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This master's thesis is devoted to the research of a data-driven decision-making approach.

The research was carried out on the basis of a Russian IT startup called "Restik” which

creates cloud solutions for automating the restaurant business. The main research question

is how to apply principles and methods of data-driven decision-making approach to mobile

applications operating in B2B market. General scientific research methods, literature

analysis, case studies, and financial modeling were used during the research. As a result, a

data-driven management approach was investigated, the approach was adapted to the studied

startup and practically applied to decision-making within the studied startup. This paper

considers 4 different practical cases of approach usage, which show how data could help in

such complicated task as managing the start-up.
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1. INTRODUCTION

This introduction will set the scene for my master’s thesis. Firstly background and
motivation for the study will be described. Then goals and delimitations of the study will

be set. Finally, overall thesis structure will be considered.

1.1. Background
On average, 9 out of 10 startups fail [1]. There are many reasons why a seemingly successful

startup eventually goes bust, one of these reasons is the wrong management decisions [2].
The problem with such decisions is that the results of the decision are very difficult to
evaluate immediately, and the consequences caused by these decisions may appear long after

the decision is made.

In addition to the difficulty in making decisions, the startup market has also faltered during
the COVID-19 pandemic. The consequences for many startups were devastating, 43 percent
of European startups suspended the hiring process [3], and the volume of venture capital
investments decreased by 38 % in the first 2 months of the beginning of the pandemic,
compared with the previous period [4]. In such a difficult period for doing business, the
management of startups has to look for new ways to effectively and timely solve emerging

problems [5].

Thus, taking into account the state of the market, as well as the general complexity of
managing startups, it is necessary to develop an approach that will help reduce the risks of
making incorrect management decisions, since at the moment any mistake can be very

expensive not only for the management of startups, but also for investors.

One of the approaches to help in decision-making is the data-driven decision-making
approach [6]. The idea behind this approach is quite simple: “Use your actual startup data,
instead of your feelings about how market works, for decision making”. Despite the
simplicity of this idea, the implementation of this approach can be difficult, which can
ultimately lead to bankruptcy of the startup, so it is very important to understand why and

how approach should be implemented.

My startup team decided to use this approach after several decisions which lead to bad
consequences, so it is become clear that somehow, we should validate that management
decisions will lead to startup to desired state. As a startup analyst | started to research which
approaches could fit to our startup, and decided to adapt data-driven decision-making



approach for our startup purposes.
1.2. Goals and delimitations

Within this research work, will be considered the basic principles of a data-driven
management approach, the tools that startups can use to implement this approach, and also

the cases of one of the startups creating an application on the B2B market.

Research work also has the following delimitations:
1. The thesis considers startups that creating apps on B2B market.
2. Data-driven decision-making approach is not a standardized framework, the
description of the approach in this thesis is a consequence of the analysis of cases
and literature and does not pretend to be an industry standard.
3. This work is not an action guide, but only a description of the approach and in

practice shows how this approach can be applied.

The main research questions of this work are:
1. What is data-driven decision-making?
2. How can this approach be applied by a start-up operating on the B2B market?

3. What is the effect of using data-driven approach?

Main research methods are literature review, cases studies, basic general scientific methods

and financial modelling.

1.3. Structure of the thesis

The study consists of 4 main parts, in addition to this, the study also contains an introduction,
conclusion, and a bibliography. Logically, the narration is built from the study of theoretical

aspects to the application of the knowledge gained in practice.

The first part examines the rationale for using the approach by analyzing the current state of
the startup market in Europe. It also defines the term startup and the startup life cycle. One
of the factors influencing the choice of approach was also the COVID-19 virus pandemic,

the impact of which on the startup market was also discussed in the first part.

In the second part, by analyzing the literature and various cases, it is determined what a data-
driven decision-making approach is. The principles, methods, and tools of the approach are

investigated, a theoretical base is created with the help of which the approach will be



implemented in an existing startup.

The third part explores a startup that plans to implement the approach. Due to the fact that
the approach completely changes such an important aspect of management as decision-
making, it is necessary to create in advance many tools and methods that will be used in the

future to make decisions based on data.

In the fourth part, practical cases of application of the approach are considered, with specific
descriptions of when the approach helped to make decisions, and how these decisions were

ultimately reflected in the startup.



2. STARTUP PROCESSES OVERVIEW

This chapter will consider general picture of IT startups in Europe, define the term startup,
consider the stages of development of startups, and also assess the impact of COVID-19 on
the startup market.

2.1. Current startups state in Europe

At the moment, there is no single clear definition of the term startup. Since from different
points of view, the term startup can be interpreted in different ways . We will take a definition
from Eric R.'s book The lean startup, according to this book startup is "a human institution
designed to create a new product or service under conditions of extreme uncertainty.”’[7] A
startup is based on the assumption that a proposal (service or product) will be accepted by
the market as it solves the customer's problem. Due to the high uncertainty, many startups
go bust, but some of the startups become so-called “unicorns” (a private startup that has
reached a market capitalization of $ 1 billion) [8]. According to CB Insights, as of May 2021,
there are more than 600 unicorn startups in the world [9]. This is the reason why, despite all
possible failures, startups are so attractive to investors. Every year, startups attract
multibillion-dollar investments (31.313 million euros in Europe in 2019 [10]) and create

many jobs.
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Figure 1. Amount of investments in startups in Europe since 2015 (in min euros)
At the same time, in 2020, according to Tech Tour research, 61 % of super startups focused
on the B2B market.



- B2C 39%

- B2B61%

Figure 2. Distribution of super start-up companies offering B2B and B2C solutions
worldwide in 2020

The most popular technology area for startups in Europe in 2018 was IT / software
development (19.1 % of the total as shown on fig 3.).

IT/software development 19.1%

Software as a Service (SaaS) 18.5%

Other

Bio, nano and medical technology

Industrial
technology/ production /hardware

Consulting company/agency

Figure 3. Distribution of startups according to industry sector in Europe in 2018

Thus, it can be argued that for the period up to 2018, the creation of a B2B startup in the IT
industry was the most popular direction for startups in Europe. For a better understanding of
the market, it is also necessary to understand what stages startups go through, so further

startup development stages, in general, will be considered.

2.2. Startup development stages

This section will consider the stages of a startup from a development point of view, stages
can also be considered from a funding point of view (Seed stage, startup stage, growth stage),
but in this case we are only interested in the development stages. There are many
interpretations and formulations about what stages a startup goes through [11-14] in the

development process, in this work will be used the following 5 stages: Concept and research,



MVP, Traction, Scaling, Exit. Take a closer look at each of these stages.

1.2.1 Concept and research

The entrepreneurial challenge of the startup founder is, to identify and validate the key value
(business concept) that underlies the startup. To do this, it is necessary to understand the
market opportunities, supply in this market and form an initial business model. If the initial
value hypothesis is found and confirmed, it is also necessary to find a distribution channel
through which the value will be conveyed to the end-user. Thus, the initial success for a
startup is the product itself (the value hypothesis that underlies it), the distribution channel
through which the product will be distributed, and the market in which the startup will
operate. When these factors are found, a startup will not necessarily be successful, but all
successful startups have found these components (perhaps not all startup owners specifically
looked for these 3 factors, but when considering any successful startup, it is possible to

understand what the product, market, and channel was). Consider each of these components.

The value hypothesis essentially is an answer to the question “Why will people use a
startup?” [15]. The startup creator must understand why his startup will be attractive to the
market, what is an urgent need and how the new startup will effectively solve itit. As
American businessman and entrepreneur Ben Horowitz wrote in his book "The Hard Thing
About Hard Things: Building a Business When There Are No Easy Answers": “The primary
thing that any technology startup must do is build a product that's at least ten times better at
doing something than the current prevailing way of doing that thing. Two or three times
better will not be good enough to get people to switch to the new thing fast enough or in
large enough volume to matter” [16]. And while no studies have been cited to support this
phrase to date, many market participants agree with it. The startup creator needs to

understand how to create a product that will be 10 times better than its predecessors.

Market - before creating a startup, it is also necessary to evaluate the market in which the
startup is planned to operate. To understand what kind of players are present in this market,
what strengths and weaknesses they have, what user tasks, and how the players in this market
solve them. It is important to understand that it is necessary to consider not only direct
analogs but also all possible technologies that solve a similar problem. For example, when
WhatsApp entered the messenger market, its main competitor was not other messengers, but
SMS messages, because they solved the same problem as WhatsApp - the quick transfer of

information from one person to another [17]. Therefore, when assessing the market, it is



important to understand exactly what task the planned startup is performing and in what

other ways users are solving this task.

The distribution channel is the channel through which the startup owners deliver value to the
market. The channel is also very important. For example, if a startup creator has a great
startup that effectively solves some problems, and a market segment that needs this startup,
but at the same time has not found a channel with which he can convey value to the segment,
most likely the startup will fail. For example, people studying programming is a market,
creator could interact with them through advertising on the Internet, using articles on
thematic resources, and advertising on billboards. However, most likely, if the creator
choose advertising on billboards as a distribution channel, most of the target audience simply
will not recognize your company. (This is just an example, in reality, it is needed to study

what channels your target audience uses).

1.2.2 MVP

After determining the value, market segment, and distribution channel, a Minimal valuable
product (MVP) is created - this is a minimum viable product that delivers the main value to
the consumer [18]. An MVP is created to test that the value hypothesis underlying the
product is correct, the target audience needs the product, and the distribution channels are
working. Before the mass release, company could conduct the so-called Soft Launch - a trial
launch for a limited audience. Soft launch has several goals:

1. Collecting feedback from real users.

2. Collecting data on key metrics (if the value hypothesis is not correct, such
metrics will show poor results, then it is better to change the product before the
mass release so that it is in demand in the market).

3. Find all bugs and problems that were not identified as a result of testing.

4. Check marketing channels

After analyzing the results and confirming the main hypothesis of value, the startup moves
from the MVP stage to the Traction stage.

1.2.3 Traction

At this stage, the startup begins to attract its first users. If everything was determined
correctly at the previous stages, a competent marketing strategy becomes the main task of
startup management [15]. It is important to competently present product to the world, for

example, partnerships with various information resources, company PR, and performances
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at thematic exhibitions can help.

The communication strategy becomes extremely important, since at this stage a core of the
most loyal users is formed around the product, so it is extremely important to quickly respond
to feedback and make changes in accordance with market demands. Also, at this stage, it is
possible to notice unusual user behavior, information about which can be used to search for

further points of growth.

1.2.4 Scaling

The startup owner already has a working product that attracts new users, but the product is
not yet mass-produced, so at this stage it is necessary to find new ways to expand the client
base, the offer and the company itself. Development becomes iterative, at each iteration it is
necessary to analyze what is happening with the product and change it for the better.

1.2.5 Exit

At this stage, a startup leaves the status of a "startup”. Depending on the goals of the
management, a startup can be sold to a global campaign, go public, or remain a private
company. The most important thing is that a startup at this stage already has a solution to a
specific task for a certain market segment, and in addition to the task of attracting users, the

task of retaining users also appears.

These stages are given in general terms and can vary or depending on the specific situation,
however, any startup in one way or another goes through these 5 stages or is at one of them.
At each stage, management has to make decisions about how the startup should develop.
Despite the abundance of cases, each new startup is a separate case, managment can't just
copy existing solutions and hopes that they will bring success. It is necessary to constantly
develop a startup, find new points of growth and new ways to create value for the end user.
In the conditions of uncertainty in which startups are created, all these tasks become a real

challenge for entrepreneurs.

To complete the picture of the state of startups in Europe, it is also necessary to analyze the
influence of another factor - the COVID-19 virus, the spread of which was recognized by
WHO as a pandemic in March 2020.

2.3. COVID-19 impact on startups

The outbreak of the COVID-19 virus began with the report of an unknown virus in December
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2019. In the next few months, the virus spread throughout the world, which is why WHO
declared an outbreak of the virus a pandemic in March 2020. The virus caused the global
crisis, which affected both the social and economic spheres of life of the world's population.
The lack of a quick medical response to the virus (vaccine or treatment) has necessitated
lockdowns in many countries. Like normal business, startups were hit just as hard during

this time. Consider how the startup market has changed since December 2019.

1.3.1 Private Equity & Venture Capital

Private and venture capital investments are one of the main sources of income for startups.
Private equity investments are medium to long term investments by individuals in unlisted
companies in exchange for stakes in those campaigns. Private equity firms focus on
established campaigns that require capital gains and reorganization in order to be sold at a
profit. Venture capital is money, which is money that most often helps to start a business
from scratch. A venture capital firm invests in a company early in its development and
provides it with the critical capital it needs to get started and, if lucky, grow actively. Venture
capital firms are betting on growth, often neglecting profitability, which is why they are
more likely to invest in companies with high growth potential. Such investors orient startups
towards rapid, not always sustainable, growth. Venture capitalists are playing the long game
by investing early in companies that can generate huge returns. Many unicorn startups rely
on venture capital, for example 82 % of 190 European startups that have achieved unicorn
status were funded by venture capital investments [19]. In previous global economic crises,
the number of private and venture capital investments initially declined, but then peaked, as

shown in Table 1.

Table 1 - Funds raised during previous financial crises [19]

Privatre equity Venture capital
Year of | Amount of | Aggregated | Amout of Aggregated capital
final funds capital funds raised, bn $
close raised, bn $
Dot com era
1999 225 92,9 293 42,2
2000 285 130,4 488 76,4
2001 256 91 359 43,5
Global financial crisis
2007 659 366,2 424 46,5
2008 655 357,5 445 52,7
2009 447 185,5 360 26,9
Pre-coronavirus pandemic
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2018 833 537,9 1105 108,5
2019 733 548,8 872 95,7
202001 | 211 102,6 225 37,7

There is still no exact information on the impact of COVID-19 on the investment market in

2021, but it can be said for sure that the amount of attracted investment and private capital

decreased in Q1 2020, which will also affect the development of startups.

1.3.2 Employment during COVID-19

As a result of financial difficulties, startups are faced with the problem of hiring employees.
43 % of European startups have frozen their hiring process. A poll conducted by LocalGlobe
and Dealroom among 140 startups, mainly from France and Germany, created over the past
5 years, showed that more than a third of the startups-respondents made decisions to
downsize staff on a permanent basis, 17 percent of respondents said they could lay off 10 %
of the current state workers [3]. The experts consider that problems caused by COVID 19
pandemic will have far more serious implications than those companies are used to dealing
with, thus, in order to overcome these challenges, companies should adopt an operational

model that accounts for extreme uncertainty.

