0.73-0.90 0.74% 0.64-0.86  0.90 0.76-1.07 0.77% 0.66-0.90 0.85~ 0.72-0.99
Work hours per week
40 hours 1.00 1.00 1.00 1.00 1.00
81039 111 0.97-126  1.09 0.90-1.32 .14 0.97-1.34 1.16 0.96-1.41 1.06 0.9-1.25
411045 1.25° 1.03-1.52  1.09 0.82-1.44 1.52° 1.16-1.98 1.20 0.92-1.58 1.30 0.98-1.72
461059 1.15 0.99-1.34 115 0.95-1.39  1.12 0.88-1.42 1.25 0.99-1.56 1.08 0.89-1.32
60 hours and over 1.19 0.99-1.43 1.16 0.90-1.49 1.27 0.96-1.67 1.38" 1.07-1.78 1.07 0.83-1.37
Occupation
Computer and mathematical 1.00 1.00 1.00 1.00 1.00
Management 1.13 0.82-1.55 1.05 0.73-1.51 133 0.78-2.25 141 0.94-2.1 0.95 0.60-1.50
Business and financial operations 0.98 0.68-1.43 0.78 0.46-1.33  1.30 0.73-2.33 0.99 0.59-1.67 0.95 0.58-1.56
Architecture and engineering 0.94 0.62-1.42  0.86 0.53-1.41 133 0.58-3.05 0.81 0.41-1.63 0.96 0.53-1.71
Life- physical- and social science 1.25 0.75-2.07 1.18 0.60-2.32 143 0.68-3.04 1.47 0.70-3.08 1.06 0.54-2.09
Community and social services 135 0.86-2.12 1.74 0.89-3.43 129 0.69-2.41 1.26 0.64-2.46 1.42 0.74-2.75
Legal occupations 1.23 0.75-2.02 098 0.46-2.10  1.70 0.83-3.52 1.42 0.72-2.79 1.04 0.50-2.15
Education- training and library 1.10 0.78-1.53 1.24 0.74-2.08 1.22 0.73-2.05 1.07 0.66-1.73 1.11 0.68-1.81
Arts- design- entertainment- sports and 1.29 0.84-2.00 1.22 0.69-2.15 1.53 0.75-3.12 1.50 0.86-2.62 1.09 0.57-2.07
media
Healthcare practitioners and technical 1.30 0.92-1.83 1.71° 1.01-2.88 135 0.80-2.29 1.14 0.72-1.82 1.38 0.84-2.26
Healthcare support 1.51° 1.05-2.18 126 0.49-320 1.71° 1.02-2.86 1.60° 1.00-2.56 1.44 0.81-2.57
Protective service 1.01 0.67-1.52  1.06 0.65-1.72 093 0.42-2.07 1.23 0.68-2.19 0.82 0.47-1.43
Food preparation and serving related 1.31 0.94-1.84 1.10 0.67-1.81 1.63 0.99-2.7 1.39 0.89-2.16 1.23 0.74-2.04
Building and grounds cleaning and 1.15 0.79-1.68 1.13 0.69-1.85 1.30 0.74-2.29 1.07 0.65-1.77 1.21 0.73-2.01
maintenance
Personal care and service 1.27 0.85-1.89  1.20 0.55-2.59 144 0.83-2.5 1.13 0.65-1.96 1.43 0.85-2.41
Sales and related 1.25 0.90-1.73 1.23 0.81-1.86 1.34 0.82-2.2 1.37 0.91-2.05 1.11 0.7-1.77
Office and administrative support 1.04 0.76-1.42  0.99 0.63-1.56 1.21 0.75-1.94 1.10 0.73-1.65 0.98 0.63-1.53
Farming- fishing- and forestry 1.25 0.69-2.25 0.86 0.38-1.92  2.66- 1.05-6.79 0.80 0.33-1.96 2.11 0.82-5.42
Construction and extraction 1.41% 1.00-2.01 131 0.88-1.96 1.61 0.37-6.98 1.56 0.98-2.49 1.27 0.77-2.1
Installation- maintenance and repair 1.21 0.83-1.78 1.15 0.74-1.78  1.15 0.38-3.46 1.31 0.79-2.17 1.13 0.67-1.9

Production 1.20 0.86-1.69 1.06 0.69-1.63  1.61 0.94-2.77 1.21 0.76-1.94 1.17 0.72-1.9