Thus, in addition to the standard difficulties, startup owners also had to cope with the
consequences of the pandemic. In such conditions, any mistake in the decisions made can
lead to undesirable consequences. Therefore, entrepreneurs were faced with the task of
finding a method with which they could increase the likelihood of making the right decision,

one of such methods is the data-driven decision-making approach.
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3. DATA-DRIVEN DECISION-MAKING APPROACH

The decision-making process may be really confusing. When making decisions, it is
necessary to take into account many factors (which often may not be obvious), and the
consequences of the decisions made can reveal themselves years later, after their adoption.
Each decision-maker has his own approach to how to make these decisions, someone uses
personal experience, someone relies on the reports of reputable consulting agencies, and
someone makes decisions based on their understanding of how a process must be arranged.
These approaches can be used in various fields, but none of them provide assurance that the

decision will actually change the process as originally intended.

In the modern world, information is one of the most valuable resources. Information is
collected during many human interactions with the real world. This is how the idea that
collected information could help in making decisions arose [20]. The data-driven approach
can be applied in different areas to achieve different effects and vary depending on the
specific area, however, the thought behind this approach remains the same - “Data-driven
decision making is the process of making organizational decisions based on actual data rather

than intuition or observations.".

First, it is needed to once again determine what impact the implementation of a data-driven
environment could bring. As already mentioned, decisions can be made on various grounds
(personal experience, observations, etc.) and, with some probability, achieve or not achieve
the goal that was pursued when making the decision. A data-driven decision-making
approach does not guarantee that the decision will accurately achieve the goal, but it

increases the likelihood that the goal will be achieved.

At the same time, the use of this approach does not prohibit the use of personal experience
and expert advice but complements the decision-making process with tools that can be used
to validate whether a given decision is significant and can potentially achieve the goal that

is set for it.
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3.1. Data-driven approach principles

Since the data-driven approach is not a framework, but rather a way of thinking, in general,
there are no fundamentally established principles for it, however, these principles can be
established for each separate area, after analyzing the literature [21-25] with different cases,
the following principles for B2B IT startup could be distinguished:

1.Trust facts, not hypotheses - a data-driven approach implies that a product that is being
developed by an IT startup can only be evaluated using a model that is built on the basis of
the product. Therefore, each hypothesis needs to be tested and supported by data. For
example, the statement “If the marketing budget will be raised by 50 %, it will bring 1000
new users” is a hypothesis, and “after increasing the marketing budget by 50 %, 1000 new
users came to product” is a fact. It is extremely important to draw the right conclusions from
the facts, for example, from the fact of the above, it does not follow that every 50 % increase
in the budget will bring 1000 users. It just means that for some reason, in this case, the
increase in the budget worked. It is necessary to analyze why exactly it worked and what
factors influenced it. This is the main idea of this principle, observed events are facts from
which conclusions can and should be drawn, assumptions about how the market works are

hypotheses that must be supported by facts and experiments.

2.Compare the Comparable - When analyzing data, the task of comparison often arises
(comparing user groups, comparing application versions, comparing markets, etc.), in this
case, the data-driven decision-making approach advises comparing what can be compared
with each other. When analyzing the behavior of a product or users within a product, we
only see the result, which was influenced by many factors. The task of comparison is to
determine how the observed factor has changed the compared objects. In the context of
startup management, it is necessary to clearly understand that compared objects should differ
only in the factor by which they are compared. For example, the task is to evaluate 2 different
versions of an application, while it is known that in the first version mainly users from one
country are represented and in the second version from another country. In this case, the
comparison will be incorrect, since, in addition to the factor of the new application, the factor
of different geography of users also appears. That is, the essence of the principle is that
before making a comparison, it is necessary to make sure that the observed groups differ
from each other only by the factor whose influence we are evaluating. In practice, it is not

always possible to create 2 identical groups, however, it is worth striving to ensure that the
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compared groups are similar in all respects. If the influence of a certain factor on one of the

groups is known, this influence must be removed or minimized.

3.You interact with the product model, not the product itself - the data-driven approach is
characterized by the idea that the team that produces the product does not know how the
product actually works (meaning not the technical aspect, but how product works in the
market). All the conclusions a team can make about a product are based on some product
model that team members form in their heads. For a data-driven environment, this model
must be the same for every team member. At the start, the model is built only on the basis
of the team's theoretical ideas: hypotheses about the value of the product, its distribution
channels and possible ways of monetization. Then the team begins to test them through
experiments, communicate with users, and develop expertise. Learning from the lessons, the
team changes their understanding of the product and, as a result, its model. The basic model
can be the so-called bucket model [15]. At the start, the product is a leaky bucket into which
the product team brings new users (pour water into a bucket), some of these users leave,
because they do not find value for themselves (water is poured out through the holes in a
bucket), and some users remain (water remains in a bucket). Then it is necessary to
constantly clarify this model, how exactly users come to the product, why they leave, why
they stay, how to make sure that as few users leave as possible, etc. all these questions are
necessary in order to understand how the product actually works, and not how it works in

the mind of the creators.

3.2. Data-driven approach process

Based on the principles of the approach, it is possible to build a data-driven management
process. Before creating a startup, the approach advises the same steps as described in the
startup development stages section. It is necessary to conduct market research and formulate
a value hypothesis. Already at this stage, even without creating an MVP, the correctness of
the value hypothesis could be evaluated, for example, using the "Splitmetrics" service, which
allows creating an application page in popular application stores, without creating the
application itself. The approach advises testing any value hypothesis experimentally and
doing so with minimal investment. The main idea is to check that the value hypothesis is
correct and the product will really be in demand while spending the minimum amount of

time and money on this verification.
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After confirming the value hypothesis and creating an MVP based on this hypothesis, the
process of further product development begins, Figure 4 shows the process for IT startups
(this scheme can also vary depending on the specific task, but in general the process will

remain the same).

The first step is to determine what problems the startup has (low download rate compared to
the market, key indicators not achieved, etc.). At the same time, it is necessary to identify
problems constantly, and not only when the startup does not go in accordance with the KPI.

“Problem” - in this case, refers to a part of the startup that can be improved.

STEP 5 STEP 1
Review results Define problem

Data-driven
decision-making

STEP 4 STEP 2
Test hypothesis Analyze data

STEP 3
Develop hypothesis

Figure 4. Data-Driven approach process
In the second step, data on how customers use the application need to be analyzed
(customers, in this case, can be users, business, etc., depending on the market and area in
which the IT startup operates). In order to analyze this data, various metrics are used. Metrics
- the numerical value of some property of the developed software to control the creation
process. In addition to analyzing metrics, this step also includes the analysis of quantitative
and qualitative data obtained during interviews, surveys, and other methods of collecting

information from the end-user.

In the third step, based on the data obtained, it is necessary to develop a hypothesis - some
assumption about your product, put forward to explain any phenomena. The main property
of the hypothesis is that it is not supported by any facts, but is only a certain conclusion from

the analyzed data.
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The fourth step is to test the hypothesis using an experiment. This is done using various
techniques as experiments, A/B testing, user research. Essentially using technique here is
just instrument, using which startup management could understand if initial hypothesis was

right or wrong.

At the last step of the cycle, the results are checked, based on the results of the experiment,
it is necessary to make a decision about the startup. If hypothesis was right new features,
based on this hypothesis should be implemented. The cycle then starts over. In general terms,
a data-driven approach looks like this, before you implement any change, you need to make
sure that it has a fruitful effect on the IT startup.

3.3. Data driven approach methods

This section will describe the techniques that apply to data-driven decision-making. This list
was compiled upon analysis of the current state of affairs and is subject to change over time.
It is also worth noting that this list is typical for IT startups and may vary depending on the

area.

2.3.1 Experiment.

An experiment is a procedure performed to support, disprove, or confirm a hypothesis or
theory. Experiment is the only way to transform hypothesis into a knowledge in a data-driven
approach, any experiment starts with a hypothesis [26]. Then it is needed to determine a
specific way to test the hypothesis, to understand what exactly changes in the product in
order to test the hypothesis, select users, and the moment when they become part of the
experiment. At this point, users are randomly assigned to test and control groups, the fairness
of the experiment ensures random distribution and a similar experience for users who are

assigned to groups.

Next, metrics are defined that will measure the impact of the change. Metrics should always
be predefined. It is necessary to think in advance about the expected effect of the change or

determine the level of effect that the company is interested in.

Knowing the expected effect, the required sample of users could be determined, as well as
time and resources estimation required to conduct the experiment. For example, if it takes
six months to get enough data, and the results of the experiment do not significantly affect

the startup, it may be worth postponing the experiment.

18



At the end of the experiment design, it is necessary to evaluate what decision will be made
based on the experiment results. If the experiment does not significantly affect the future of
an IT startup, there may be no point in conducting it. In general view experiment template

displayed in table 2:

Table 2 - Experiment template

Step Description
Hypothesis What and how shoud be achieved

What will be changed in | How experience of test and control group will look like
product

Test group Which users and then become a part of experiment

Key metrics What should change, how we measure it

Effect What result, do we expect

Action plan Depending of result if If event A has occurred, do B, if event

C has occurred, do D

2.3.2 Working with data
The data-driven approach is characterized by careful work with data. Since data is the
primary source of product knowledge, the data itself must be carefully cleaned and the
sources must be known. Data cleansing deals with the detection and removal of errors and
data inconsistencies in order to improve data quality [27]. The data cleansing approach must
satisfy several requirements. First of all, it must detect and eliminate all major errors and
inconsistencies both in individual data sources and when integrating multiple sources. The
approach should be supported by tools, constraining and extensible to easily cover additional
sources. The factors that reduce data quality and require cleaning are:

1. Inconsistency

2. Missing values

3. Duplicates

4. Outliers and abnormal values

5. Data entry errors

Cleaning can be performed both at the time of loading data into the storage and within the

analytics system.
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2.3.3 Statistical approach

A statistical approach is required to ensure that results of the experiment wasn’t just accident
[28,29]. All results obtained in the experiment should be statistically significant. Statistically
significant is an estimated measure of confidence that a result is not random. The result can
be the difference in the distribution of two samples, the degree of difference or closeness of
some statistical distribution from the normal, the value of the regression coefficients that
makes the model "useful”, and so on. Any result can be valid, i.e. really reflect the patterns
of the problem under study or be the result of the influence of random factors, errors, etc.
Therefore, to evaluate the results, statistical criteria are used that allow to assess the
likelihood that the results are random. Results are considered statistically significant if the
probability of their accidental occurrence does not exceed some generally accepted level. In
many cases, this level is taken as 5 % (or less) of the probability of an accidental result. This
means that if a given study will be repeated 100 times, then the random occurrence of the

results would be expected in less than 5 cases.

In addition to statistical significance in individual cases, it is also important to use other
statistical tools, remember to evaluate the sample, the distribution of this sample, and
calculate anomalies. A statistical approach is important in order not to make mistakes in the
conclusions, for example, if estimating the conversion from site visit to registration in two
groups, with 1000 users in one group, and 10 users in the other group, the results of such a
check are likely to be statistically insignificant. since it is cannot be said for sure how a group

of 10 users will behave if it is expanded to 1000 users.

Therefore, it is necessary to use the confidence interval, sample size, mean and sample
variance, and other statistical tools to evaluate the results obtained and check their reliability.

2.3.4 User research

In order to create a product for users, it is needed to know users. This could be achieved
using various user research techniques [30]. User research helps understand the behavior,
needs, and motivations of those for whom products are created. The type of research depends
on many parameters, such as type of application, market, market size, etc. In each case, it is
necessary to separately draw up a user research plan. To obtain information about what users

want, the following user research methods are characteristic of B2B startups:
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Table 3 - User research methods

Method

Description

Contextual interview

In such interviews, how the user uses the application in everyday life is
observed. These are usually informal interviews that lack a pre-written list
of questions. The main task of such an interview is to understand exactly
how the user works with the application, where the user has difficulties, and
how he or she copes with them.

Individual interview

Individual interviews with the user, which allow to understand the
motivation of the user, the real reasons for certain actions, or to reveal deep
problems. For such interviews, a list of questions is drawn up in advance.
When compiling a list, it is important to remember that questions should be
open-ended (yes / no questions may not give useful information), as well as
about the so-called social desirability bias [31] - people most often tend to
give answers that are expected from them, rather than answers that

correspond to reality.

Surveys

Questionnaires include several questions with predefined answers or open-
ended questions. Used to obtain quantitative data on interesting issues. With
the help of such questionnaires, it could understand which user segments
are present in the application and how often users use a particular function
of the application.

User personas

Creation of a reference user based on available data and interviews. This
profile of the user will reflect the main motivation of their segment, what
pains this segment has, and how the user is configured to interact with the
application. In each individual case, each person has their own motivation,

but this tool allows to generally look at the average portrait of the user.

Customer journey
map

This is the story of the client's interaction with the startup from the moment
of realizing the need for repeated communication. It is compiled on behalf
of the user, taking into account their goals, feelings, emotions, fears, values.
This tool allows understanding who the target audience of the startup is and

why this audience remains or leaves for competitors.
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User segmentation

Dividing users into groups depending on their characteristics (for example,
a month of registration, age, region, device, etc.). Segmentation can be used
for many tasks: assessing user behavior, assessing the contribution of some
users to the overall picture, etc. This approach allows making a more

customer-oriented product. In some cases, the customer segment may be

referred to as a cohort.

This is not a complete list, there are many more tools, the most commonly used tools are
presented here, but for each startup, it is needed to separately understand and choose which

tools will bring the greatest benefit.

This chapter gives a general view of the basic principles of the processes and methods used
in the data-driven decision-making approach. The approach can be applied not only in
startups but also in many other areas, for example, in education [32], manufacturing [33], or
in large corporations [34]. The approach does not provide a ready-to-use guide but simply
shows how decisions need to be made. Using this approach does not negate the use of other
methodologies or frameworks, but only complements, making it possible to increase the
likelihood that the consequences of decisions made will be exactly as they were originally

intended.

After describing the essence of the approach, it is necessary to understand exactly how the
principles, processes, and methods of the approach are implemented in the B2B startups. In
the next chapter, we will look at metrics that can be used to track exactly how a startup is

performing.

3.4. An overview of metrics for b2b apps startup

Metrics - the numerical value of a measured indicator. For each startup, depending on the
desired goals, its own set of metrics should be chosen. There are many different
classifications of metrics and their meanings, in any case, the main idea of any metric is to

provide information about exactly how a certain process takes place inside a startup [35].

This chapter will look at metrics suitable for a B2B startup that builds an application, and
suggest different classifications depending on the purpose of the metric. Since the data-

driven approach assumes that the developer is not interacting with the product itself, but with
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its model, a way is needed with which the operation of this model can be refined. Each
change in certain metrics allows to understand what exactly happened in the product, and
then the management needs to find an explanation why this or that metric has changed, and
what needs to be done to save or change this change. In fact, metrics are the language through
which the product communicates information to its owner, so it is extremely important to
choose those metrics that will answer the questions posed, and not just display unnecessary
data. First, consider the general properties of metrics, the so-called growth metrics and

product metrics [15].

2.4.1 Growth metrics and product metrics
Most metrics can be divided into 2 types: product metrics and growth metrics. Product
metrics characterize the product itself, and show how well it performs its task. Growth
metrics show the current state of the business. To understand these concepts, draw the
following analogy. A startup is a black box that turns one resource into another resource (in
this case, a startup turns customers into money), how well a startup turns customers into
money is a product metric, and how much money leaves the startup and how many users it
includes - growth metrics. Both growth metrics and product metrics are important for a
startup, as growth metrics answer such general questions as:

1. Are incomes rising or falling?

2. What is the monthly audience of the product?

3. Amount of receipts created by establishments per month?

And product metrics allow to evaluate the product itself and answer questions such as:
1. How much money does each new user bring?
2. What percentage of registered users pay for a subscription?

3. How many solutions does one user use on average?

This classification is important because building a startup only on growth metrics could hide
the fundamental deterioration of the startup. In essence, growth metrics are a function of the
number of users and product metrics. For example, a metric such as LTV (Life time value)
multiplied by the number of paying users allows determining total revenue over time.
However, if LTV starts to fall and the number of users grows (for example due to marketing
investments), tracking only revenue will not reflect this situation, and when the number of
users stops growing, the startup management will see a sharp drop in revenue, although it
was possible to predict this fall and take some action much earlier.
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The opposite situation can occur if startup management focuses only on product metrics.
The product can show excellent conversions and LTV, but the number of users can be very
low, and therefore the profit will also be very low (this situation is possible when a very
good product is created, but no distribution channel is found through which the value of the
product will reach users). Therefore, when compiling a list of metrics, it is necessary to
understand what type the metric belongs to and what the change in this metric indicates.

Most often, product metrics are relative and growth metrics are absolute. Not all metrics can
be assigned to one or another group, but it is necessary to clearly understand at what point
the metrics of growth are used, and at what point the metrics of the product. Next, the

classification of metrics will be created.

2.4.2 Metrics classification
To create consistency, classify the metrics. It should be noted that this classification is not
fundamental, and was created on the basis of an analysis of various literature and cases
[15,20-25]. So, metrics can be divided into 4 groups:
1. Behavioral - metrics that characterize the general behavior of users within the
product
2. Finance - metrics that somehow reflect the financial flows of a startup
3. Feature-based - metrics created to track specific functionality within a product.
4. Custom - other metrics that cannot be assigned to any of the above groups.

Consider examples of each of the groups starting with behavioral metrics. As already
mentioned, such metrics reflect user behavior within the product. Consider the main metrics

that belong to this category.

2.4.3 Conversion

Conversion (or conversion rate) - the ratio of users who performed the target action to the
total number of users in the group. Conversion refers to product metrics, that is, it shows
how well the product performs its task, regardless of how many users were attracted to the
product. Conversions can be used to build the so-called conversion funnel - the change in

conversions when going through all stages of the process.

For example, in a conditional startup that creates a messenger, one of the targeted actions is
to send a message. At the same time, the management knows that the conversion from

registration to sending a message is 35 %. It's just that it's difficult to draw any conclusions
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from this fact as to why the conversion is exactly like this. However, it is possible to compose
a conversion funnel (fig.5) of the entire onboarding process - the period of acquaintance with
the product and its main functions, in this case, onboarding is the registration of a user and
sending the first message, since sending a message is the main function of the messenger.
The main losses of users occur at the stages of providing access to contacts (17 pp) and at
the stage of uploading a profile photo (30 pp).

Conversion rate (cnmpare to registration step}

94%

Conversion T

Registartion Enter Allow access  Allow push

Nickname  tocontacts notifications profile photo
Figure 5. Example of conversion funnel

At the same time, without access to contacts, the application will not be able to perform its
main function, and without downloading a profile photo, it will be able to. In this case, the
management can experimentally check how much the conversion will change if the photo
upload stage is removed. Thus, the conversion helps not only to understand how the product
works, but also explains why something is happening in the product in a certain way. For
each individual case, it is necessary to determine what is the target action of the group and

what is the general action of the group.

Based on the conversion, various marketing indicators are built, for example, CTR -click
through rate, in fact, it is a conversion from showing an advertising banner to clicking on an
advertising banner. In any situation in which there is some sequence of actions, the
conversion helps to understand exactly how users go through this the sequence of actions,
the metrics themselves can be called differently, but the meaning will always come down to
conversion. Based on this indicator, the startup management can build hypotheses about how
the product works and test them.
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2.4.4 Retention rate

This metric shows how new users come back to the application. There are 2 methods for
calculating this metric, rolling retention and n-day retention [36]. The difference between
these methods is shown in Table 4. In this case and hereinafter, the term app means any

startup product (website, service, application, etc.).

Table 4 - Retention counting method

N-day retention Rolling retention
Number of users who open the app | Number of users whose last day
the Nth day after day 0 of activity is on or past day N
Number of users who first Number of users who first
used the app on day 0 used the app on day 0

In fact, n-day retention is a special case of conversion (conversion from users who opened
the application on day 0 to users who opened the application on day N). The main difference
is that when calculating n-day retention on every day N, only users who opened the
application on day N are taken into account, and in rolling retention if a user arrives on day
N, it is counted on all days up to day N. Specifics of rolling retention lies in the fact that it
is constantly changing (for example, if a user entered the 90th day, he will raise the retention
rate of all previous days). For the vast majority of tasks and products, N-day Retention is
better suited than Rolling Retention, but there are rare cases when Rolling Retention is more
convenient. It is usually used for products that involve a fairly rare use (for example, booking
hotels or buying equipment).At the same time, depending on the specifics of the startup, the
granularity may change (retention is calculated not by day, but by hours, weeks, months,

quarters, etc.).

It is also necessary to figure out what 0 and N day mean. These metrics are not associated
with specific dates. 0 day means that on this day the user launched the application for the
first time, and the subsequent retention is calculated for this particular user. For simplicity's,
create an example: Consider user A and user B. User A first launched the application on
April 1, then launched it on April 2, April 5, and April 7. User B first launched the app on
April 5th and then launched it on April 6th, 7th, 8th, and 10th. Table 5 lists the specific days
that users logged into the app. That is, for user A, day O (the day the application was first
launched) is April 1, and for user B, April 5. For example, April 7th is the 6th day of
interaction with the application for user A (user A opened the application 6 days after the
first opening), and for user B it is the 2nd day. Despite the fact that a specific date is the
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same, for different users this date is different in a row of days of interaction with the

application.
Table 5 - Retention rate calculation example 1
Day of launch
Oday |lday |2day |3day |4day 5 day 6 day
User A | 1 April | 2 April 5 April 7 April
User B | 5 April | 6 April | 7 April | 8 April 10 April

Using this table, it is possible to demonstrate exactly how the retention rate is measured, add
3 more users, C, D and E to table 4. To simplify the table, short date format will be used,

result shown in table 6.

Table 6 - Retention rate calculation example 2

Day of launch
Oday |lday |2day |3day |4day |5day 6 day
User A | 01.04 | 02.04 05.04 07.04
User B | 05.04 | 06.04 | 07.04 | 08.04 10.04
User C | 10.04 12.04 | 13.04 15.04
User D | 15.04 17.04 19.04
User E | 28.04 | 29.04 01.05

In order to get retention on the 1st day, it is needed to calculate how many users launched
the application on the 1st day after the first launch and divide this number by the total number
of users. In this case, the retention of the 1st day is 3/5 = 0.6 or 60 %. It doesn't matter that
the specific launch dates on the first day were different for different users, the main thing is
that these dates were the launch of the application 1 day after the first launch. Also, based
on table 6, it is possible can clearly show the difference between rolling retention and n-day
retention calculation. To do this, calculate the retention rate of each day in both ways and
display it on the graph (fig.6). Calculating the retention rate of the 4th day, is equal to 40 %
(2/5 = 0.4), since out of all 5 users on the 4th day, only two users (A and D) opened the
application, but rolling retention of the 4th day is 80 %, since users B and C opened the
application on the 5th day after the first opening and also got into the calculation of the 4th
day (4/5 = 0.8).
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Retention rate counting
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N-day retention Rolling retention
Figure 6 Retention rate methods counting comparison

In reality, there are usually many more users, but the counting method remains the same.

The total number of users depends on the selected time period, for example, if calculating

the retention rate for 1 month, then the total number of users will be equal to all users who

first launched the application during this month. Consider user E from Table 6, despite the

fact that he mainly opened the application in May, the first launch was on April 30th, so this

user will fall into the segment of users for whom the retention rate for April is calculated.

There is also one more feature of the retention rate calculation - time windows. It is necessary
to understand when for the user day N-1 ends and day N comes. For this, 2 different methods
of calculating "the 24-hour window" and the "strict calendar day" are used. When calculated
based on 24-hour window, retention for each user will be calculated based on individual time
intervals. Day 0 of a specific user starts from the first start and ends 24 hours later, day 1
starts 24 hours after the first start and ends after 48 hours, etc. When calculated based on the
strict calendar day, the user's day ends at the same time the calendar day ends. At first glance,
the difference between these methods is insignificant but consider the following example:
100 users first entered the application at 23.50 on April 13, and then at 00.10 on April 14. If
the calculation is made using calendar dates, then all 100 users will be counted in the 1-day
retention rate, but when calculating based on the 24-hour window, such users will still only
be counted in the 0-day retention rate. Calculation based on the 24-hour window gives a
more honest answer, but this method of calculation will take more time, since the final value
of the metric on day N can be obtained only after 2 calendar days (48 hours from the moment

the last user arrived on day N). The date-based value for day N will be available the next
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day. If, when starting a startup, management focuses on market benchmarks, it is necessary
to clearly understand how the retention rate is calculated in a startup, and how it is calculated

in a benchmark.

Such a detailed explanation of the retention rate is necessary, since, in fact, this metric is one
of the most important for startups. Using this metric, it is possible to determine if the value
hypothesis on which the product is based is correct. For example, if the retention rate by 14
days becomes 0, this means that after 2 weeks of use, users do not find anything of value in
your product and leave it. In this case, it makes no sense to spend money on marketing and
further product development, since the product still cannot interest the user. On the other
hand, if the retention rate is high enough, it means that the product retains the users and
brings them some value. In this case, company can start scaling the product. Like conversion,

retention refers to product metrics

2.4.5 Active users

This metric calculates the number of unique active users for a certain period. For example,
DAU (Daily active users) counts the number of unique users who launched the application
at least once a day, and MAU (monthly active users) calculates the number of unique users
who launched the application at least once a month. These metrics also include average
indicators, for example, the average daily audience - the arithmetic average of the daily
audience for a certain period. These metrics refer to growth metrics and depend on the
number of users who come to the application. For example, the MAU may be 10,000, and
all those 10,000 launched the application in 1 day and never opened it again. In this case, the
DAU of this day will be 10,000, and 0 on all other days. The average DAU will be 333
(10000/30 = 333). The ratio of the average DAU to MAU shows the regularity of the use of
the product, the closer this ratio is to 1, the more regularly the product is used, if this ratio is
closer to 1/30, this means that the product is used no more than once a month. Activity
metrics help to quickly assess how many users are using a product. Based on this

information, as well as other metrics, startup management can draw advisory conclusions.

2.4.6 Churn rate
Customer churn indicator is the percentage of startup users who stop being users within a

certain period, this indicator in general is calculated by the formula [37]:

Cl + C3 - CZ
Churn rate = B — * 100 % (D
1
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Where:
C1 —amount of users at the beginning of the period
C> —amount of users at the end of the period

Cz —amount of new users for the period

In each case, the formula can change, but the general meaning remains the same - to calculate
how many users have stopped using the product for a certain period. Startup management
also needs to understand what it means to "stop being a user”, it can be unsubscribing,
unsubscribing from email newsletters, or stopping the launch of an application. Churn rate
is important for a startup, as the potential target market is not endless, and the more users
have already tried the product and abandoned it, the more difficult and expensive it will be

to attract new users.

The most popular behavioral metrics were indicated here, but the list can also be
supplemented and modified depending on a particular startup. Next, consider a list of the
main financial metrics. Financial metrics take into account all the cash flows that a startup
has. it is difficult to distinguish such metrics separately since many metrics for their
calculation require the calculation of other metrics. Therefore, start with the main financial
metric Lifetime value, during the calculation of which other possible financial metrics will

be considered.

Lifetime value (LTV) is the total value that the user will bring over the entire period of using
the product [35]. Using this metric, it is possible to predict the future earnings of a startup.
There are many formulas for calculating LTV, depending on the business model and the area
in which the startup operates. In general terms, LTV is calculated using the following
formula:

LTV = ARPU * AUL (2)
Where:
ARPU — average revenue per user
AUL — average user lifetime

However, this formula can be modified depending on specific needs and available data. At
the same time, the calculation of ARPU and AUL indicators can also vary depending on the
specific business model and market. Therefore, to begin with, consider the situations in
which LTV is used. To begin with, consider a situation in which it is needed to understand

how much value one user brought during their use in the past. This requires historical data
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and, in this case, LTV is calculated using the formula:

LTV = TR 3
=0 3)
Where:
TR — total revenue per period

CQ — customer quantity per period

Also, historical LTV can be calculated using the churn rate, for this, it is needed to divide
the average income from the client by the churn rate. The advantage of historical LTV is that
it is easy to calculate, but this approach only works if customers have similar preferences

and remain in the product for the same period.

For modeling customer behavior, a predictive approach to calculating LTV can be used.
There are many different ways to calculate predictive LTV, take a look at the most suitable
for a B2B application. The calculation formula for a certain period, in this case, looks like
this:

T « AOV = AGM * ALT
LTV = ) 4)

Where:

T- average amount of transactions
AOQV - average order value

AGM — average gross margin
ALT — average lifetime

CQ — customer quantity

Consider each of the indicators. Starting with the average amount of transactions. A
transaction is any in-app purchase; it can be a payment for a subscription, product or service.

The average number of transactions is calculated using the formula:

T = or 5
== 5)
Where:

OT — total transactions amount

P — period

Knowing the average number of transactions, it is possible to calculate the average order

value, this indicator displays how much was spent on average in one transaction and is
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calculated using the formula:

TR
AOV = — (6)

Where:

TR — total revenue

Next, it is needed to calculate the average gross margin (AGM), which shows how much of
each sale is the actual profit, and how much is the cost. This indicator is expressed as a

percentage, the formula for this indicator is:

AGM = %100 (7)

(TR — CS)
Where
TR — total revenue

CS — cost price

The last indicator that needs to be calculated is the average lifetime (ALT), this indicator
displays how much, on average, one user uses the application. Calculate this indicator, using
churn rate (formula 1), while the churn rate must be calculated for the same period for which
the LTV is calculated, and then calculate the indicator using the formula:
ALT = ! 8
~ Churnrate ®
The formula for predictive LTV (formula 4) takes into account more factors than the formula
for historical LTV (formula 3). However, it should be borne in mind that this formula can
also be misleading since it is only a forecast. For a more accurate result, the calculation

should be adjusted according to the industry and business model. All indicators (metrics)

mentioned in the formulas, if necessary, can be used as separate metrics.

This section did not consider such metrics as inner rate of return (IRR), return of investment
(ROI), net present value (NPV), etc., since these metrics mainly serve to determine the
investment attractiveness of a project, and not only depend on how well the product does its
job, but these metrics can also be tracked if needed. Another source of financial metrics can
be unit economics - a modeling method that helps to determine the profitability of a business
by calculating the profitability of one business unit (this can be a product, a client, etc.). the

previously discussed LTV metric also applies to the unit economy.
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The unit economy also has many different metrics, and the calculation of these metrics varies
depending on the type and business model of the business. The point of calculating the unit
economy is to understand how much money is spent on attracting one client and how much
this client ultimately brings in money. The amount of money that a user brings is the LTV
metric already discussed earlier; the client acquisition cost (CAC) metric is used to calculate
the cost of acquisition. This metric does not have a strict calculation formula and includes
various costs of attracting a user (marketing expenses, salesperson’s salary, expenses for

conducting promotions, etc.).

At the stage of a large campaign, when all such expenses are taken into account in advance
and included in the budget, it is better to use the “standard” metrics of NPV, ROI, etc.
However, for startups, it is extremely important to control all costs, since startups are usually
created with the money of investors, so the unit economy approach allows to determine in
advance how much at what price and with what conversion it is necessary to attract users in

order for a startup to achieve the desired level of profitability.

It is extremely difficult to list all the financial metrics, since it has already been said that
each startup must be considered separately. The main task of such metrics is to give the
startup management a clear picture of how the financial flows within the startup are arranged
and based on this task, each startup leader should choose specific metrics and how they are

calculated.

Now consider feature-based metrics group. Such metrics track the status of not the entire
product, but some specific functionality within the product. This can be tracking the
frequency of use of the functionality, and the time of use of the functionality, and any other
measurements of functionality. Based on such metrics, behavioral and financial metrics can
also be calculated. For example, if a startup operates on a subscription model, then tracking
the number of payments for subscriptions will also allow estimating income. Also, such
metrics are used in the construction of user scenarios - a visual schematic construction of
how the user solves his problem using the product. The conversion example in Figure 5 is
also based on the onboarding scenario. Startup management cannot record the screens of all
users and track their reactions at the time of using the product, however, using user scenarios,
it is possible to draw up behavioral patterns of users, and based on this information, draw
conclusions about how and why users use the product. A special case of user scenario is the

use case of a diagram in UML notation. Such diagrams allow to model user behavior within
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the product, to understand what steps the user takes depending on the goal he wants to

achieve.

Feature metrics help in building use case diagrams since with their help the creator of the
diagram can evaluate what actions the user performs and display them using the diagram, or
vice versa, check that the steps described in the diagram correspond to reality and the user

actually interacts with the product in the same way. as described in the diagram.

The last group of metrics is custom metrics. These metrics cannot be attributed to any of the
above groups, since they are specific to each individual startup or task.

It must be remembered that metrics is just a tool to track what happens to the product.
Tracking metrics alone is not enough to effectively manage a startup. It is necessary to
clearly understand what this or that metric means, the reasons why it may change, and what

to do in case of this or that change.

3.5.  Anoverview of the technologies used for data-driven analytics
In order to track metrics and draw conclusions based on them, the startup management needs

technologies with which this tracking can be implemented. For this, Bl systems can be used
- a set of tools and technologies for collecting analysis and processing data. Figure 7 shows

the general concept of BI systems [38]:

ETL Data Analytical Data
processes warehouse model visualization

_ @#@#Qg@#

Figure 7 Business intelligence platform concept

Data sources

Consider the main components of the system in the context of a startup developing an
application in the B2B market:

1. Data sourses: Data sources can be different. For the application, the data source
is the application itself, as well as sources such as CRM systems, marketing
analytics systems and other systems that are integrated into the application and
store data.

2. ETL processes: ETL is stand for Extract-Transform-Load. This term refers to the

process of loading data from a source into a data warehouse from various data
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sources.

3. Data warehouse: the final database that stores all the necessary information for
further analysis.

4. Analytical model: a data model generated in a Bl system, thanks to this model,
the system understands how different data relate to each other.

5. Data visualization: transforming data from a set of values into human-readable

tables and graphs.

Such systems can be used to track metrics. Because in order to draw conclusions from the
data, firstly data should be somehow visualized. Currently there are many systems on the

market that belong to the BI class. Figure 8 shows the ‘magic’ Gartner quadrant for 2021:
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Figure 8. Magic quadrant for analytics and Business Intelligence platforms
The Gartner Quadrant allows to graphically display the situation on the market and evaluate
the capabilities of products and their manufacturers. The quadrant is divided into 4 sectors:
challengers, leaders, niches players, visionaries. The horizontal axis indicates the degree of
completeness of the vision of the company’s business environment through the
implementation of the Bl system. Vertical displays the metric "ability to implement” in a
particular business environment of the company [39]. Analyzing the Gartner, we can draw

the following conclusions:
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1. As of February 2021, the market leaders are Microsoft (power Bl), Tableau and
Qlik.

2. Domo, MicroStrategy and Looker are common in the market, however,
according to Gartner, they do not have a clear strategy for the further
development of the platform.

3. TIBCO software, ToughtSpot, Oracle, SAP and SAS understand what the market
needs, but are not widely used.

4. IBM, AWS and Alibaba cloud are niche players with a focus on a specific area.

The choice of a specific Bl system depends on the purpose for which it is being implemented.
In a data-driven decision-making approach, one such goal is to track metrics and change
them. But also, Bl systems can serve other purposes. Since the product is in the center, first
it is needed to understand what data and how should be visualized, and then determine which
of the visualization and analytics systems is best suited. Also, in addition to Bl systems,
platforms for analytics of mobile applications can be used. They are a subset of Bl systems
and essentially perform the same function - data visualization. However, such platforms have

a number of peculiarities associated with their use in mobile applications.

When choosing an analytics system, firstly draw up a list of tasks that will be solved with its
help. Systems and tasks can be divided into the following types:
1. Marketing analytics systems - tracking traffic sources, calculating the cost of
acquisition.
2. Product analytics systems - analysis of user behavior in the product and the
impact of product changes on the user.
3. Advanced data analysis systems - deep product analytics and predictive model
building.
4. Monitoring systems - tracking the main indicators of the product at different

levels of functioning.

Take a closer look at each of these types below:

2.5.1 Marketing analytics system
Marketing requires tracking traffic and understanding how it flows through the acquisition
funnel. Tasks that are solved using marketing systems:

1. Determination of traffic source, registrations, installations and clients.

2. Customer Acquisition Cost Calculation (CAC).
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3. Calculating the return of funds from the marketing budget.

Marketing analytics tools for web services and mobile apps are different. Start by looking at
tools for web services analytics. The main tasks for web services analytics are solved using
end-to-end analytics. End-to-end analytics - combines data on all touchpoints with a client
(from clicking on an advertising banner to paying for an order) and shows the profitability
of marketing channels, taking into account sales, and not just requests. End-to-end analytics
tools work on the following principle:
1. Uploading cost data from advertising systems (Google ads, Yandex Direct,
Facebook Ads, etc.).
2. Uploading data on targeted actions (registration, payment for orders, etc.) from
a database or from a CRM system.
3. Consolidation of information on any common parameter in a single database.

4. Creation of the necessary reports based on the received data.
End-to-end analytics services include services such as Roistat, Rick.ai, Owox Bl, etc.

In addition to ready-made solutions, startup management could also assemble their own,

since the principle of operation for all end-to-end analytics services is approximately similar.

Next, services for marketing analytics of mobile applications will be analyzed. The main
difference between such services is that in applications, between the user's click on the
advertisement and the installation of the application, there is an intermediary - an application

store. In this step, information about the traffic source is lost.

To solve the problem of determining the source of traffic for new users of mobile
applications, they use special systems for analytics and attribution of mobile traffic, such as
AppsFlyer, Adjust, Brunch.io. The task of determining the traffic source in mobile
applications is more difficult than in web services. In a simplified form, application analytics
services work as follows [40]:
1. An advertising link is created in the analytics system interface, which is then
inserted into the advertising banner.
2. When a user clicks on a link, he initially goes to the analytics system's redirect
service, and only then to the app store. For the user, this happens seamlessly, that
is, it looks like a simple transition to the application store, but at this stage, the

analytics system stores information about the user and the source of his traffic.
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3. The user installs the application and launches it, at this moment the pre-integrated
function sends an installation event to the analytics system server with
information about the user.

4. The system finds a match between those who went through the redirect service
and information about the new user and determines the traffic source.

5. The system also receives data on the costs of advertising campaigns from
advertising systems.

6. The system links data about ad clicks, app installs, costs and revenues from in-

app purchases.

Thus, application marketing analytics systems allow to determine from which traffic source
the user came to the application, and then, based on this information, determine which
marketing channel is the most effective in terms of investment per paying user. Startup
management needs to know exactly how a particular system works in order to integrate the
necessary functions into a startup in advance, as well as understand how certain data is

generated.

2.5.2 Product analysis systems
Product analysis systems help the product team to solve such problems as:
1. Search for obstacles on the way of the user to the solution of the problem in the
product.
2. Evaluation of the popularity of various product functionality.
3. Measuring the effects of changes made.

4. Evaluation of experimental results.

Such systems allow to automatically build a sequence of user actions, calculate the retention
rate, and other necessary metrics for product analysis. These systems include Amplitude,
Mixpanel, Woopra, Heap Analytics, and other systems. Typically, such systems are
integrated into the product using the SDK - software development kit. An SDK is a
development kit that allows software engineers to create applications for a specific software
package, software underlying development tools, hardware platform, computer system,
game consoles, operating systems, and other platforms [41]. To simplify this definition, the
SDK is a package of libraries so that the client can easily and quickly get started with a

particular system.
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2.5.3 Advanced analytics systems

Such systems are necessary for deeper analytics tasks:
1. Creation of custom reports.
2. Finding the correlation between actions in the product.
3. Building predictive models.

To solve such problems, Bl systems are required, as well as knowledge of programming
languages. The most popular programming languages for solving analytical problems are
Python and R [42]. The decision of how the advanced analytics system should be arranged
should be made by the management of the startup, depending on the area, business model,

convenience and other factors, which are also determined in each case.

2.5.4 Monitoring system
Such systems solve the problem of monitoring the main metrics of a startup. As a monitoring
system, both the systems mentioned above and any other systems can be used, depending on

the decisions of the startup management.

In this section, an overview of the tasks that are solved using analytics systems was made,

as well as examples of systems that can solve such tasks.

Thus, based on the information from the chapter "Data-driven decision-making approach™”,
outline a general approach to managing a startup. First, it is needed to define a hypothesis
for the value of the product. Build a product model based on the value hypothesis. Then,
through experimentation, the product model is continually refined. Experimental results are
tracked using a variety of metrics that are visualized using a variety of technologies. The
next section discusses the practical application of the data-driven management approach.
This requires:

1. Select and analyze a startup.

2. Create an environment where data-driven decisions can be made.

3. Start making data-driven decisions.
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4. ANALYZED STARTUP DESCRIPTION

This master thesis will consider the Russian startup "Restik™. The startup operates in the B2B
market and offers ready-made solutions for automating the restaurant business. Also, since
“Restik” could be also used by different types of leisure facilities such as time cafes, hookah
bar, and other leisure facilities, which couldn't be strictly named as 'café', further term

"establishment" for any type of café, which uses Restik, will be used.

The startup was launched in 2018. In this year, 54 federal law began to be changed in Russia.
One of the points of the change was the requirement for all catering establishments,
according to which, for any calculations, they must not only print a fiscal receipt but also
send an electronic version of the receipt. Initially, the startup focused on small
establishments that, since the law came into force, in addition to a fiscal receipt printer,
needed a way to send electronic receipts The value- hypothesis was that a simple solution
that automates this process would be in demand in the market. Experimentally, no one

confirmed this hypothesis, only a market survey was carried out.

The startup offers 3 automated solutions for the restaurant business. Consider what was

implemented in each of these solutions:

POS system: Point of sale (POS) system, consist of 2 components: web version and
application version. Using web version manager could manage all cafe information and get
statistics about working flow. The application will allow waiters to create orders on the
device and automatically send them to the kitchen. Restik will also allow them to control
product inventory and automate purchases. This application does not require the purchase of
additional equipment and, unlike expensive market solutions, will allow cafes, regardless of
size, to automate work processes at a low cost. In addition, the POS system has a built-in
ability to create loyalty programs. For each visitor of the establishment, it allows to create

own profile, and use various discounts and promotional codes for this visitor.

Delivery site: This system allows the owner of the establishment to create a ready-made
online storefront for accepting online orders. With the help of the showcase, the visitor can
select the necessary items, the delivery method, and also the payment method. The order can
be sent to the web application, telegram bot, or by email, depending on the preference of the
institution. Depending on the availability of the item, an owner can change the menu that the

visitor sees. This solution also allows creating loyalty programs and promotions.
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E-menu: This function allows the owner of the establishment to create an online menu with
access by a link or QR code, the visitor of the establishment can use this menu, as well as
the standard "paper” menu, the online payment function is absent in this solution, however,
when the module "delivery site” is also connected, such a function appears. The owner of
the establishment, just like on the delivery site, can change the menu depending on the
available items. If the establishment already has any other module connected, the menu can

be generated automatically.

Initially, the startup implemented only the POS system function, however, due to the
COVID-19 pandemic in early 2020, the restaurant solutions market has rapidly changed, and
business owners have a need to quickly change the familiar model. In the wake of this, the

startup also had to change.

At the beginning of 2020, the number of customers dropped sharply, some establishments
went bankrupt due to the lockdown introduced in the Russian Federation, and ceased to be
Restik clients, other establishments no longer needed a POS system, as they began to work

in delivery mode or “take-away”.

The management of the startup made a decision to change the current business model to
meet the rapidly changing market conditions. A review of existing solutions for managing
startups was made and the choice fell on data driven decision making. To implement this
approach, management began to move towards creating an environment within which these

principles could be implemented.

4.1. Current service and technologies schema

To create an environment for data-driven management, it needs to understand the internal
scheme of Restik services, what data is already collected inside the startup. The scheme of
Restik services is shown in Figure 9. There are only 3 entities that can interact with Restik:
terminal (works only with devices on 10S), administrator's web application (admin), and
users of the delivery site or electronic menu (clients). Restik uses both its own written

services and third-party services integrated into the system.
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Figure 9. Restik services schema

The purpose of each of the services:

Table 7 - Services description

Service

Purpose

Frontend

The client side of the Restik Ul with which the admin and client interact. Includes
a marketing site with a description of the Restik features, a web application for the

admin, an online showcase for the delivery site and an electronic menu.

Backend

Restik hardware and software part, which is responsible for the functioning of the
internal part of the frontend and providing access to the database for the terminal.
Implements such functions as creating a menu, creating a receipt, creating a
warehouse, subscription management, management of loyalty programs, analytics

and other functions provided to users of various Restik solutions

Database

The repository of all Restik data, including information about all payments by

Restik users and payments by clients of institutions.

Sync service

A service that synchronizes data in a database, this service is needed because restik
uses several DBMSs that need to be synchronized with each other (more about

why this is needed in the section with a description of the technologies used)
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Payment This service determines the status of a subscription using a database query. If the

checker subscription is active, the service provides access to the function of creating new

proxy
receipts. If the subscription has expired, the owner of the establishment can still
see the analytics for past orders, add new items to the menu and change the
warehouse, however, to create new receipts, establisment need to pay for a
subscription.

Orders The service provides the necessary information to the telegram bot, with the help

telegram bot of which the owner of the establishment can find out about the orders received

through the delivery site.

Payment With the help of this service, information is transmitted to the backend that this or

listener that client has paid for the subscription. More about the purpose of this service

Subscription | The service manages subscriptions, automatically charges money for a
management - . . . —
servicge subscription, and also stores information about when a particular client's

subscription expires.

Since the purpose of some services is not obvious, it is necessary to consider the services at the level
of the technologies used in order to understand the reasons for the appearance of a particular service,

taking into account the technologies and frameworks used, the Restik scheme shown on figure 10:

Database
=]
Couchbase u
Luite]
Couchbase
7 Payment checker
Terminal proxy \

[ ] n d ¢ Sync service
| nede
Web application Backend Database
— | NEXT. nede
A Vercel PostgraSOL
" Orders telegram bot
Client Marketing site Payment listener
_ | ® Gatsby Tele;gram n d ¢
—— | A Vercel
Subscription Subscription payment
management service service

g chargify ‘Cloud' Payments

Figure 10.Technology usage schema
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Consider the purpose of each of the technologies:

Table 8 - Technologies description

Technology

Purpose

Node JS

An open source, cross-platform JavaScript runtime that runs JavaScript outside of the

browser.

Next JS

Open JavaScript framework built on top of React js, which allows to render a page
on the server side, due to this, the page processing speed increases, as the load on the

user's device is reduced.

Gatsby

A static site generator that makes fast web pages. Gatsby is written in React and is
part of the framework of this library. That is, in fact, Gatsby is a React framework
with which can quickly build and publish a React application.

Vercel

Web hosting that supports geo-load distribution and automatically conducts load
testing, so Restik developers do not need to independently check each new build for
load.

Telegram

Messenger with the ability to create chat bots. With the help of such chat bots, the
owners of the establishment can receive all the necessary information in the

messenger.

Couchbase

NoSQL DBMS with support for master-master replication, together with Couchbase
Lite, supports the synchronization of all receipts of the establishment if the Internet

connection is lost.

Couchbase Lite

The version of the Couch base that is stored on the client side. This database is part

of the Restik client application.

PostgreSQL Free object-relational database management system. Supports both relational
database paradigms and object-oriented approach.
Chargify Web application designed for automatic subscription management. It independently

monitors the subscription status, sends notifications and debits money from the client
(however, the function of debiting money does not work on the territory of the

Russian Federation)

Cloud payments

A web application designed for online payment on the territory of the Russian
Federation, with the help of this application, the owners of the establishments pay for

the subscription, and the clients of the establishments can pay for the online order.

44




Payment listener appeared due to the fact that Chargify does not support payments in Russia. Because

of this, the following sequence of actions is used (fig. 11) described in UML notation [43]. At the

moment when chargify detects that the user's subscription has expired, information about this is sent

to the payment listener, and information is sent to the backend that it is necessary to block the ability

to create new checks or an electronic menu for this client. Then the Payment listener sends a message

to cloud payments that the user needs to charge the money for the subscription. After confirming the

payment, information about the payment is recorded in the database, and a message is sent to chargify

that the subscription has been paid.
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Figure 11. Sequence of subscription payment

Now consider at the purpose of the sync service. Since one of the features of Restik is the ability to

create receipts without the Internet, it is necessary to somehow support this feature. This is done with
the couch base (Fig 12.).
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Figure 12.Database synchronization schema
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The couch base lite is installed on the client's device, which is a database that is stored on the client's
side. At the moment when a new receipt is created in the establishment, information about this is
recorded in the couch base lite on the client-side and at the expense of the replication master, the same
information is written in the couch base on the service side. When the receipt is closed the couch,
base writes the receipt to the database and deletes the receipt information on its side and on the client-

side.

Since the information about the receipt is stored in the database, the owner of the establishment can
access it from the web application, but this eliminates the need to store information about all receipts
on the client's side, only information about the currently open receipts is stored on the client's side.
Thus, if the establishment loses its Internet connection, the couch base lite still stores information
about all receipts that were opened during this period of time and deletes this information only after
it is synchronized with the couch base on the service side and receives a message stating that all

information has been successfully saved on the server.

4.2. Formulating requirements for data-driven environment

To describe the requirements for a data-driven environment, it is needed to understand how customers
interact with r application so that then find insights and improve the product based on those insights.
Customer's interaction with the app could be observed using metrics. In order to obtain these metrics,
it is necessary to compile a list of events on the basis of which the metrics will be calculated. To track
events, startup management need to understand at what point these events occur within the service
and with what technologies these events can be tracked. Thus, the list of questions that need an answer
looks like this:

1. What are the key metrics to track?

2. What events do these metrics display?

3. At what point in time do these events take place?

4. How to track these events?

In order to determine the metrics, define what is the main task for a startup. This startup is
commercial, which means that the main goal is to make money. A startup makes money with it. that
users pay for a subscription, then one of the metrics will be the number of payments by month. Since
the number of payments is a metric of growth, it is also necessary to choose a product metric that will
indicate how well the product converts the user into money. For a B2B startup, such a metric is the
conversion from registration to payment (conversion is the ratio of the number of users who
performed the target action to the total number of users), as well as LTV. Thus, the key metrics for a

startup will be:
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1. Conversion
2. Revenue
3.LTV

In addition to key metrics, it is also necessary to define additional metrics with which it will be

possible to judge the behavior of users in the product and, based on this, find new points of growth.

The additional metrics for this startup can be globally divided into 3 categories: finance, decisions,
and user behavior. Financial metrics include such indicators as the average income per client per
month, the average number of payments from one client (since a client can use several solutions, this
number may be more than one) and the conversion from site visit to payment. The solution category
includes metrics specific to each solution; for POS systems, this is the number of checks per
establishment, the average check of establishments, the total number of checks, and the total revenue
of establishments. For a delivery site - the number of delivery orders, the average bill for delivery
orders, the number of establishments with delivery orders. Customer behavior includes retention rate,

churn rate, conversion from site visit to registration, and the time from registration to payment.

All the metrics presented above take into account only users who have registered in the product,
however, for a complete understanding of how the product works, they are not enough, metrics are
also needed that will track exactly how the user comes to registration. To do this, we need to know
the marketing channel from which the user came and the conversion from this marketing channel.
This list of metrics can also be supplemented depending on the received insights, or when adding new

functionality to existing solutions.
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4.3. Defining events
After determining the required metrics, determine which events within the application will be used

as these metrics. To do this, draw up a use case [40] diagram of the 3 main actors of the product: the
manager of the establishment, the employees of the establishment and the clients of the establishment.

Start with the establishment manager (fig. 13):
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Figure 13 Entablement manager use cases

The manager (owner) can register an establishment, add a menu, new menu items and a warehouse
with components. In addition, using the web application, the manager can check the statistics of the
institution, create new employees and pay for a subscription. The manager can also create an
electronic menu or a delivery site; for each solution, payment is made separately. Using these actions,
we can calculate the conversion (number of unique payments / number of registrations), LTV (total
amount of all payments / number of unique users) and other metrics. The final list of all metrics with

the calculation method will be indicated below.
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Next consider the use case of an employee of the establishment (fig 14):
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Figure 14 Establishment staff use cases

Of the interested events, one can single out the closing of a receipt and the addition of loyalty
programs. Thus, it will be possible to find out how many checks were for the establishment, the

average amount of these checks, and also whether the loyalty program was applied.

The last remaining actor is a client of the establishment, the number of actions that he can perform is

relatively small (fig 15):
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Figure 15 Establishment client use cases
However, knowing this information, the average bill for delivery orders, the number of establishments

with orders, and the average number of orders for delivery could be measured.
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After analyzing all the events that occur within the application, draw up a final table with a list of
metrics and a method for calculating these metrics.In the calculation methods, aggregating functions
will be used, which will be further implemented by technical means, these are functions:
1. SUM () - calculates the general characteristics of a specific event (for example, the total
sum of all receipts)
2. COUNT () - counts the total number of certain events (for example, the number of checks)

3. UNIQ () - Counts a unique number of specific events.

Thus, knowing all the events and having the ability to apply various aggregated functions to them,

get the table 9 containing list of metrics with the calculation method:

Table 9 - Final list of metrics

Metric Counting method

Registration -> COUNT (Pay for subscription) / COUNT (Registration)

subscription payment

conversion

LTV SUM(Pay for subscription) / UNIQ(Pay for subscription)

Revenue SUM(Pay for subscription)

Churn rate month N UNIQ(Pay for suscription month N) / SUM(Pay for subscription
mont N-1)

Month revenue per SUM(Pay for subscription month N) / UNIQ(Pay for subscription
user month N)

Average amount of COUNT((Pay for subscription) / UNIQ(Pay for subscription)
payments per user

Web site -> UNIQ(Visit web site ) / COUNT(Registration)
registartion conversion

General amount of COUNT(Close receiprt)

receipts

Average amount of COUNT(Close receipt) / COUNT (Registrations)
receipts per
establishment
Average receipt price | SUM(Close receipt) / COUNT(Registrations)
per establishment
General establismnets | SUM(Close receipt)
receipts revenue
General amount of COUNT (Pay for delivery)
delivery orders
Amount of delivery COUNT (Pay for delivery) / COUNT (Registrations)
orders per
establishment
Average delivery order | SUM(Pay for delivery) / COUNT (Registrations)
price per establisment
Amount of UNIQ(Pay for delivery)
establishments with
delivery orders
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After determining the final list of metrics and methods for calculating them, it is necessary to choose

the technologies with which this will be implemented.

4.4. Defining technology stack
After defining the key metrics, it is necessary to choose the technologies with the help of which it

will be possible to collect and visualize data, on the basis of which the analytics will be conducted.
After studying the market, the following software products were selected.

4.4.1. Amplitude

Product analytic system that allows to track the behavior of a registered user within the product, the
system perceives any user interaction with the product as an "event", this event can have many
different characteristics, and the user himself has many different characteristics. As a result, using
this analytics system, it is possible to track the number of users who have performed a particular

action within the application, and what unites these users.

To integrate Amplitude into the product, there is an SDK that is embedded in the product code. Before
starting work, list of events with characteristics, as well as a list of user characteristics was created.

Based on the documentation, the following list of events and their characteristics was compiled:

Table 10 - Amplitude event taxonomy

Event Name Property
Name Value type Name Value type
Subscription Subcription integer Type "POS", "Delivery site",
Payment price "E-menu"
Receipt_closed | Receipt sum | integer Payment | "Card", "Cash", "Bonus", "Mixed"
type

Registration

Delivery_order | Delivery sum | integer Delivery | integer
position
amount

Online
showecase
created

Electronic
menu created

Card
Authorization

Inside the application, individual events, unique events, and also aggregate properties of events could

be counted. This application is used to regularly monitor metrics.
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4.4.2. Google Analytics
Analytics system that allows to track the interaction of any user (not only registered) with the

application’'s marketing website. Using this system, it becomes possible to trace the path from the site
visitor to registration in the application and paying for the subscription. Analyzing this data, it is
possible to understand at what stage users are eliminated, what prevents the user from becoming a
client, and which versions of the site are more successful. Within this system, it was decided to
perform a cohort analysis to calculate the marketing budget. Cohort analysis involves dividing all
users into a group according to some principle and then analyzing each individual group. In this case,
users were divided into groups based on the month in which the user first visited the website. Because

of this, it will be possible to correctly calculate the marketing budget.

Give an example of how this happens - inside google analytics, it is possible to determine the source
from which the user came to the site, as well as track the registration and payment of each individual
user. Further, all users are divided into cohorts. Within each cohort, we can count the number of users
who paid for the subscription and the total payment revenue. Next, consider the marketing budget for
each marketing channel and see how many users this channel brought. For example, 10,000 rubles
were spent on marketing on one of the channels, this channel brought 6 paying users, while on average
each user brings 1,000 rubles per month, which means that the advertising budget for this channel
will be recouped in 2 months (6 * 1000 * 2 = 12000 ). Based on this data, startup management can

direct the budget to the channels that are most effective in terms of the rate of return on investment.

Also, this application allows estimating the number of users who came to the site and their geography.
Together with amplitude, this allows to create end-to-end analytics and understand the entire path of
the user from visiting the site to paying for a subscription, analyze what difficulties the user faces at
each stage and take measures to reduce these difficulties.

4.4.3. Python

In addition to ready-made software products, the Python programming language was used for data
processing. Python was chosen since there are many libraries for data processing and visualization.
The following modules were used in this startup:

1. Pandas [44] is a library for working with data, which allows representing of data in the
form of tables (DataFrame), and convenient ways to interact with these tables (clear data,
perform additional calculations, filter data by a certain criterion, etc.)

2. NumPy [45] — a library for mathematical data processing. From time to time it was
necessary to calculate certain statistics. For mathematical processing, the NumPy library
was used, with the help of which it was possible to quickly calculate the statistical

reliability of the data obtained, build a theoretical and empirical distribution of a certain
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value and compare the difference, and other mathematical operations necessary to obtain
high-quality data on the basis of which conclusions can be made.

3. Dask [46] — a library similar to Pandas, but able to parallelize data processing on a
processor, as a result, for large amounts of data, a significant acceleration of processing
is achieved, compared to Pandas.

4. Matplotlib [47] - library for data visualization. In the course of the work, it became
necessary to create custom visualizations for which there are no templates in other data

visualization systems. For custom visualizations, it was decided to use Matoplotlib.

After defining the technology stack, measures were taken to introduce the necessary SDK inside the
application, as well as reorganized the business decision-making processes and introducing new
functionality into the application, then 2 cases will be considered, the realization of which became

possible thanks to a new approach to working with data.

4.5. Overview of the implemented solution

After the implementation and configuration of all technological solutions, the diagram of the startup

components began to look as shown in Figure 16.

At the backend level, scripts in the python language were added, with the help of which the necessary
information is processed and visualized. Google analytics was connected to the marketing site, and
the ability to send the necessary events to amplitude was added using the SDK. After setting the
amplitude, it became possible to create dashboards, for example (fig 17.), the created list of events
fully covers the necessary metrics defined in the defining key metrics section. For each solution (POS
system, delivery showcase, e-menu), separate dashboards were created on which the use of the
functionality was monitored. In addition, a financial dashboard was created, with information about
payments, conversions of interest and the calculation of historical LTV. Also, thanks to the functions
built into Amplitude, it became possible to calculate the retention rate and churn rate of users.
Ampliude is used as a product analytics system, with its help, startup management can determine

exactly how the product works, what value users find in it, and draw conclusions based on this.
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For marketing analytics, google analytics was used. In addition to displaying information

about the use of the marketing site using google analytics and google data studio, we

managed to create end-to-end analytics.
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Figure 17 Amplitude dashboard example

~ 12.3%

In google analytics, all users were divided into monthly cohorts. For each cohort, the display

of the traffic source, the number of registrations and the number of payments was configured

(fig 18).
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January:

Registarations:

Date_new / Peructpauus (Goal 3 Completions)
WCTOUHMK MK KaHan 012021 022021 032021 0...
yadirect / cpc _ 2 - 60
yandex / organic 12 1 1 14
(direct) / (none) 12 1 - 13
google / cpc 13 - - 13
google / organic 5 1 [
restik / menu 3 3
restik / delivery 3 3
restik-test / (not set) 2 2
app.clickup.com / refe. 1 1
O6WL Kl WTOr 114 6 1 121

) Average payments per
Amount of paying users: user:

47 3,57

Payments:

WCTOUHMK MMM KaHan 01.2021
(direct) / (none) 13
google / organic 3
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yadirect/ cpc

06w i uTor 16

Date_new / Onnata c cepeepa
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n 8 5 29
1 1 3

1 1

45 49 43 168

Payments by sourses

MCTOYHMK M.
(direct) / (none)

google / organic
yandex / organic

yadirect / cpc

Uniq_users »  CpejiHue onnarbl
39 346

8 3,63

1 3

1 1

Figure 18 Google analytics cohort example

Thus, an environment for data-driven management was created within the startup, examples

of decisions made using this environment will be discussed in the next chapter.
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5. EXAMPLES OF DATA-DRIVEN APPROACH USAGE

This chapter will explore the practical application of a data-driven management approach.
After setting up the infrastructure for data collection, Restick's management began to apply
this structure. This chapter will look at 4 cases of how a data-driven approach helped make

management decisions.

5.1. Case 1: Salesperson mistake that lead to new product positioning

At the time of this case, Restick did not yet have 3 separate solutions, there was only a POS

system with the ability to create an electronic menu and a delivery site.

This case began with a cohort analysis of conversions from registration to pay. From the
experience of past cohorts, we knew that on average, in the first month after registration, 20
% of registered users pay for a subscription, and then within 3 months this number decreases
to about 12 %. However, an oddity was noted in the behavior of the November cohort (Fig
19.):

Cohort 092020 102020 11.2020 122020 01.2021
September - 14, 6%

October - 18,3% 15,6%
Movember 20,4% 10, 6%

December 19, 7%

January
Figure 19 Cohorts conversion up to January

In the first month (November), the behavior of the cohort did not differ from the previous
cohorts, but then within 2 months the conversion dropped to 5.5 %. At the same time, at this
moment there were no significant changes in design and functionality, and the behavior of
the December cohort was similar to the behavior of the other cohorts. It was decided to
conduct a survey among customers who paid for a subscription in November, but stopped
paying for it in the following months, in addition to reasons such as “did not like the product”
and “the institution closed”, about 35 % of respondents said that the product “did not
implemented the functionality they need ”. Based on the results of the survey, the following

story emerged:
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In October, during the discussion of the further development of the startup, a proposal was
made to introduce new functionality. Further, user research was carried out, which showed
that the functionality was really in demand, but there were no announcements that it would
be implemented. However, a one of the salespersons who was attracting new customers in
November told customers during presentations that this functionality would soon be rolled
out. The introduction of the new function turned out to be a rather complicated process (this
is why there was initially no announcement that it would be added since no one could say

with certainty how long the implementation would take).

As a result, the function was added in mid-January (for this reason, the December cohort
remained at the level of average), but part of the customers who came in November left the
application without waiting for the required function. As a result, explanatory work was
carried out with the salesperson, and all customers who came in November were sent
notifications that the function was implemented, and a gift trial period for 2 weeks. As a

result, we got following conversions (fig.20):

Cohort 09.2020 102020 11.2020 122020 012021 022021 032021 042021
18,6% 16,5% 14,6% 11.0% 11,0%

September
October

November
December
January
February
March
April

Figure 20 Cohorts conversion up to April

Also, as a result of this event, it was decided to periodically attend sales meetings with
clients. At that time, the startup had 2 salespersons. When analyzing their negotiations with
clients, an interesting feature was revealed, the salesperson A when advertising a product,
mainly focused on functions common to all automation systems that would be easier to
perform with the help of a Restik (keeping checks, warehouse accounting, analytics), and
salesperson B mainly advertised specific functions that are poorly represented in competitors

creation of an electronic menu and a delivery site).

Based on this, the idea came up to conduct an experiment in order to understand which type
of positioning is better. For the experiment, it was decided to create A/ B test. In this test, a
control group of users is compared to a test group (or set of test groups) in which one or

more conditions are changed in order to find out how these changes affect the target. In this
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case, the test and control groups differed in the presentation that the salespeople showed
them. The experiment design is provided in Table 11:

Table 11 - Experement 1 design.

Hypothesis Restic's positioning from specific functionality point of view

in direct sales attracts customers better

What will be changed in | Test group: mainly specific functions will be described
product
Control group: mainly a general overview of the product will

be described

Test group New users, that attracted by salesperson

Key metrics Conversion from registration to payment in first and second
month

Effect Users from test group should have higher conversion than

control group

Action plan If test group conversion is higher start positioning from

specific functions point of view.

If conversion is the same, keep everything as it is (that means

that positioning is doesn’t matter for users)

If control group conversion is higher start positioning from
general product point of view.

Next, it was necessary to make the result comparable. To reduce the influence of other
factors, 2 presentation scripts were created. One focused on specific features, while the other
focused on the overall ease of use of the product. Further, each salesperson, when
communicating with a client, randomly selected one of the scripts and made a presentation
on it. In total, according to the results of the month, salespersons held 44 meetings, while the
group for which the presentation was conducted from the point of view of specific
functionality included 24 clients (let's call it group A), and the group for which the

presentation was conducted from the general point of view of the product included 20 clients
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(call it group B). From group A in the product 9 users registered and paid in the first month,
and from group B 3 users.

Accordingly, the conversion of group A was 9/24 = 0.375 or 37.5 %, and the conversion of
group B was 3/20 = 0.15 or 15 %. Now it is necessary to compare these 2 conversions to
understand whether we can, based on the collected data, assert that the conversion of group
A is higher than the conversion of group B, in other words, whether this difference is
statistically significant. In this context, “statistically significant” means whether the
difference between the conversions of the 2 groups can be explained by chance, if not, then
we believe that the difference is related to the changes we made in the presentation. It should
be noted that from the point of view of strict statistics, further calculations are not entirely
correct (for example, for a sample of less than 30, it is necessary to use not the normal
distribution, but the t-distribution [26]) and can be used only in the case of comparing the

conversions of 2 groups, however, for this task we can use the assumptions.

For further calculations, it is necessary to explain the difference between real conversion
and conversion rate [48]. The real conversion shows what percentage of the total population
of all establishments after registration will pay for the first month of subscription. In this
case, in order to find out the real conversion, it is necessary that all possible establishments
on the Earth (the general population) are registered in the product. Unfortunately, this is not
possible, so we cannot know the actual conversion, but we can estimate this conversion
based on a specific sample. After assessing the conversion, we need to understand how well
that rating describes the actual conversion. To do this, we can use the confidence interval. In
the context of a conversion, a confidence interval with a confidence level P is an interval
that, with a probability P, contains the actual value of the conversion. To calculate the

confidence interval, we will use formula (9):

X+ Zax*

)

B

[SIES}

Where:

X - mean of data values
o- standard deviation

n - sample size

Z — trust coefficient
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So, find all these values. In order to find Z coefficient we need set trust level (in this case
90% or 0,9) divide it by 2 and look through Z-score table [28]. In our case this coefficient
will be equal to 1,65.

Nest it is needed to calculate mean and standard deviation. We know the size of each of the
samples (24 and 20). The standard deviation is calculated by the formula (10) [28]:

o= /2—(";’?)2 (10)

Where

o- standard deviation

X - data values

X - mean of data values

n - sample size

The average of the data values is calculated using the formula [28]:

Xx

n

x = (1D
Where:

X - mean of data values

X - data values

n - sample size

To calculate the average, it is needed to understand what is the average in the sample. For
this case, take 0O if the user did not pay for the subscription after registration, and 1 if the user
paid for the subscription after registration. So, the average is essentially equal to the
conversion (9/24 = 0,375 in the case of group A and 3/20=0,15 in the case of group B).

calculate standard deviation. Put everything in the formula (10) we will get following result:

o o BT~ 0375)"2 o [ERE (e~ 015)"2
¢ 24 b 20

Depending if customer pay for subscription or not Xx and X, equal to 1 or 0. Standard
deviation of each of the groups is 0.047842 in the case of group A and 0.02851 in the case
of group B. Now we know all necessary values, so put them in the formula 9, for group A,

standart deviation will be calculated like:
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0.047842

0,375 £+ 1,65 *
V24
And for group B:
0,15+ 1,65 0.02851
) 4 ¥
V20

Obtained results is shown in table 12:

Table 12 - Confidence interval for 2 groups of users.

Group Confidence interval
Group A [0,359;0,391]
Group B [0,139;0,16]

These values are necessary in order to understand how the conversion rate relates to the
actual conversion. Consider Group A, for example, management needs to find out if the
conversion in Group A was above 35 %. Since 35 % (0.35) is less than the lower limit of the
confidence interval of group A, we can argue that with a 90 % probability, the actual
conversion of this group is higher than 35 %. But, if it is necessary to find out whether the
conversion rate in this group was higher than 37 %, it will not be possible to give an
unambiguous answer based on the available sample, since 37 % (0.37) lies in the confidence
interval. Thus, we have solved the problem of comparing the conversion of one group with
a constant, which is solved in the following way:
1. Calculate conversion rate based on a sample of users
2. Calculate the confidence interval that describes the actual conversion
3. If the interval contains a constant, then based on the collected data, the actual
conversion and the constant are indistinguishable. If the interval does not
contain a constant, then the real conversion significantly differs from the

constant.

The initial task was to compare the conversions of the 2 groups and see if the difference
between them is statistically significant. In order to solve this problem, reduce it to the
problem of comparison with a constant. Comparing 2 conversions with each other is
tantamount to comparing the difference of these conversions with 0. It should be noted that

in this case the standard deviations will be added to each other, and the conversions will be
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subtracted. Using this logic, we will get following formula (12):

nq n;

CL—Cyt+ 7+ \/Z(M —X1)? 4 (% — X2)? (12)

If the obtained confidence interval contains 0, then we can say that the difference in these
conversions is statistically insignificant, that is, it can be explained by chance, if the interval
does not contain 0, then we can say that the difference is statistically significant. In this case,

at the 90 % confidence level, the confidence interval of the difference in conversions is:

24(x, — 0,375)"2 . Y1=20(x — 0,15)72

n=1

24 20

)
0,375 — 0,15 + 1,65

Which is equal to [-0.44; -0.096]. This interval does not contain 0, that is, the difference
between 2 conversions is statistically significant. However, it should be noted that at 95 %
confidence level this interval is equal to [0.472; -0.024] and contains 0, but since 90 %
confidence level was initially chosen, we can argue that the difference in conversion between

the 2 groups is not due to chance, but a change in the approach to product presentation.

Later in this chapter, many problems of comparing conversions of 2 user groups will be
solved. To simplify the presentation, for each comparison, only the final result of calculating
will be displayed, the confidence interval calculated according to the algorithm indicated

above.

So, after all the calculations, we found out that in direct sales, focusing on specific
functionality increases the conversion from registration to payment. Thus, the original
hypothesis turned into a concrete fact. At the same time, at the end of the experiment, the
startup's management was just drawing up a new marketing strategy in order to increase the
CTR of advertising banners and the conversion from click to pay. A proposal was made to
use this fact when drawing up a new marketing strategy. Thus, a new hypothesis appeared -
"Using advertising banners with specific functionality will attract users better than

conventional banners."

Based on this hypothesis, an experiment displayed in table 13 was made. For the purity of

the experiment, 7000 ad impressions were purchased from one supplier. When loading an
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advertisement, users saw one of 2 variants of an advertising banner (a banner advertising
specific functions - functions, a banner advertising the system in general - general). For each
type of banner, the CTR and conversion from a click on the banner to registration were
calculated, the result is shown in Figure 21, for clarity, the step with displaying the banner
has been removed from the graph, since the CTR is in the region of 2-3 percent, and due to
economies of scale, the results poorly visible.

Table 13 - Experement 2 design.

Hypothesis Using “specific function” advertisement banners attract users

better

What will be changed in | Test group: Will see a banner advertising specific function
product

Control group: Will see banner advertising general functions

Test group Users who have been shown ads
Key metrics CTR, conversion from click to registration
Effect Users from test group should have higher key metrics than

control group

Action plan If test group key metrics is higher start buying only “specific

function” advertisement banners.

If conversion is the same, keep everything as it is (that means

that advertisement banner is doesn’t matter for users).

If control group conversion is higher start buying only

“specific function” advertisement banners.

The results of the experiment showed that the conversion of both impressions per click and
from click to registration for the “functions” version of banner is 2.57 % and 0.54 %,
respectively, and for the “general” version of banner 2.32 % and 0.41 %. Since to calculate
the statistical significance, it is necessary to compare conversions separately, the conversion
from click to registration was calculated, for the “functions” version it was 21 %, and for the

“general version” 17.6 %.

Despite the fact that the “functions” version of banners performed better than the “general”
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version, the confidence interval of these two groups for the impression-to-click conversion
was [-0.0097; 0.00466], and for the click-to-click conversion registration [-0.0822; 0.15163].
Both of these intervals contain 0, that is, the results are statistically insignificant, and with a

90 % probability are due to chance, and not to real changes.

The results were disappointing for the management of the startup, the hypothesis was not
confirmed, but this result still clarified the product model - in advertising banners, the

emphasis on specific functionality or general functionality does not matter.

At the same time, there was still the fact that in direct selling, such positioning affects the
conversion. A new hypothesis was put forward - "Focusing on specific functionality on a

marketing site, will increase conversion from site visit to registration.”

i

M

2,57%

Value

0,54%

. =

Farmar= T
ctions General INCTIONS

: ons General
Figure 21 Result of banners A/B testing

However, the question arose of how to test this hypothesis. The marketing site already had

information about the functions of creating an electronic menu and an online delivery site.

For verification, a risky step was taken to conduct a worsening A / B test. In this A/ B test,

the conditions of the test group are deliberately deteriorated, in order to test how this

deterioration will affect the targets, as a result, an experiment was made, shown in Table 14:

Table 14 - Experement 3 design.

Hypothesis Focusing on "specific functionality” on the marketing site will

increase conversion from site visit to registration.
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What will be Test group: Will see site version without description.
changed in

product Control group: Will see with description.

Test group New web site visitors.

Key metrics Conversion from visit to registration.

Effect Users from test group should have lower key metrics than control
group.

Action plan If test group key metrics is higher conduct further investigation

If conversion is the same, return previous version of website to every

user

If control group conversion is higher count hypothesis as correct.

It is important to understand that worsening A / B tests have limits of applicability, and the
results of such tests must be approached with extreme caution, however, in some cases, such

tests help to quickly test the hypothesis of interest.

For the experiment, 2 versions of the site were created, in the control group, under the
description of the POS system, the specific functions of Restick were indicated point by
point (the same as usual). The other was just a link to a POS system without specifying
functions. When users visited the site, they were redirected to one of the pages in a 50:50
ratio. In order to avoid repeated visits to the site, users were tracked through cookies. The
experimental sample included only users who did not have a cookie on the site. The test
results are shown in Figure 22. The conversion of the control group was 0.52 %, and the
conversion of the test group was 0.21 %. At the same time, the confidence interval was equal
to [-0.0056; -0.00043] at a confidence level of 90 %. The interval does not contain 0, which
means that the difference in conversions is statistically significant. As a result, after all the

experiments, the following facts were checked and confirmed:
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1. In direct selling, focusing on specific functionality increases registration-to-pay
conversions.

2. Banner ad content does not affect the conversion from click to registration in any
way.

3. The lack of a short description of specific functions lowers conversion.

100,00% 100,00%

Value

0,52%  0,21%

Control  Test | Control  Test
group  group | group  group
Figure 22 Results of degrading A/B test

By themselves, these facts could not give much, however, on their basis, it was decided to
conduct a survey among the owners of establishments and ask them to tell why they chose /
did not choose Restik. As a result of the interview, the following interesting fact emerged.
Most of the respondents chose the system according to the following principle - they either
saw the banner, or followed the link to the site, then scrolled the site in search of the
necessary functions of the automation system. If they could not find a description of a given
function, they continued to search other automation systems. This explains why the banner
conversion checker did not produce any results. At the sight of a banner, the owners of
establishments simply clicked on it, not really reading into the banner's content, the main

search took place precisely on the site itself.

Based on the data received, the management decided to change the positioning of the
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product. If earlier Restick was positioned as a simple and fast automation system for the
restaurant business, now the startup has begun to position itself as cloud solutions for various
tasks of the restaurant business. Further, the entire product was divided into 3 separate

solutions.

And the marketing site started showing each solution separately. Thus, due to the

salesperson’s mistake, Restik eventually came to a new positioning in the market.

5.2. Case 2: New monetization approach

After splitting the product into 3 separate solutions, all solutions were still available for the
price of 1 subscription. That is, by paying for a subscription, the user received all 3 solutions

and himself chose which one to use.

At this point, the initial investment began to come to an end, so management began to look
for new ways to monetize. One of the proposals was to take payment for each decision
separately. If earlier users using all 3 solutions paid 1000 rubles a month, now they would
have to pay 3000 rubles. At the same time, it was experimentally impossible to check how
this would affect the product, since this would require assigning different prices for different
users. Technically, such an experiment is possible, for example, for some new users to give
a 100 % discount on a solution, and not to give another one, but this would be dishonest to
users, and the results of such an experiment would be highly questionable. In any case, the
main reason for the impossibility of such an experiment was the decision of the startup

management, which categorically refused to experiment with subscription prices.

In this case, the effect can still be estimated, for this it is necessary to build a financial model
based on the data that is already available in the startup and understand how such a decision

can affect users.

To begin with, it was necessary to understand how many users use more than one solution,
for this a diagram was built in Figure 23. After the analysis, it turned out that 60 % of users
use only one of 3 solutions, that is, the planned change will not affect them in any way
(provided that that they would continue to use only one solution), another 36 % of users used

2 solutions and only 4 % of users used all 3 solutions.
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49%
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Figure 23 User groups intersections before new monetization approach

Based on the obtained distribution of the use of subscriptions, we will construct a financial
model [50]. To do this, assume that the app uses 100 users. In this case, the total monthly
revenue will be 100,000 rubles (100 users multiplied by the cost of a subscription of 1,000
rubles). Next, simulate a situation in which each subscription is paid separately, based on
the data from Figure 23, we get that for a month the revenue will be: 60 users with one
subscription * 1000 rubles + 36 users with 2 subscriptions * 2000 rubles + 4 users with 3
subscriptions * 300 rubles = 144,000 rubles.

The expected effect of withdrawing money for each subscription is that some users will stop
using the product. Let's calculate how many users must leave the product so that the revenue
in the case of a separate payment for each subscription is lower than the revenue from

payments for all subscriptions.

For users who only use one solution, essentially nothing will change, so let's say they stay
anyway. Let's change the number of subscribers using solutions 2 and 3, so that the total
amount becomes less than 100,000. For convenience, let's call users who use 1 solution -

group 1, 2 solutions - group 2, 3 solutions - group 3, as a result we get a table 15:

68



Table 15 - Subscription payment financial model

Group 1, | Group 1 Group 2, Group 2 Group 3, Group 3 Total
unit payment unit payment unit payment income
sum, rub sum, rub sum, rub
60 1000 13 2000 4 3000 98000
60 1000 15 2000 3 3000 99000
60 1000 16 2000 2 3000 98000
60 1000 18 2000 1 3000 99000
60 1000 19 2000 0 3000 98000

Now, in table 16, expressed in relative units what percentage of users from group 2 and
group 3 must leave the product so that the revenue becomes less than the revenue from a
single payment for all subscriptions.

Table 16 - Modeling the percentage of departed users

Group 2 Group 3
Case 1 64 % 0%
Case 2 58 % 25 %
Case 3 56 % 50 %
Case 4 50 % 75 %
Case 5 47 % 100 %

Thus, based on the current situation in the distribution of users, we can say that the decision
to introduce a separate payment for each subscription will be unsuccessful if after that more
than 64 % of users who pay for 2 subscriptions leave the product, or more than 58 % of users

who pay for 2 subscriptions and more than 25 % of users who pay for 3 subscriptions, etc.

Next, we will consider the revenue of users of each of the groups, since thanks to the
analytics system, we know the average number of checks and the average price of a check

for each of the groups, the result is shown in Table 17:
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Table 17 - Group income comparison

Group Average amount | Aberage receipt Total income
of receipts daily, | sum, rub daily, rub
unit

Group1l | 95,8 468,6 44892

Group 2 | 149,1 492,3 73402

Group 3 | 2234 513,4 114694

This table includes receipts from both the delivery site and the automation system
(representatives of groups 2 and 3 definitely have some of this). Now calculate what
percentage of the daily revenue is the subscription payment for each of the groups in the case
when the price is charged for all solutions (case 1) and for each solution separately (case 2).

The calculation results are presented in table 18:

Table 18 - Subscription cost as a percentage of daily income

Case 1 Case 2
Group 1 2,23 % 2,23 %
Group 2 1,36 % 2,12 %
Group 3 0,87 % 2,62 %

It should be borne in mind that this percentage is calculated from the daily revenue, and the
subscription is paid for a month. That is, in the case of 1, users from group 1 need to pay
2.23 % of the daily revenue to use Restik for one month, while users from group 3 in the
first case need to pay 0.87 % of the daily revenue once.

Based on the constructed models, the following conclusions can be drawn:
1. Unsubscribing for each technology solution will not pay off if more than 50 %
of users using 2 or 3 solutions leave after that.
2. When paying for a subscription for each product separately, the one-time

payment from the daily revenue for all users is leveled.

Based on these facts, the following decisions were made:
1. Warn all users in advance that subscription fees will change, in order to find out
the reaction, and to understand the potential churn if there were many emails
from customers with the desire to leave, to say that after the meeting, the

management decided not to introduce subscription fees.
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2. Provide all customers with calculations of how much, on average, a one-time

daily revenue will be spent on paying for a subscription.

In this case, it was experimentally impossible to test how the product would change after the
introduction of the new payment policy, but anyway, using the available data, a financial
model was created that helped the management understand what results would mean that the
decision was unsuccessful. The data-driven approach may not always give a clear answer to
what positively affects a startup and what is negative, but in any case, using this approach,
management can learn new information that can help in decision-making. These changes

were introduced in January 2021. The monthly churn of users is shown in the graph in Figure

24:
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Figure 24 Dormant users per month
This graph should be read as follows, for example 7.7 % in January means that 7.7 % of
users who paid in the previous month (December) canceled their subscription in January. As
expected, churn rates in February were higher than in the previous 2 months, as in January
there was still a rule of one payment for all solutions, and in February, establishment had to
pay for each solution separately, but then the churn rate dropped to a historic low. At the
same time, total revenue in March increased by 35 % compared to February. The worst
predictions regarding this solution did not come true, and a significant part of the users
remained in the product. In this case, the data-driven approach was not suggested specific
actions but was able to provide additional information about the product, on the basis of

which the decision was made to introduce a new method of monetization.
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5.3. Case 3: New marketing strategy
The next case considers choosing the optimal marketing channels in terms of return on funds

and creating a new marketing strategy.

After defining a new marketing strategy, the marketing costs in the startup's budget were
significantly increased, and the management wanted to evaluate the marketing channel for
acquisition. There was a need to understand how the spent funds attract new users. For this,
Google analytics, already integrated into the product, was used. An example of calculating
the effectiveness of marketing channels will be shown on a cohort that came in March. So,

in March, the metrics indicated in table 19 were obtained:

Table 19 - March cohort marketing channels

Sourse Registarations, | Payment, | Uniq
units units payment,
units
(direct)/organic 17 6 4
google/organic 21 4 3
yandex/organic 16 2 2
yadirect/cpc 14 5 4
mail.ru/refferal 9 1 1
google/cpc 11 3 3
inst_target/delivery video | 19 5 4
azis.ru/refferal 5 2 1
inst_target/emenu_video | 14 4 4
i.instagram.com/refferal 10 2 1
away.vk.com/refferal 9 1 1

The Uniq payment column shows how many unique payments were made from a particular
source, in other words, the uniq payments column shows the number of users who came
from the marketing channel, and the payments column shows how many payments were
made by users who came from this channel (these numbers may not coincide, as to how one

and the same user can buy several solutions, and pay for a subscription for each of them).

At the same time, if the sources say organic, this means organic traffic - users who went to
the site from regular search results, and not from paid advertisements [49]. Therefore, in
further calculations, organic sources will not be taken into account. Next, we need to

calculate how much it costs to attract each user to each of the channels, as well as how to
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quickly return the funds spent on the channel.

First, combine some of the channels, since, in fact, they are a single channel. For example,
advertising via Instagram d in this table has 3 manifestations (inst_target / delivery_video,
inst_target / emenu_video, i.instagram.com/refferal), while the payment is made for all 3
sources at once. When purchasing an ad, a few creatives are simply loaded and the desired
impression share of those creatives. Since in this task it is necessary to analyze marketing

channels, and not specific creatives, this operation can be done.

The task is to determine, based on the available data, an investment in which marketing
channel is most effective in terms of the rate of return of marketing costs and draw up a
predictive model that can be used to calculate the marketing budget for each of the channels.
To do this, for each of the channels, we calculate the following metrics [35]:

1. CAC - client acquisition cost, the cost of attracting one registered client, is
calculated by dividing the marketing channel budget by the number of registered
users.

2. Conversion from registration to payment - this conversion can be obtained by
dividing the number of registered users by the number of unique users who paid
for the subscription (in this case, the number of unique users is equal to the
number of unique payments).

3. Average payments per user - answers the question how many times, on average,
per month users pay for a subscription, calculated by dividing payments by
unique payments.

4. Average revenue per paying user (ARPPU) - shows how much revenue one
paying user will bring on average (that is, a user who made a conversion from
registration to payment)

5. Payback period — in how many months the funds invested in the channel will be

returned.

Dwell on the Payback period per user indicator in more detail. It is necessary to understand
how, knowing the conversion, the average number of payments, ARPPU, and the cost of
user acquisition, determine the return time to the marketing budget. Make calculations by
dividing the marketing budget by divided by the cost of acquisition, we will get the number

of registrations from the marketing channel. By multiplying registrations by conversion, we
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get the number of paying users. By multiplying the paying users by ARPPU, we get one
month's channel revenue. In order to find out the payback period of the channel, we need to
divide the marketing budget by revenue for one month. However, in calculating revenue for
one month, the marketing budget was already used, so bringing everything together in a

single formula, marketing budget will be reduced and as a result following formula (13) will
be obtained:

ARPPUx*Conv (1 3)
CAC

PP =
Where
PP — Payback period
ARPPU - Average revenue per paying user
Conv — Conversion from registration to payment

CAC - Client acquisition cost

Further, all metrics were calculated for each channel, the result is presented in Table 20. The
following conclusions were obtained from this table:
1. The yadirect source shows the shortest payback period and the largest conversion
from registration to payment.
2. The lowest cost of attracting from the source is mail.ru, but the payback period
of this source is the longest.
3. Sources google and inst target are relatively similar to each other, google have a
higher conversion, while inst target has a large profit per paying user.
4. a2is.ru has the highest acquisition cost and the second fastest return on
investment, but it should be borne in mind that the figures for this source are

obtained on the basis of only 1 paying user.

The data obtained is not entirely correct from the point of view of strict statistics, however,
based on it, we can make an approximate forecast of which marketing channels are most
effective in terms of return on funds.
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Table 20 - Model of payback period

yadirect | mail.ru | google | inst_target | a2is.ru
CAC, rub 714,3 555,6 |909,1 |930,2 1000,0

Conversion from 29 % 11 % 27% |21 % 20%
registration to
payment, percent

Average payments 1,25 1 1 1,22 2
per user

ARPPU, rub 1250 1000 1000 | 1222,2 2000
Payback period , 2,0 5,0 3,3 3,6 2,5
months

The results came as a surprise to the management of the startup, since before that the
marketing budget was distributed as follows:

1. Inst_target — 40 %

2. Google-35 %

3. Yadirect — 10 %

4. Mail.ru - 10 %

5. A2is.ru—5%

That is, 10 % of the budget was invested in the most efficient channel in terms of return on
funds, and 75 % of the budget was invested in channels with similar characteristics. Based
on the model obtained, the management revised the distribution of the budget for marketing
channels, and it was also decided to evaluate the channels on a monthly basis and invest the
budget in the most effective ones.

However, these are not all the insights that were obtained from the analysis of the
effectiveness of marketing channels. It was also unexpected that more than a third of users
came from organic channels. Based on this fact, it was decided to analyze what percentage
of registrations and payments fell on organic channels, and what percentage were paid
monthly. Since google analytics was only connected for 3 months at that time, the data was
also available for only 3 months. For each month, the conversion from registration to
payment was calculated, taking into account the division of marketing traffic into organic

and paid, the result is shown in Figure 25:
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Figure 25 Conversion with marketing channel segmentation
That is, on average, more than one third of the total number of users came not from paid
traffic, but from organic traffic. This fact puzzled the management, since it was assumed that
no more than 10 % of organic traffic comes to the product, and all budgets and the economy

were calculated based on this hypothesis.

Based on the results of this analytics, an interview with users was conducted, where the
question was asked about how exactly users came to the decision to choose our product. It
turned out that such a product as an automation system was chosen not just by an advertising
banner. Before choosing a system, all the owners of establishments, one way or another,
conducted a study and compared various systems with each other. To do this, they searched
websites and thematic forums for information about various automation systems. At the
same time, Restik rarely got into various review articles, however, due to the search history,
the owner fell into the target group for displaying an advertising banner Restik.

Here it is worth clarifying the peculiarity of the work of google analytics, when a user clicks
on a banner his cookie was remembered and on the basis of this a google id was assigned,
and then all site openings, registrations and payments from this google id were counted by
the system as coming from a paid channel. However, in reality, between the transition from
the paid channel and registration, there were many more site openings, and searches for other

automation systems.
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The usual user journey from the first contact with Restik to payment was as follows:
1. The user was looking for information about various payment automation

systems.

2. Because of this, the user was shown targeted ads from Restik.

3. The user clicked on the ad, and from that point on, google analytics assumed
the user came from a paid channel.

4. The user remembered that there is such a system as Restik, but after clicking
on the advertisement, he continued to search for other systems.

5. After their own analysis, some users chose Restik and registered in it, while
if the first contact with a user occurred through an advertising banner, such a

user was counted as coming from a paid channel.

At the same time, the management believed that users choose Restik, just like any other
product, that is, they see ads, go to the site, get acquainted with the product and download
it. Based on the data obtained, a new marketing strategy was proposed, one of the points of

which was to increase the number of mentions of Restik in various review articles.

Thus, the analysis of marketing channels not only helped to select the most effective
channels in terms of return on funds, but also to better understand the end user and change

the marketing strategy in accordance with this.

5.4. Case 4: Consequences of e-menu implementation.

The last case will describe how incorrect data analysis and unverified hypothesis ultimately
led to the creation of a solution that was spent on a lot of effort and money, but the result

was not at all what was expected.

It will be about introducing a function to create an electronic menu. At that time, Restik did
not yet have a data-driven management environment. And all the analytics was carried out
using direct queries to the database. Customer behavior was tracked by 2 queries, one
counted the total number of receipts from all customers, and the other the number of
registrations. And on the basis of this data, the results of the introduction of new features

were assessed.

In April 2020, one of the investors proposed to make the function of creating an electronic
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menu in the product (at that time, Restik had only a POS system and the ability to create a
delivery site). According to the investor, since the lockdown in Russia has ended, but the
trend towards contactlessness has remained, such an offer will definitely be in demand on
the market. From the point of view of a data-driven management approach, this is a
hypothesis that needs to be tested, but at that moment everyone simply believed the investor

and part of the team of programmers was transferred to the creation of an electronic menu.

The functionality was introduced at the end of May 2020. And the team was very pleased
with the results as the number of registrations and the number of checks in establishments
began to grow rapidly, on average every month the number of checks increased by 20
percentage points, and the number of registrations by 15 percentage points. The growth of
checks was associated with the introduction of the electronic menu function (this was also

an unconfirmed hypothesis).

More and more efforts of programmers were directed to finalizing and improving the
electronic menu, this task had the highest priority in the backlog, but in October-November
the number of checks fell sharply, as shown in Figure 26. This drop was associated with the
second wave of COVID-19, while itself the e-menu creation function was still considered
one of the main drivers for increasing registrations in the product, so its development was
still extremely active. It was assumed that after the end of the lockdown, establishments will

continue to register in the same volumes as in the summer of 2020.

After connecting analytics systems and creating an environment for data-driven
management, this case was also analyzed. Since by this moment the e-menu was already a
separate solution, it became possible to find out what share of the revenue each solution
brings. The result was very unexpected for the management - 10 % of the total revenue for
the month came from the e-menu, and 45 % of the revenue came from the delivery site and
POS. This fact did not in any way correlate with the management's confidence that e-menu

is the main driver of registrations.
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A detailed study was carried out on what caused the growth in the summer of 2020, as a
result, the following facts became clear:

1. In the summer of 2020, the holiday season began in Crimea, in this regard, many
seasonal establishments were opened that registered with Restik (in the summer
months, establishments from Crimea accounted for about 60 % of all
registrations and payments).

2. Seasonal establishments closed at the end of September 2020, and all customers

who came from Crimea left the product.

At the same time, the beginning of the season in Crimea coincided with the release of the e-
menu, and the end of the season with the beginning of the second wave of COVID-19. Thus,
for management, changes in the product were driven only by internal factors, when in fact
external factors influenced it. As a result, 7 months of programmers’ work were spent on the
function that brings 10 % of the revenue, while everyone thought that this was the right
approach, since the hypotheses of the startup management coincided with the data. But this
is the danger of hypotheses, even if the hypothesis is consistent with the data, it still needs
to be tested, since the real reason may be completely different.

If the data-driven approach had been implemented earlier, the team could have run an
experiment back in June to see if growth is really driven by the e-menu, and see that growth

is actually driven by another factor. This would save many hours of programming and

79



marketing team work.

However, even this unsuccessful case gave an important lesson to the entire startup team -
even if everything goes as planned, it is necessary to confirm all the hypotheses from which

the product is built, which is one of the principles of data-driven decision making - to trust

facts, not hypotheses.
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6. CONCLUSION AND DISCUSSION

The objective of the study was to understand what a data-driven approach is, how this
approach can be applied in a B2b startup developing an application, and what is the effect
of applying the approach. The research results were achieved by performing the following
tasks:
1. Analysis of the current state of the European start-up market and the startup life
cycle.
2. Analysis of principles, processes and methods of data-driven decision-making
approach.
3. Compiling a list of possible metrics and technologies for a B2B startup.
4. Creation of a data-driven environment in the analyzed startup.

5. Application of the approach based on the example of specific cases.

The main research methods were:
1. Basic general scientific methods.
2. Case analysis.
3. Literature review.

4. Financial modeling.

Research work also has the following limitations:

1. The thesis considers startups that creating apps on B2B market.

2. Data-driven decision-making approach is not a standardized framework, the
description of the approach in this thesis is a consequence of the analysis of cases
and literature and does not pretend to be an industry standard.

3. This work is not a guide to action, but only describes the approach and in practice
shows how this approach can be applied.

At the beginning of this work, an analysis of the European start-up market was carried out,
and an approximate life cycle of a startup was described. Next, various cases of applying the
data-based decision-making approach were considered and, based on the analysis of these
cases, 3 principles of data-driven-decision making were taken away:

1. Trust fact, not hypothesis.

2. Compare the Comparable.

3. You are interacting with the product model, not the product.
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Based on these principles, a data-driven decision-making process and methods were
developed and described. which can be used to implement this process.

These methods are experiment, data manipulation, statistical approach, and user research.
To track the results obtained using the approach, a list of possible metrics for a B2B startup
was compiled and classified. Metrics can refer to growth metrics or product metrics:

1. Growth metrics - show the current state of the business

2. Product metrics - show how well a product is performing its task.

Also, metrics can be divided into the following 4 categories, depending on the tasks for
which they are used:

1. Behavioral

2. Financial

3. Feature-based

4. Custom

Also, technologies that allow using the Data-driven decision-making approach was

considered.

Then a practical example of using the data-driven approach was provided. For this, a diagram
of the components of the analyzed startup was described, then, based on the use cases, a list
of necessary metrics was compiled, the main metrics for this startup are:

1.LTV

2. Revenue

3. Conversion rate

In addition to these metrics, were also chosen metrics that track user behavior within the
startup and marketing effectiveness. Then technologies were selected - Google analytics for
tracking marketing channels, Amplitude for tracking user behavior within the product, as
well as various scripts written in Python, all the selected technologies were implemented in

the startup.
Further, 4 cases of applying the approach were considered:

In the first case, using cohort analysis and testing hypotheses with an experiment, a new way
of positioning a product was created, which consisted of dividing the product into 3 separate

solutions, and then promoting each of these solutions.
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In the second case, a financial model was created, with the help of which a decision was
made on a new approach to monetization, which helped to increase revenue, while not

requiring additional marketing costs.

In the third case, based on the analysis of marketing sources, a new way of distributing the
marketing budget was created, and the general marketing strategy was also adjusted. The
startup's management began to better understand users and refined the product model they

were interacting with.

In the fourth case, an example of a failed decision was made based on an unverified
hypothesis. At the same time, initially everything looked as if all hypotheses were confirmed
by the data, although in fact there were completely different events that misled the
management, and as a result, a significant amount of time and effort was spent on a decision

that brings relatively little revenue

As a result, the key metrics of the product were improved, and the product itself reached a
break-even point. Thus, we can say that when applied correctly, the data-driven decision-
making approach helps to increase the likelihood that the consequences of the decisions
made will be expected. This, in turn, helps to reduce the uncertainty within which the startup
operates. And this is probably the main task of the data-driven decision-making approach -
to reduce uncertainty and provide information about which development strategy for a

startup is most likely to lead it to success.
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7. SUMMARY

In this paper, a data-driven approach to startup management was investigated. In order to
investigate the approach, various cases were analyzed and the principles of the approach
were derived from them. Then, the methods and tools of the approach were highlighted.
These methods and tools were then implemented in a real startup using specific software

solutions.

In the case of the studied startup, the approach helped the management to identify the
positioning weaknesses, find new points of growth and attract users. However, this was
achieved because of careful preparatory work. To implement the approach, not only some
business processes had to be redesigned, but also new services had to be added to the
application architecture.

It is important to remember that the approach does not guarantee that the decision will be
successful, it helps to understand the probability that a particular decision will lead to the
consequences that are expected from it. In order to implement the approach, the initial
product hypothesis of the startup must be correct as well, otherwise no approach will help

the startup become successful.

On the one hand, the approach is very flexible and can be applied in many different
industries, but on the other hand, because of this flexibility, the approach cannot be
standardized. In each individual case, the approach has to be adapted to the specific case.
However, if the product hypothesis is correctly defined and all the preparatory work to
implement the approach is done, most likely the data-driven decision-making approach will

help startup managers to make the right decisions, so that the startup can grow and develop.
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